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Abstract
An understanding of the urban local  potential (roof space and solar exposure) is critical for utility 

planning, accommodating grid capacity, deploying financing schemes and formulating future adaptive 

policies to take advantage of PV technology's continued price declines. This thesis provides a sequence 

of methodologies to acquire and pre-process data and access solar PV potential from i) a regional scale, 

ii) a municipal scale and iii) a municipal district unit. This research explores and confirms the 

robustness and versatility of the r.sun module within the open source Geographic Resources Analysis 

Support System (GRASS) for the purpose of solar irradiation modeling at different levels of surface 

complexity. At the regional scale, the fourteen counties in southeastern Ontario that served as a case 

study was found to possess over 935,000 acres appropriate for solar farm development, which could 

provide 90 GW of PV. At the municipal scale, another methodology was developed to provide urban 

solar PV resource assessments, which is widely applicable throughout the world. The results of the case 

study indicate that utilities needing to plan for large scale solar electric generation in urban areas can 

make a rule of thumb estimate. In the absence of advanced computational expertise and high quality 

remotely sensed data, 30% of the projected area of roofprints can be used as a first pass estimation of 

the available area for PV installation. Finally, for  the municipal district unit, a separate workflow that 

attains a 95% accurate segmentation from raw and randomly chosen Light Detection And Ranging 

(LiDAR) data was demonstrated. The solar PV resource assessment on this scale returned 22,000m2 of 

roof area out of a two dimensional extent of approximately 40,000m2 in building coverage as suitable 

for the purpose of solar PV installations. With higher integration of urban texture, it was found that the 

global horizontal irradiation is lower than the regional scale by 30% due to near shadowing effects in 

downtown Kingston. The three methodologies presented here at three scales provide the foundation to 

enable automated analysis of solar PV potential and planning for any given region with marginal 

i



LiDAR data. 

Keywords

GIS, shading, solar photovoltaic, global horizontal irradiation, r.sun. Light Detection and Ranging

ii



Co-Authorship
The idea of (i) developing a pyramidal process for irradiation simulation for different scales of surface 

data; (ii) building it around an open source software and (iii) integrating shading loss of PV systems 

from near objects at the municipal district unit was entirely the product of the main researcher. 

However such idea was inspired and encouraged by Dr. Joshua M. Pearce and further demonstrated 

necessary by the study sponsored by Utilities Kingston. 

The derivation of urban surface data however was guided and monitored by Robin Harrap (Department 

of Geological Engineering, Queen's University) and Dr. Gerald Barber (Department of Geography, 

Queen's University). The main researcher's job was to choose the components that are most suitable for 

the time, budget, available data and expertise. The code modification was also the sole work of the 

main author. 

Behind all the writing is the dedicated editing of Dr. Joshua M. Pearce.

iii



Acknowledgments

I would like to take this opportunity to thank the following for their support during my Master of 
Science study in general and during the thesis period in particular.

I thank my supervisor Dr. Joshua M. Pearce for his understanding, flexibility and generosity. He has 
shown me what it is like to have an excellent role model and supervisor. He has always been there to 
give me advice on how to best develop and present my ideas. He has always supported me even when I 
go astray from what he thinks best. His constant enthusiasm and energy directed towards the academic 
welfare of his students and towards the subject matter in research is incredibly admirable.

The thesis would not be made possible without helpful discussions with Rob Harrap, Greg McQuat and 
Andrew Wolf. Data and useful feedback on electrical grid system information of Kingston were kindly 
provided by Stephen Sottile, Tom Brakenbury, Meghana Mukerji and Shawn Healey. I would like to 
thank Joe deGroot and staff at Queen's Physical Plant Services for allowing me access to and 
information on Queen's Campus Building blueprints. I would like to acknowledge support from the 
Natural Sciences and Engineering Research Council of Canada, MITACS and GEOIDE/NCE. 

I am indebted to Dr. Joshua M. Pearce, Ali Moallem and Junlin Yuan, who have always expressed their 
confidence and belief in my abilities and future accomplishments. Their faith in me far exceeds what I 
could ever credit myself.

I also thank my fellow students in the Applied Sustainability Lab and at Queen's University for their 
invaluable opinions and inspiration, for which my time spent at Queen's University has been a great 
chapter in my life. 

Finally I dedicate this thesis to my mother, who is behind all my success, then, now and in the future. 
My heartfelt gratitude also goes to Mr. Pham Cuong and Mr. Pham Ngoc Tu, who have been 
instrumental in every direction of my career and the rest of my family. 

iv



Contents

Abstract           i

Co-Authorship                                                                                                                                        iii

Acknowledgments                 iv

List of Tables        viii

List of Figures          ix

List of Acronyms          xi

Chapter 1: Introduction
1.1 Motivation and problem statement..........................................................................................1
1.2 Research identification.............................................................................................................3

1.2.1 Research objectives.........................................................................................................3
1.2.2 Research questions..........................................................................................................3
1.2.3 Innovation aims...............................................................................................................4

1.3 Methods adopted......................................................................................................................4
1.4 Structure of the thesis...............................................................................................................6
References......................................................................................................................................7

Chapter 2: Estimating Potential Photovoltaic Yield With r.sun And The Open Source  
Geographical Resources Analysis Support System
2.1 Introduction..............................................................................................................................9
2.2 Background............................................................................................................................11
2.3 Method.................................................................................................................................. 13

2.3.1 Pre-simulation...............................................................................................................15
2.3.2 Simulation.....................................................................................................................21
2.3.3 Post-simulation..............................................................................................................22

2.4 Results and Discussion...........................................................................................................24
2.5 Conclusions............................................................................................................................33
References....................................................................................................................................34

Chapter 3: Towards Automated Quantification Of Solar Photovoltaic Potential In Large Urban 
Areas For City-based Electric Utility Planning
3.1 Introduction............................................................................................................................39
3.2 Methodology..........................................................................................................................40
3.3 Case study analysis................................................................................................................41

3.3.1 Rooftop extraction........................................................................................................41
3.3.2 Service parcel and territory matching...........................................................................42

v



3.3.3 Photovoltaic energy conversion simulations.................................................................42
3.4 Results....................................................................................................................................42

3.4.1 Roof space calculation..................................................................................................42
3.4.2 PV yield and system size...............................................................................................43
3.4.3 Sensitivity analysis on panel efficiency........................................................................44

3.5 Discussion and Future work...................................................................................................47
3.6 Conclusions............................................................................................................................50
References....................................................................................................................................50

Chapter 4: The Application Of LiDAR To Assessment Of Rooftop Solar Photovoltaic Deployment 
On A Municipal District Unit
4.1 Introduction............................................................................................................................54
4.2 Background............................................................................................................................55

4.2.1 LiDAR and the city scape.............................................................................................59
4.2.2 Building detection.........................................................................................................61
4.2.3 Building segmentation..................................................................................................63
4.2.4 Building reconstruction.................................................................................................68

4.3 Methodology..........................................................................................................................68
4.3.1 Buffering the roof points...............................................................................................76
4.3.2 Elevation cutoff.............................................................................................................77
4.3.3 Individual sub-cloud processing. Tree and noise detection..........................................78
4.3.4 Roof fitting....................................................................................................................79
4.3.5 Tree handling.................................................................................................................81
4.3.6 Digital Urban Model (DSM).........................................................................................81

4.4 Results....................................................................................................................................81
4.4.1 Buffering size determination.........................................................................................81
4.4.2 Elevation cutoff.............................................................................................................84
4.4.3 Point cloud statistical analysis......................................................................................87

4.5 Error analysis.........................................................................................................................88
4.6 Discussion and Future work...................................................................................................90
4.7 Conclusions............................................................................................................................93
References....................................................................................................................................94

Chapter 5: Incorporating Shading Losses In Solar Photovoltaic Potential Assessment At The 
Municipal Scale 
5.1 Introduction..........................................................................................................................103
5.2 Background and related works.............................................................................................104

5.2.1 Calculation of the solar vector....................................................................................105
5.2.2 Large scale solar irradiation simulation......................................................................107
5.2.3 Shading algorithms.....................................................................................................107
5.2.4 Site data derivation from LiDAR................................................................................111
5.2.5 Sky view factor............................................................................................................112

5.3 Methodology.........................................................................................................................113
5.3.1 The choice of site........................................................................................................113
5.3.2 r.sun.............................................................................................................................119
5.3.3 Insolation.....................................................................................................................119
5.3.4 Shading behavior.........................................................................................................120

vi



5.4 Results..................................................................................................................................122
5.4.1 Sky view factor (SVF)................................................................................................122
5.4.2 Shading simulation with Hillshade.............................................................................124
5.4.3 Yearly yield.................................................................................................................125
5.4.4 Selection of good roof sections for PV installation....................................................131

5.5 Discussions and Future works.............................................................................................137
5.5.1 Performance comparisons with existing packages..................................................... 138
5.5.2 Simulate tree growth...................................................................................................139
5.5.3 Interpolation of Linke turbidity for daily values.........................................................139
5.5.4 Sensitivity analysis on rpv and rroof...............................................................................140

5.6 Conclusions..........................................................................................................................140
References..................................................................................................................................141

Chapter 6: General Discussion
6.1 A pyramidal process of insolation simulation......................................................................146
6.2 Contributions to solar resource assessment.........................................................................149
6.3 Contributions to (urban) electricity management................................................................151
6.4 Further applications in environmental research...................................................................152
6.5 Implications on policies and legislation...............................................................................153
References..................................................................................................................................155

Chapter 7: Summary And Conclusions
7.1 What has been done.............................................................................................................157
7.2 Conclusions..........................................................................................................................158
7.3 Recommendations................................................................................................................160

Appendix A Screenshots To Illustrate The Segmentation And Reconstruction Of Urban 
Structures From LiDAR..........................................................................................................162

Appendix B Matlab Scripts For Single Value Decomposition And Random Sample Consensus.167

Appendix C Irradiation Loss By Shading For January Through December.................................171

vii



List of Tables

Table 1.1: Methods adopted
Table 3.1: Baseline areas for different system sizes and technologies
Table 3.2: Total projected area of flat roof by system size and technology
Table 3.3: Total projected area of tilted roof by system size and technology 
Table 3.4: The summary of the effect of efficiency on MW yield for the individual feeder. 
Table 4.1: Buffer size selection based on point counts
Table 4.2: Misclassification matrix by point counts
Table 4.3: Assessment of 1.5m cutoff based on point counts
Table 4.4: Assessment of 3.5m cutoff based on point counts
Table 4.5: Error in small houses in terms of the number of misclassified points
Table 4.6: Error in large houses in terms of the number of misclassified points
Table 5.1: Input parameters for monthly simulations
Table 5.2: Trade-offs of simulation options
Table 6.1: Summary of required data, procedures for simulation and post-simulation and results for  

     Level 1 (regional scale) assessment
Table 6.2: Summary of required data, procedures for simulation and post-simulation and results for  

     Level 2 (municipal scale) assessment
Table 6.3: Summary of required data, procedures for simulation and post-simulation and results for   

     Level 3 (block scale) assessment

viii



List of Figures

Fig.1.1 : A screenshot of ArcGIS in operation
Fig.1.2 : An example screenshot of GRASS 6.3.0 in operation
Fig.2.1 : Work flow of the data acquisition and preparation process. Dash arrows indicate steps 

              with multiple processes.
Fig.2.2 : The work flow that establishes the extraction process for available land with good slope 

  potential for new solar farms
Fig.2.3 : Work flow to calculate potential PV yield for the solar farms
Fig.2.4 : The mean difference between Linke turbidity interpolated with v.srf.rst and that with 

              ArcMap (solid line) and standard deviation (dot and dashed) are both shown on the  
              primary y axis; maximum and minimum difference between simulated clear sky GHI  
              using either method (dash line) on the secondary y axis.

Fig.2.5 : The minimum and maximum ranges of mean daily global horizontal irradiation (solid  
              line) on the primary y axis and sky clearness index (dashed line) for each of month of  
              the year on the secondary y axis.

Fig.2.6 : The annual daily mean horizontal irradiation of the Renewable Energy Region of   
              Southeastern Ontario.

Fig.2.7 : Potential solar farm land.
Fig.3.1 : Service area of an individual feeder (104) shaded light grey and overlaid with the aerial 

              photos and third-level outline scheme (in pale white line)
Fig.3.2 : Nominal power per m2 for different panel efficiencies and technologies.
Fig 4.1 : The case study area, a portion of Kingston, Ontario and in particular the Princess  

              Street downtown corridor. The chosen buildings are delineated with emboldened black 
  lines and grayed over.

Fig.4.2a : Classification of LiDAR points by the objects they corresponds to (in ArcGIS 9.3)
Fig.4.2b : Roof segregation was done using Matlab, followed by the interpolation and     

              rasterization in ArcGIS
Fig.4.2c : Final scene construction (in ArcGIS) and irradiance modeling (in GRASS)
Fig.4.3 : A vertical cut of the city, showing the vertical extent of the rings, the buffer and the   

             elevation cutoff
Fig.4.4 : Ring extent 
Fig.4.5 : Using 1.5m as cutoff for small houses
Fig.4.6 : Using 3.5m as cutoff for small houses
Fig.4.7 : Using 3.5m as cutoff on large houses
Fig.4.8 : Error analysis of angles for reconstructed selected roofs on Queen's Main campus
Fig.4.9 : The optimal PV panel angle for Kingston and the sensitivity regarding tilt (in the   

              context of shading) and PV output.
Fig.5.1 : Site selection
Fig.5.2a : Classification of LiDAR points by the objects they corresponds to (in ArcGIS 9.3)
Fig.5.2b : Roof segregation was done using Matlab, followed by the interpolation and   

              rasterization in ArcGIS
Fig.5.2c : Final scene construction (in ArcGIS) and irradiance modeling (in GRASS)
Fig.5.3 : Sky View Factor. Taller and flat building appear to have the biggest SVF i.e. total open 

ix



   view to the sky while the adjacent ground and lower, smaller buildings do not, hence a  
  lower SVF or a darker tone.

Fig.5.4a : Original photo takes of Clark Hall at 11.46am August 17, 2010. The position from  
             which the photo was taken was ovaled. Shading extent is pointed out between the 
             original photo and the inset simulated result. 

Fig.5.4b : Original photo taken of Clark Hall at 2.40pm August 17, 2010. The important  
              agreement between the original photo and the simulated result is that shadow has not  
              extended over the steps down to the biking lane (to the left of the original photo)

Fig.5.5 : Annual daily irradiation on roof top for a simulation at 90m resolution
Fig.5.6 : Annual daily irradiation on roof top for a simulation at 0.55m resolution
Fig.5.7 : Annual daily insolation on buildings for 90m and 0.55m resolutions
Fig.5.8 : Monthly average daily insolation for 90m and 0.55m resolutions
Fig.5.9 : Monthly irradiation losses in absolute and relative terms
Fig.5.10a : Irradiation loss in the months from January through April
Fig.5.10b : Irradiation loss in the months from May through August
Fig.5.10c : Irradiation loss in the months from September through December
Fig.5.11 : Roof sections most suitable for installing PV panels
Fig.6.1 : The pyramidal process for insolation simulation
Fig.A1 : Nicol Hall in the real world, viewed in ArcGIS
Fig.A2 : Nicol Hall in the LiDAR world: the color ratings represents heights of the points with 

              the lower range being green and the higher range being red
Fig.A3 : The original elevation histogram for Nicol Hall
Fig.A4 : A zoom in of the first histogram region (lower than 15m) shows the horizontal part of  

             Nicol Hall
Fig.A5 : The removal of roof obstacles (highlighted) for the horizontal part of Nicol Hall
Fig.A6 : A zoom in look of the gabled structure (front) of Nicol Hall
Fig.A7 : Output from RANSAC the main faces for the gabled structure (front) of Nicol Hall are 

  visualized with different colors indicating different faces
Fig.A8 : Raw data (green and red dots for upper lying and lower lying respectively) against 

              fitted data (black grid) for one face of Nicol Hall's gabled roof (in Matlab)
Fig.C1 : Irradiation loss by shading in January
Fig.C2 : Irradiation loss by shading in February
Fig.C3 : Irradiation loss by shading in March
Fig.C4 : Irradiation loss by shading in April
Fig.C5 : Irradiation loss by shading in May
Fig.C6 : Irradiation loss by shading in June
Fig.C7 : Irradiation loss by shading in July
Fig.C8 : Irradiation loss by shading in August
Fig.C9 : Irradiation loss by shading in September
Fig.C10 : Irradiation loss by shading in October
Fig.C11 : Irradiation loss by shading in November
Fig.C12 : Irradiation loss by shading in December

x



List of Acronyms

ALS : Airborne Laser Scanning
DEM : Digital Elevation Model
DSM : Digital Surface Model
DTM : Digital Terrain Model
DSM : Digital Surface Model
FIT : Feed-in Tariff
GHI : Global Horizontal Irradiation
GIS : Geographical Information System
GRASS : Geographical Resources Analysis Support System
LiDAR : Light Detection And Ranging
NAD : North American Datum
PV : Photovoltaic
RANSAC : Random Sample Consensus
SoDa : Solar Radiation Data
SSE : Surface Solar Energy
SVD : Single Value Decomposition
SVF : Sky View Factor
TIN : Triangulated Irregular Network

xi



Chapter 1
Introduction

1.1. Motivation and problem statement

Half of the global population now lives in urban settlements which collectively consume three 

quarters of global resources. With forecasts that this urban population will increase to three quarters of 

the global population by 2050 (United Nations 2004) it is imperative to understand how to manage 

energy consumption of urban communities and cater to that need (Lewis, 2008; Kampf & Robinson, 

2010). Meanwhile energy from sunlight that strikes Earth in 1 hour (4.3x1020J) accounts for more than 

80%  of the energy consumed by humans in 2007 (5.2x1020J) (Department of Energy 2005, Energy 

Information Administration 2010). In fact, the solar energy resource dwarfs all other renewable and 

fossil-based energy resources combined (Goldemberg & Johansson, 2004). The uptake of solar 

photovoltaic (PV) technology that converts sunlight directly into electricity promises to be part of the 

solution to the energy challenge of modern society in the 21st century (Pearce, 2002; DOE, 2005; 

Nocera, 2010). 

The use of PV is known to reduce electricity demands for heating and artificial lighting and 

with the adequate equipment it can also contribute to the provision of heating, ventilation and air 

conditioning (HVAC) and hot water (Kampf et al., 2010). The additional socio-economic (quality of 

life, job creation, energy security, financial returns, industrial competitiveness) and environmental 

benefits (low to no direct emissions, sustainability), that solar PV is known to offer (Pearce, 2002; 

Hoffman, 2006; Branker & Pearce, 2010) and the current energy landscape of rising oil prices, 

staggering energy consumption (EIA, 2010) and controversies surrounding other forms of fossil and 

non-fossil fuels (nuclear, hydro) provide an even more pressing setting to the development and 
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expansion of this form of energy. It comes as no surprise that in recent years, diverse new technologies 

and legislative opportunities have been developed to undertake solar potential analyses and mobilize 

the solar potentials identified. Contributions spring up in all aspects of the field: materials (Lewis 2008, 

DOE 2005, Nocera 2010), irradiation data acquisition from satellite and from real time operation (e.g. 

Rigollier et al., 2004; NREL 2008; Zarzalejo et al., 2009; Martin et al., 2010), solar exposure and 

availability simulation (e.g. Marion & George, 2001; Suri et al., 2007; McKenney et al., 2008; Nguyen 

& Pearce, 2010); system design and architectural applications (e.g. Teller & Aazar, 2001; Capeluto 

2010; Kampf et al., 2010), policies and legislation (e.g. Rowlands 2005; Cory et al., 2009; Luthi 2010) 

and potential to further research in climate and climate change mitigation (Grimmond et al., 

forthcoming), to name but a few. However, each subfield acts and develops separately and are often 

unaware of each other (Jochem et al., 2009). On one hand they have not matured on their own (e.g. the 

derivation of surface data from remote sensing for irradiation simulation purposes). On the other hand, 

there is no overarching system to situate the development of the subfields. There are potential 

combinations of and channels for communications between the concerned agents that would improve 

PV performance and deployment: architecture, climatologist, computer programmer, urban planner, 

utilities operator, legislators and the PV industry. This lack of integration in the subfield is a barrier 

against the maturity of the technology as a scalable, reasonably priced, clean and innovative alternative 

to replace fossil fuels. 

This research aims at connecting several blocks of expertise in solar PV deployment (remote 

sensing, computer vision, irradiation modeling and simulation, solar PV system engineering) and 

working out the scalability and the rules of thumb to go from a macro scale to meso scale to micro 

scale while pointing out room for development in each subfield. 
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1.2. Research identification

1.2.1. Research objectives

The overall aim of this research is to establish a methodology for solar photovoltaic resource 

assessment with high adaptability to any size of region (several counties, a city, a block of buildings), 

to the more accessible forms of data that are publicly available and to a wide variety of users 

(homeowners, utility companies, government agencies, PV system engineers and developers) with a 

variety of levels and familiarity to technologies. Specific objectives are:

• To assess the feasibility and the performance of using an open source module r.sun on a macro 

scale and on a meso scale;

• To prepare a guideline for data preparation steps for each level of detail (DEM, DUSM);

• To prepare a guideline for selecting suitable areas for the purpose of installing ground mounted 

and roof mounted PV systems

1.2.2. Research questions

The research questions to be addressed in the research are:

• Given a particular scale (macro/ meso/ micro) what is the appropriate and more user-friendly 

methodology for solar PV resource assessment? 

• Given a particular state of data availability and quality: flawed aerial photos OR raw laser 

scanning data and/ or building roofprints, how can surface information be extracted for the 

purpose of insolation simulation?

• What parameters/ factors influence the choice and the performance of each method?

• How can the influence of current urban texture as well as future planning scenarios on solar 

gain, shading loss be analyzed?
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1.2.3. Innovation aims

• Considering and generalizing the rules of thumb for site selection for solar PV installation are 

variable from region to region, from system to system; especially the integration of shading 

from near objects and in the site decision process;

• Connecting existing algorithms with theoretical formulas;

• Searching for an open source equivalent for each step within the methodology to increase the 

adaptability of the developed algorithms to the less technological advanced regions.

1.3. Methods adopted

Whether it is a regional scale, municipal scale or micro scale, there are always four steps in the 

simulation process: data acquisition, data preparation, simulation and output of results. Table 1 

summarizes the details of the scale-appropriate steps.

Table 1.1: Methods adopted

Scale Sources for 
surface data 
acquisition

Sources for other 
parameters 

Methods/ 
softwares for data 

preparation

Output

Regional Digital elevation 
model (DEM) 
(STRM30)
Land use GIS data

NASA Solar 
Surface Energy 
(SSE) dataset 

SoDa dataset

SOLPOS 
calculator

ArcGIS 9.3
GRASS 6.3.0-4

Global Horizontal 
Irradiation (GHI)

Land parcels for 
ground mounted 
PVs

Municipal Aerial photos
Building footprints 
for training

ArcGIS 9.3 and 
applicable 
extensions (Feature 
Analyst)
PVSyst 4.3.0

GHI

Roof sections with 
projected areas

Block Light Detection 
and Ranging 
(LiDAR)

ArcGIS 9.3
Matlab (R2009)
SAGA 2.0
GRASS 6.3.0-4

GHI
Shading profiles
Roof sections for 
roof mounted PV

The methodology was built around three pieces of softwares: ArcGIS (version 9.3), GRASS (version 
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6.3.0) and PVSyst (version 4.37).

• ArcGIS or ArcGIS Desktop refers to ESRI's professional suite of professional Geographical 

Information System (GIS) applications: ArcMap, ArcCatalog™, ArcToolbox™ and ArcGlobe. 

which are available at three functional levels: ArcView®, ArcEditor™ and ArcInfo®. Most of 

the work here was carried within ArcMap with occasional usage of the Spatial Analyst toolbox.

• GRASS is the abbreviation for the Geographical Resources Analysis Support System, a free and 

open source GIS used for geospatial data management and analysis, image processing, 

graphics/maps production, spatial modeling, and visualization. In operation GRASS has three 

integrative windows instead of a tri-window Graphic User Interface like ArcGIS does: one for 

the Tcl/ Tk GUI, one for Map Display and the last one for tool selection and the working 

directory.
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Fig 1.1: A screenshot of ArcMap in operation



• PVSyst is a PC software package for the study, sizing, simulation and data analysis of complete 

PV systems. This software is oriented towards architects, engineers, and researchers, and holds 

very helpful tools for education. It includes an extensive contextual Help, which explains in 

detail the procedures and the models used. It offers an ergonomic approach, with a "greenline" 

guide, and several project levels.

1.4. Structure of the thesis

The thesis follows the manuscript style in which each chapter either has been published or is 

formatted as a pre-print ready for journal submission. Chapter one introduces the research, describes 

the objectives and the methods adopted. Chapter two presents the use of the module r.sun in simulating 

irradiation on a regional scale. Chapter three describes extraction of roof data from aerial photos for 

irradiation simulation on a municipal scale and explains the needs for airborne laser scanning data. 
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Chapter four presents the methodology to derive surface data from airborne laser scanning pulses. 

Chapter five makes use of the surface data processed in Chapter four and inputs them into a micro scale 

simulation. Chapter six discusses performance and suitability of the methods in different setting of 

technological/ time/ data and personnel availability. Chapter seven draws conclusions on this research 

and provides recommendations for future works.
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Chapter 2

Estimating Potential Photovoltaic Yield With r.sun And The 
Open Source Geographical Resources Analysis Support System1

2.1. Introduction 

The Eastern wisdom that mankind will reap great harvests from being able to predict and utilize 

the weather, especially the sun, has never been so applicable as in this ‘renewable energy era’ described 

in the communiqué from the G8 Leaders’ Summit in 2001 (Sims, 2003). The current global economies 

are: (i) carbon locked-in (Unruh 2000, 2002); (ii) vulnerable to volatile energy prices (Kilian 2008; 

Pindyck 1999); (iii) dependent on increasingly technology- and capital-intensive but depleting carbon-

based fuel reserves (IEA, 2008a; Asif & Muneer, 2007) and (iv) divided over the geopolitical tensions 

surrounding these fossil fuels (Asif & Muneer, 2007; Keppler, 2007). Most importantly, to achieve an 

acceptable level of global atmospheric carbon dioxide (CO2) concentration (Enting et al., 1994; 

Nakocenovic & Swart, 2000) and thus to begin radically reducing greenhouse gas emissions, large cuts 

in fossil fuel combustion are necessary (Watson et al., 1996; Houghton et al., 1997; WBGU, 2009) .

The urgency of reducing emissions in a sustainable, economically and environmentally-acceptable and 

equitable manner, while producing vast quantities of energy to maintain and enhance our standard of 

living has made it imperative to pursue sustainable renewable energy technologies, namely wind, 

geothermal, biomass and solar (WBGU, 2009; Pearce, 2002; Metz et al., 2007). Of these technologies, 

photovoltaic (PV) technology has been found to be technologically robust, scalable, geographically 

dispersed and posses an enormous potential for producing a sustainable source of energy (Pearce, 2002; 

Zekai, 2004). 

1 Ha T. Nguyen and J.M. Pearce. “An application of r.sun to Estimate the Potential Photovoltaic Yield for Southern 
Ontario”. 2010. Solar Energy, 84, 831 -843. 
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The policy mechanisms used to support accelerated deployment of solar and other renewable 

energy sources have grown to focus largely on Feed-in tariffs (FIT)s which provide a premium for non-

carbon intensive electricity generation. Countries who have adopted FITs have the largest growth rates 

in renewable energy technology deployment, among which Japan, Germany and Spain are the pioneers 

(REN21, 2009). The province of Ontario, Canada has recently committed to phasing out the use of all 

coal-fired plants by 2014 (OPA, 2009). To reach this goal, the Green Energy and Green Economy Act 

2009 (REN21, 2009), which includes provisions for a new FIT renewable energy incentive program 

(OPA, 2009b), was passed in May 2009. Under this plan, owners of renewable energy technologies will 

enter into 20-year fixed-term contracts with the Ontario Power Authority (OPA) whereby they will be 

paid a fixed amount per unit energy provided to the electrical grid. The tariff prices are set on a sliding 

scale such that they provide a greater economic incentive for small-scale, rooftop-mounted solar PV 

installations over large, ground-mounted systems in order to equalize the rate of return (Wiginton et al., 

2010). For residential solar PV applications >10 kW in size, owners will be paid CAD$0.802 per kW 

(OPA, 2009b). However, it is expected that the greatest magnitude of solar PV electricity will be 

provided by large >10MW solar farms made up of ground mounted PV, which will be paid CAD$0.43 

per kW-hr (OPA, 2009b). This level of incentive provides the potential for large profits in addition to 

providing the Ontario grid with large quantities of solar-generated electricity. The relatively abundant 

bare land in Ontario creates a need for reliable information regarding local climate, topography and 

solar irradiation budgets to facilitate the installation of these projects (Carriona et al., 2008a). Any 

region wishing to institute a FIT that allows ground-mounted PV would have similar needs.

This Chapter addresses the need to provide data to engineer large-scale new solar PV farms. 

Specifically it explores a case study in the Renewable Energy Region (RER)2 of south-eastern Ontario, 

2 This study is part of an extensive project to model the potential to create a Renewable Energy Region (RER) in 
south-eastern Ontario. The RER was designated by the Queen's Institute for Energy and Environmental Policy to 
comprise the following fourteen counties: Stormon, Dundas & Glengarry; Haliburton; Peterborough; Ottawa; 
Lanark; Lennox & Addington; Hastings; Renfrew; Kawartha Lakes; Northumberland; Prince Edward; Frontenac; 
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offering an algorithm that is applicable to other regions in Ontario and throughout the world, which 

utilizes open source and free software tools and data. Algorithms necessary to overcome deficiencies in 

previous work on the use of r.sun – one of the utilities of the open source Geographical Resources 

Analysis Support System (GRASS) GIS software package are provided. Here r.sun is used to compute 

insolation, including temporal and spatial variation of albedo. The optimal resolution to acquire reliable 

solar energy outputs to be integrated into PV system design software is determined. Finally, for the case 

study of the RER, candidate areas for new large scale solar farms in southeastern Ontario are 

identified.

2.2. Background

Solar radiation is affected by atmospheric conditions such as optical thickness and cloud cover; 

topographical characteristics such as latitude, slope, aspect and shadow cast; ecological processes such 

as snow melting, evapo-transpiration; and human activities. In most cases, insolation is the result of the 

interactions between all these factors (Duffie & Beckman, 1991; Hofierka & Suri, 2002). To make 

modeling of solar radiation even more challenging, insolation data sets are expensive to collect and in 

Canada, as well as in other countries (with the exception of the United States and the European Union), 

few meteorological stations record such data (Hofierka & Suri, 2002; McKenney et al., 2008). 

Approaches used to determine solar radiation over large geographic regions often derive spatial 

databases of solar radiation using different interpolation techniques e.g. spline functions (Hutchison et  

al., 1984), kriging or co-kriging (Beyer et al., 1997; D'Agostino & Zelenka, 1992; Zelenka, 1992, 

1994), or calculate solar irradiance directly from meteorological geostationary satellites (e.g. the 

European based Meteosat and the American owned Geostationary Operational Environmental Satellite) 

(Cebecauer et al., 2007; Rigollier et al., 2004). A new generation of satellites (e.g. Meteosat 2nd 

Generation) and new processing models (e.g. Heliosat-3) have improved the temporal and spatial 

Leeds & Grenville and Prescott & Russell (Mabee et al., 2009).
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resolutions (MSG, 2002), while retaining the advantage of providing data covering vast territories (Suri 

et al., 2007). The third approach is to couple geographical information systems (GIS) functions with 

existing models and run it using Fortran or Matlab (Chrysoulakis et al., 2004; Zaksek et al.,  2005). 

Examples of solar radiation and climatology databases that extend beyond the national level and offer 

free online and offline access are the European Solar Radiation Data3 (SoDA) and RETScreen/ NASA 

Surface Solar Energy4 (SSE). However, despite broad geographical coverage they suffer from low 

resolution. It is more difficult to find readily made insolation maps of reasonably good quality. Those 

for Africa and selected developing countries were accomplished upon funding from the European 

Commission5 and the United Nations Environment Program (UNEP)6 respectively and they mostly 

appear on the web as simple images, which are of limited value for further regional research and 

analysis. For Canada, insolation maps exist in the Natural Resources Canada’s Photovoltaic System 

Design Manual, NASA SSE worldwide maps and at the Great Lakes Forestry Centre (McKenney et al., 

2008). Again these resources suffer from low resolution with the finest being 300 arc seconds (~ 10 

km), which is much larger than any existing solar farm. The level of accuracy of all three approaches 

has been shown to be quite similar and reliable, which makes the choice of an appropriate method rest 

on available data, required precision, and scale/time frame (McKenney et al., 2008).

Solar radiation models integrated within GIS have been found to eliminate the complexity of 

programming GIS functions into mathematical models (Hokierka & Suri, 2002). They provide fast and 

accurate computation of radiation over large regions while still considering the effect of local 

geography. Solar radiation models within GIS are also able to incorporate environmental and socio-

economical data and generate scenarios of interest to policy makers. The efficiency, flexibility and 

3 http://www.soda-is.com/ 
4 http://eosweb.larc.nasa.gov/sse/
5 http://re.jrc.ec.europa.eu/pvgis/countries/africa.htm
6 United Nations Environment Program. (2003). Results of Solar Resource Assessments in the UNEP/SWERA 

Project. Paris: SWERA Project Manager.
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other capabilities of various models (e.g. Solar Analyst, SolarFlux, Solei, and SRAD) have been 

discussed extensively to show the need for a new model (Suri et al., 2005). Here r.sun will be the main 

tool utilized in this study. The package estimates beam, diffuse and reflected components of the clear-

sky and real-sky global irradiance/irradiation on horizontal or inclined surfaces. The total daily 

irradiation (Wh per m2) is computed by the integration of the irradiance values (W per m2) calculated at 

regular time intervals over the day. For each time-step, the computation accounts for sky obstruction by 

local terrain features (hills or mountains), calculated from the Digital Elevation Model. For the model 

equations and applied approach in more detail, see Hofierka & Suri (2002). The application of r.sun has 

been demonstrated in a few specific regions in the past (Suri et al., 2007; Huld et al., 2002; Huld et al., 

2005). 

2.3. Method

The methodology used in this Chapter is divided into three parts: (1) pre-simulation, (2) 

simulation and (3) post-simulation. Pre-simulation details data input acquisition and manipulation to 

meet r.sun's  parameters, which were often lightly treated, but are often the most time consuming and 

challenging part of any GIS related project. Therefore pre-simulation steps will be presented here in a 

transparent fashion to ease the work of upcoming PV deployment projects and to make the 

methodology as universally applicable as possible. Simulation is the running of the package itself. Post-

simulation will include calculation of an annual yields based on monthly estimates and optimal siting 

for candidate solar farms. Due to the complex nature of modeling radiation and the relatively 

unfamiliarity of the scientific community outside Europe with r.sun, to ensure precision, many steps in 

the workflow as seen in Fig. 2.1 were carried out on the proprietary ArcMap software version 9.3. 

However, the GRASS counterpart for a step is included in order to allow for greater access via the open 

source software package.
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2.3.1 Pre-simulation

The required data inputs include: 

• Census Subdivisions (CSD) of the 14 counties in the RER

• Soil types for forestry

• Soil types for agriculture

• Land use classification (exclusive of agriculture)

• Digital Elevation Model (DEM)

14

Fig.2.1: Work flow of the data acquisition and preparation process. Dash arrows indicate steps with 
multiple processes.



• Slope (inclination): the angle between the plane of the surface in question and the equator plane

• Aspect (orientation): the surface azimuth angle, the deviation of the projection of the normal to 

the plane in question on the equator plane from the local meridian 

• Latitude: the angular location north or south of the equatorial plane

• Albedo: the ratio of diffusely reflected radiation on a surface to its incident radiation 

• Mean days and corresponding angular position of the sun

• Linke turbidity: a convenient approximation to model the atmospheric absorption and scattering 

of the solar radiation under clear skies

• Ground-measured values of global horizontal irradiation (GHI)

• Clear sky index Kc: ratio of the global horizontal irradiance to the global horizontal irradiance 

under clear sky conditions7. It is important not to confuse and hence misuse this definition with 

those for insolation clearness index and clear sky insolation clearness index8.

For the case study of the RER the following data sets were used. Within the list of available projections 

for Canada, only the Lambert Conformal Conic (LCC) NAD 1983 MNR Ontario is boundary-

compatible to the region of study. Hence even though it is not area-preserved (i.e. reflecting true areas 

from ground measurement) it was chosen. Henceforth, unless otherwise indicated, all steps in the 

workflow are under this LCC NAD83 MNR Ontario projection. 

2.3.1.1 Census subdivision information

A Population Ecumene Census Division Cartographic Boundary File is provided free of charge 

7 http://www.satel-light.com/indexrG.htm
8 http://eosweb.larc.nasa.gov/cgi-bin/sse/sse.cgi?+s01+s07#s07
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by Statistics Canada, which is up-to-date according to the 2006 Census and can be downloaded9 as a 

vector shapefile. The file is used throughout the simulation to constrain the modeling within the RER 

and hence reduce computational time.

2.3.1.2 Soil classification

Thematic soil classification for forestry, agriculture and civic land use is available free of charge 

from GeoGratis10, where Natural Resources Canada develops Canadian Land Inventory (CLI) files for 

distribution. Accordingly, the RER corresponds to tiles numbered 031b through 031l (with the 

exception of 031i and 031j being in Quebec). Unfortunately, data was unavailable for part of Prince 

Edward County. 

From the accompanying documents for agriculture the soil classes that are of interest are 6 and 

7, where soils are either capable only of producing perennial forage crops and improvement practices 

are not feasible or soils have no capacity for arable culture or permanent pasture. Forestry classes 6 and 

7 were also chosen, as they include lands having severe limitations to the growth of commercial forests 

or those having severe limitations that preclude the growth of commercial forests. Since the scope of 

this chapter is in irradiation modeling and preliminary selection of candidate land for new solar parks 

more in-depth ecological information was set aside, and hence the subclasses were not used. For land 

use, the classes that attracted attention were K – areas of natural grasslands, sedges, herbaceous plants 

and abandoned farmland whether used for grazing or not, U – nonproductive woodlands, S – sandy 

unproductive lands that do not support vegetation and L – rocky unproductive surfaces that do not 

support vegetation. Since hardness of a surface can be an issue for grounding and hole mounting (REC 

Solar), only K and U classified lands are extracted. Thus only land areas which overlapped the 3 

classification schemes were considered for solar PV farm development (i.e., classified  from the 

9 http://geodepot.statcan.gc.ca/2006/040120011618150421032019/16151605032113051405_05-eng.jsp
10 http://geogratis.cgdi.gc.ca/CLI/index_forestry.html
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forestry classes 6 and 7 and agriculture 6 and 7 and land use K and U). 

2.3.1.3 Digital Elevation Model

GTOPO30 is a global DEM, where elevations are regularly spaced at 30-arc seconds 

(GTOPO30). SRTM30 is a near-global digital elevation model comprising of a combination of data 

from the Shuttle Radar Topography Mission, flown in February, 2000 and the U.S. Geological Survey's 

GTOPO30 dataset (SRTM3). SRTM30 is formatted and organized in a fashion that mimics the 

GTOPO30 convention so software and GIS systems that work with GTOPO30 should also work with 

SRTM30. The two different DEMs (GTOPO3011 and SRTM312) were used for this study to investigate 

the suggestion by Cebecauer et al. (2007) that the decrease of DEM resolution from 100 m to 3000 m 

may potentially lead to overestimation of the regional means of the yearly electricity yield by 8.2 % for 

the former system and 15.2 % for the latter one.  Note that 30m DEMs were also available from 

SRTM1 for part of the RER and also offered from Queen’s University Map Library, however to 

minimize computational time 1km and 90m DEMs were selected first for simulation.

It is r.sun 's preference that all input rasters be formatted as ESRI ascii grids. A separate import 

function within GRASS GIS version 6.3.0 is designed to import ESRI ascii grids into a workspace, the 

configurations (projection, boundary, north-east and south-west resolutions) of which were set to be 

compatible with the input using Region settings. It is worth noting that unless the region for the 

workspace and input are compatible in terms of the above configurations no output will be given.

2.3.1.4 Turbidity coefficient

The Linke turbidity factor (TL, often normalized at an air mass = 2 to reduce its dependence on 

air mass (Ineichen & Perez, 2002)) refers to the overall spectrally integrated attenuation, which 

includes the presence of gaseous water vapor and aerosols. On the other hand, Angstrom and Schiepp 

11 ftp://edcftp.cr.usgs.gov/pub/data/gtopo30/global/
12 http://dds.cr.usgs.gov/srtm/version2_1/SRTM3/North_America/
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turbidity coefficients are obtained from spectral measurements and indicate only the amount of aerosols 

in the atmosphere (Louche et al.,1986). The larger TL, the less transparent is the sky and hence the 

larger the attenuation of the radiation. A worldwide database of the Linke turbidity factor as well as the 

database for elevation can be obtained at Les Presses, Ecole des Mines de Paris.

A byproduct of data downloaded from CLI is a point shapefile of 99 towns and cities within the 

RER. Once tabulated the geographic longitude and latitude values of each location can be calculated, 

which were then used to query the corresponding monthly TL values from the Solar Radiation 

Database for Environment13 (SoDa) project website14. For each location and each month the Linke 

turbidity was normalized with elevation to minimize the latter’s effect following equation 44 in 

Hofierka & Suri (2002): 

T norm =T+0 . 00035∗e      (2.1)

where T is Linke turbidity, Tnorm is the normalized Linke turbidity and e is elevation. Finally, monthly 

Linke grids were interpolated out of the corresponding column of normalized Linke values using 

Spline interpolation with tension (Suri et al., 2005). Since both v.surf.rst (Suri et al., 2005; Mitasova & 

Mitas, 1993; Mitasova & Hofierka, 1993) and ArcMap have splines with tension as central to the 

interpolation method15, both methods were run and compared. Within ArcMap, cross validation and a 

comparison with Interpolation by kriging were carried out to verify that splines work the best. Out of 

99 locations, 70 were selected randomly for ‘seeding’ interpolation, both spline and kriging. Although 

taking the weighted average is another data fitting method that was applied for daily radiation in 

Switzerland and various parts of the U.S. and that was found to be only marginally different from 

kriging, kriging and spline were the other two methods that are more strongly recommended in recent 

13 http://www.soda-is.com/doc/enviroinfo2002_presentation.pdf 
14 http://www.soda-is.com/eng/services/service_invoke/gui.php 
15 http://grass.itc.it/grass64/manuals/html64_user/v.surf.rst.html 

18



literature (Beyer et al., 1997). The spline method is an interpolation method that estimates values using 

a mathematical function that minimizes overall surface curvature, resulting in a smooth surface that 

passes exactly through the input points and in the presence of tension creating a less smooth surface 

with values more closely constrained by the sample data range. Kriging methods, on the other hand, 

assume that the distance or direction between sample points reflects a spatial correlation that can be 

used to explain variation in the surface and fit a mathematical function to a specified number of points, 

or all points within a specified radius, to determine the output value for each location. The resultant 

grid from each method was then used to extract the ‘guessed’ values to the remaining 29 spots. The 

average error and standard deviation from cross validation with kriging e.g. January turbidity are 

0.0274 and 0.0265 respectively compared to 0.0006 and 0.001 for the case of spline. 

2.3.1.5 Ground measured values of GHI

These were collected and tabulated in the same way as were the Linke turbidity data. They can 

be accessed from within NASA SSE database16.

2.3.1.6 Recommended average days for months

To reduce simulations from 365 times for 365 days to just 12, Klein’s definition of mean day 

was applied, which defines the mean day of each month to be the day for which daily horizontal 

extraterrestrial irradiance is approximately the same with the mean monthly averages. Table 1.6.1 in 

Duffie & Beckman (1991) readily provides the day of month, day of year and δ (sun declination) 

values to input into the simulation.

2.3.1.7 Albedo

Previous work on r.sun often took albedo to be unvarying spatially and temporally (Hofierka & 

Suri, 2002; Suri et al., 2005). In fact for Canada albedo was found to be treated as a constant of 0.2 

16 http:/eosweb.larc.nasa.gov/cgi-bin/sse/sse.cgi?na+s01#s01

19



(Mottillo et al., 2006). If albedo is taken to be 0.2 and if only horizontal radiation is concerned and 

contains only beam and diffuse radiation (Hofierka & Suri, 2002; Suri et al., 2005), the contribution of 

ground reflected radiation is negligible. However, the error created using a constant 0.2 can be 

substantial if ground reflectance is between 0.6 and 0.7 as typical of snow and/or if steep slopes are 

present (Duffie & Beckman,1993). 

As a table for Ontario’s monthly albedo could not be found, monthly locational albedo values 

can be retrieved in the same way as were ground measured horizontal irradiance from NASA SSE’s 

regional data subsets. Alternatively a generalized list of values was presented by Olseth & Startveit 

(1997), whereby surface albedo 0.15 for the snow-free season April to November, 0.25 for January and 

February with most frequent snow cover and 0.20 for December and March. Inferred from Beyer et al.  

(1997) the above list would have minimal impact on the simulation whether we included or excluded 

ground reflected radiation. Brest & Goward (1987) list monthly albedo broken down for farm, forest, 

city and suburbs, which hence can only be used if we can classify each pixel in the regional grid 

accordingly. Finally a rich database, readily incorporated into GIS, is available through measurements 

from the MODerate-resolution Imaging Spectroradiometer17. A trial incorporating albedo was run on 

Kingston only, which showed that beam and diffuse irradiation are in the order of kWh whereas ground 

reflection is in the order of Wh only. The effects of albedo on the larger region will be left for future 

work. Here albedo is set at 0.2. 

2.3.1.8 Clear sky index

The clear sky index Kc can be estimated by the following methods: (i) where GHI under 

cloudless condition and that under cloudy conditions are both available, Kc is simply the ratio of the 

17
https://lpdaac.usgs.gov/lpdaac/products/modis_products_table/brdf_albedo_model_parameters/16_day_l3_global_500m/v5/

combined
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latter over the former (Hofierka & Suri, 2002). Kc varies with time of year and hence twelve values for 

Kc were generated in this study; (ii) linear regression (Kasten & Czeplak, 1979) and (iii) indirect 

derivation of Kc from cloud cover index extracted from satellite images (Martins et al., 2007). For the 

case of Canada, precipitation was used as a surrogate for cloudiness (McKenney et al., 2008). The first 

method was used in this study as demonstrated in Suri et al. (2005) and as one with lowest cost, least 

computation and least extra data acquisition requirements.

2.3.2 Simulation 

Between the two modes of operation available from r.sun, mode 2, which produces the sums of 

solar irradiation within a specified day for selected components of GHI monthbeam, monthdiff and 

monthgroundrf, was selected. Using Klein's mean day definition these values are approximations for the 

respective components of the corresponding months. All results are in floating points, which demands 

that the export, import and insertion of the data had to be strictly in floating point.

The first step was to compute monthly clear sky global horizontal irradiation. A time step of 0.25 hour 

was used following Hofierka & Suri (2002). Terrain and shadow effects were included. The simulated 

GHI for each month was set to comprise of only beam and diffuse radiation. Monthly ground-measured 

values of global horizontal radiation were retrieved for the same 99 places as that for the Linke 

turbidity values. 

The next step was to calculate monthly real sky global horizontal irradiation, using an empirical 

parameter that quantifies cloud attenuation, denoted as monthkc ,which was the ratio of ground measure 

GHI to simulated GHI or monthghc /monthghs as adapted from Suri et al.  (2005). Twelve rasters for Kc 

were created for 12 months by spline interpolating with default tension the corresponding month 

column in the ghc shapefile attribute table. The interpolation tool from the 3D Analyst toolbox replaced 

the GRASS script v.vol.rst since the latter demanded computation time and system cachet beyond what 
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was available. Finally, the monthly GHI grid was computed:

monthgh =monthkc∗monthghc     (2.2)

Finally, to derive the annual yield, each month was simply multiplied by its number of days and 

summed up for a full year. Note that this estimate has not yet taken into account the efficiency of the 

system and the available land area. Both the bivariate (positional) and trivariate (three dimensional) 

interpolations were tested in McKenney et al. (2008) even though a partial spline model was most 

favored, which would require the use of the costly ANUSPLIN package.

2.3.3 Post-simulation 

Carriona et al. (2008) made it clear that project designers must have access to local climate and 

soil characteristics because site selection on a wide range of criteria optimizes installation, enhances the 

performance of installation, lowers transport losses and maintenance costs, and assists in controlling 

environmental, social and infrastructural impacts. The way to regulate site selection for large scale PV 

systems is by means of a carrying capacity model, which combines multi-criteria evaluation (MCE) 

and analytic hierarchy process (AHP) with GIS technology (Muselli et al., 1999). The methodology in 

site selection used here was based on this theoretical framework. However, since the primary interest is 

in new PV plant sites and the gross estimate of the total output, a simple boolean selection was 

preferred over a weighted linear sum. The latter would require precise knowledge in the effect each 

criterion has on selecting new solar park sites in practice. Figs.2.2 and 2.3 illustrate the post-simulation 

processing which involves selecting the candidates for new solar PV farms based on meeting three 

criteria: (i) located within 2 km from the transmission lines; (ii) having an area of at least 100 acres; 

and (iii) a slope of no more than 4%18 . 

18 These criteria were established with consultation with Ontario-based solar farm developers. It should be noted that 
the criteria could be easily varied while still following the same algorithm for other regions with different 
limitations.
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Fig. 2.2: The work flow that establishes the extraction process for available land with good slope potential for 
new solar farms



2.4. Result and Discussion

To interpolate 99 points using the methods of v.srf.rst and v.vol.rst the computation times are 

empirically estimated at 0.246 minutes and 3 minutes respectively.19 However the actual running took 

about 5 minutes for the former and several hours for the latter, despite all manipulations to reduce the 

computation cachet (e.g. avoiding segmentation, increasing tension parameter and using default values 

otherwise). Although the available facilities only made it possible to compare Spatial Analyst Spline  

interpolation and v.srf.rst the results were promising. Fig. 2.4 shows that the Linke turbidity grids 

closely fit together, so did the simulated clear sky global horizontal irradiation. The mean and standard 

19 http://grass.osgeo.org/wiki/RST_Spline_Surfaces#Computational_time_needed
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Fig. 2.3: Work flow to calculate potential PV yield for the solar farms



deviation for difference between Linke turbidity interpolated by v.rsf.rst and that by ArcMap method 

were taken for the 5170 x 5660 cells in the grid and are shown on the left y-axis of Fig.2.4. Whereas 

the minimum and maximum difference between GHI simulated using v.srf.rast – interpolated Linke 

turbidity and that using ArcMap – interpolated Linke turbidity are normalized over the latter and are 

shown on the right y-axis of Fig.2.4.  

The series of 12 maps for monthly GHI in the region show a bell curve which peaks up in the 

months of June and July as seen in Fig.2.5 on the left y-axis. On the right y-axis of Fig. 2.5 the 

maximum and minimum monthly clear sky index is shown. Counties in the north such as Haliburton 
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Fig.2.4:  The mean difference between Linke turbidity interpolated with v.srf.rst and that 
with ArcMap (solid line) and standard deviation (dot and dashed) are both shown on the 

primary y axis; maximum and minimum difference between simulated clear sky GHI 
using either method (dash line) on the secondary y axis



and Renfrew and those in the southeast such as Peterborough and Prince Edward County have the 

highest solar flux throughout the year as seen in Fig.2.6. Between January and August Haliburton 

county enjoys the highest solar flux. The band of high solar flux shifts southwards from May to July 

and then forms a southwest fringe, which brings high insolation to Peterborough and Prince Edwards 

Counties between August and November before concentrating on to Haliburton again. The variation of 

GHI hence occurs over a large land mass and a variety of micro-topography. From Fig. 2.5 the 

contraction or expansion of the range of insolation values and that of sky clearness index coincides 

with the insolation values themselves being high or low. From here we can attribute the variation of 

GHI to cloud cover and atmospheric attenuation. 
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Fig. 2.5: The minimum and maximum ranges of mean daily global horizontal irradiation 
(solid line) on the primary y axis and sky clearness index (dashed line) for each of month 

of the year on the secondary y axis.



On the other hand, the sky clearness index decreases as irradiation increases and vice versa. The 

monthly trend is not very obvious. Recall that this is the ratio of simulated over ground measured GHI , 

it is implied that simulation closely follows reality during the summer months. These trends would 

have been impossible to observe with a coarser resolution while using a finer pixel size could have 

made the use of other methods much more bulky and inefficient. Increase in pixel size from 90 m to 

1000 m turned out to improve the insolation values by merely the order of at most 0.001 kWh per m2 

per day, but escalated the computation time from several seconds to ten minutes per simulation. 

Elevations extracted from either resolution for the same location are very similar. Insolation was found 
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Fig. 2.6: The annual daily mean horizontal irradiation of the Renewable Energy Region of Southeastern 
Ontario



to not correlate with either elevation or population density. 

In terms of annual mean daily global horizontal irradiation, the simulation estimated it to be 

3.57 kWh per day per m2. The corresponding results from NASA SSE database and the Great Lakes 

Forestry Center20 (GLFC) are approximately 4.0 and between 4.2 and 5.0 kWh/m2 per day respectively. 

Annual PV potential yield was estimated to be 980 kWh per kW from the simulation and between 

1,100 and 1,300 kWh per kW (McKenney et al., 2008). The error band for annual mean daily GHI, 

computed as:

error= rsim−exsim ∗100 /rsim  (2.3)

where rsim denotes simulation results by r.sun and exsim for results simulated externally from SSE and 

GLFC. The error was determined by Eq. 2.3 to be between 12% and 40% for both SSE and GLFC, 

both of which uses 10km resolution. That means the smallest information holding unit for either 

simulation is a 10km by 10km square grid, which does not allow tracking changes in digital elevation 

anywhere within an area smaller than 100km2. Lower information density per unit area results in a less 

precise terrain effect modeling e.g. shadow and hence an overestimate of GHI (Cebecauer et al., 2007). 

Another factor is the typical PV system being considered. Cebecauer et al. (2007) tested the sensitivity 

of fixed angle and two axis tracking systems against a range of resolutions from 100m to 3000m and 

found that overestimation in yearly electricity yield by 8.2 % for the former system and 15.2 % for the 

latter one. To be both accurate and conservation we would recommend using lower values in GHI 

estimates. 

Filtering through criteria on land use, grid connection and slope reduced the available land for 

solar farm development in the case study of the RER (Fig.2.6) to a total of 935,000 acres (Fig.2.7). 

The result was extremely conservative in its use of only the lowest graded soil types, its limited 

20 Natural Resources Canada (NRCan). (2007). PV Potential and Insolation (www page). 
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consideration for grid connected ground mounted PV systems and strict site conditions. Plenty of areas 

with high GHI was filtered out through these criteria, which can always be relaxed in future for better 

scenarios. The solar farms that are under construction in Ontario and of significant capacity are located 

in West Carleton21 (200 acres, 20 MW); Sault Sainte Marie22 phase II (500 acres, 40 MW) and Sarnia23 

(1,100 acres, 80 MW). Although the latter two are located in northern and southwestern Ontario they 

provide an overview of the area efficiency of solar farms in the region, which is defined as the area 

required to produce 1 MW in rated peak power. It would be of interest to know how the land efficiency 

fluctuates throughout the year if only real time data from regional operating solar farms can be 

obtained.

21 http://www.canada.com/Ottawa+area+solar+farm+gets+thumbs+from+residents/1784824/story.html 
22 http://www.city.sault-stmarie.on.ca/contentadmin/UserFiles/File/CityDepartments/Clerks/MediaArchive/2009/Sault

%20this%20Week/06%2024%20Solar.pdf 
23 http://www.stcatharinesstandard.ca/ArticleDisplay.aspx?e=1677270 
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Assuming the lowest land efficiency24, which is 10 kW per acre of the West Carleton farm (and 

also the most geographically relevant case), and given the rounded down 900,000 acres of available 

land, the RER can house at least 4,500 solar farms identical to West Carleton. In total the RER could 

thus supply 90,000 MW or 90 GWP using only marginal land and very conservative estimates. If we 

further assume 1,200 kWh of output per kWAC of solar PV installed, the potential generation is 108,000 

GWh (CanSIA, 2008a). Given the current annual electricity demand in Ontario of 130,000 GWh 

growing to 192,000 GWh in 2025 and the current goal of adding 16,000 MW or 19,200 GWh in 

electricity generation (CanSIA, 2008a) ground mounted solar PV can cover nearly 60% of Ontario’s 

projected peak electricity demand in 2025 or 5.6 times the current goal for the amount of additional 

24 It should be noted, land efficiency is simply the power per unit area of the solar PV farm and is independent of the 
energy conversion efficiency of the PV panels used.
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Fig. 2.7: Potential solar farm land



clean generation to Ontario’s electricity system. The result is not only outstanding in terms of coal-fired 

electrical generation alleviation as Ontario complies with its mandate to eliminate all coal fired 

electricity by 2014 (Burda & Peter, 2008), but also in terms of economic opportunities. Solar PV in 

Ontario, if aggressively pursued, has a potential of creating thousands of jobs and achieving grid parity 

between 2016 and 2020 (CanSIA, 2008a).

The site selection performed here fully obeyed the Ministry of Municipal Affairs and Housing’s 

latest Provincial Policy Statement, section 1.8.3, which states “Alternative energy systems and 

renewable energy systems shall be permitted in settlement areas, rural areas and prime agricultural 

areas in accordance with provincial and federal requirements. In rural areas and prime agricultural 

areas, these systems should be designed and constructed to minimize impacts on agricultural 

operations.” (CanSIA, 2008b). It is significant that full compliance to this freely interpretable code still 

leaves the RER with nearly 1 million acres for solar farm development. Few ongoing solar farm 

developments (e.g. the ones in South Stormont and East Hawkesbury, Stones Mills in Lennox & 

Addington) are situated where the solar flux was found to be most abundant. These results could 

mitigate many social concerns over the impact of solar parks (e.g. sacrificing useful agricultural land to 

install energy farms), and thus direct more attention to appreciation of solar PV’s benefits. 

On the other hand these results show that where the solar flux is abundant, but where few prospective 

lands were found there is a need for grid upgrading if solar farms are to be developed. Also, such 

regions of high flux, but poor solar farm availability may be favored for distributed generation roof 

mounted PV systems. Thus, these same results can be utilized for utility planning. The OPA website 

lists the names of regions and substations that can no longer support additional generation. The RER 

still has significant capacity for new projects (with the exception of part of Ottawa; Stormont, Dundas 

and Glengarry; and Prescott & Russell) and is positioned right beside regions with limited or no 
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capacity in south and southwestern Ontario. The pursuit of solar energy in southeastern Ontario will 

thus enhance the geography of energy in Ontario and spur the regional economy. Deploying PV on 

such a scale is advocated by Lovins (1977) as a demonstration for adopting a more sustainable and 

economic ‘soft energy path’ in contrast to the cost overruns of the 'hard' paths under the provincial 

government’s initiatives. 

The inclusion of albedo for Kingston alone (results not included here) showed that its 

contribution to overall GHI is minimal, where beam plus diffuse is in the order of kWh per day per m2 

whereas that for ground reflection is in the order of Wh per day per m2. In addition, the time consumed 

is significant (around 30 minutes – that for the whole region is likely to be in the order of hours). In the 

absence of ground reflection, the city was already found to enjoy more abundant solar flux than the 

average over RER.

The limitations and therefore the sources of error in this study came from the various aspects it 

did not address. The first is estimation of PV yield on tilted planes. This can be done in r.sun as 

demonstrated in Hofierka & Suri (2002) and Suri et al. (2005) with two separate sky clearness indices 

for beam and diffuse components. Archived data for diffuse radiation at selected location are available 

at SoDa and SSE. However, in order to use this additional information the type of solar cell modules 

becomes important and the modeling is better dealt with using a simulation package specialized for PV 

system design (e.g. PVSyst). This work, which will be left for the future, would enable the inclusion of 

‘secondary order’ effects of temperature and low light conditions, which are system specific and 

therefore better addressed by a model with explicit information on PV module components and 

technology type (McKenney et al., 2008). 

The algorithm developed here was only partially open source and thus openly accessible to 

researchers up to the level of access an expertise in concern. This can be overcome to be a process 
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using only open software pending the development of the following functions in GRASS the ability to: 

(i) recognize more formats of DEM files such as bil and hdf; (ii) to convert between rasters and 

shapefiles and between lines and points; and (iii) to manipulate rasters in ways other than arithmetic 

operations (e.g. stack RGB, mosaic and extract values to points).

Ineichen & Perez (2002) proposed a new formulation for Linke turbidity that is solar altitude 

independent, but still matches the original values at air mass=2 and hence promises to be coherent with 

previous studies that were done with the old formulas (Karsten, 1980). If this can be verified it will 

help extend the application of r.sun and in particular the use of Linke turbidity, since to be air mass 

independent, is to be less location independent. More work is required for the case of Canada since the 

method was developed without any Canadian data. Finally, further work is needed to consider tilted 

planes via the use of a simulation model and distributed PV systems and to include the economic 

feasibility of these potential tracts.

2.5. Conclusions

A complete algorithm was presented covering the steps of data acquisition and preprocessing to 

post simulation whereby candidate lands for incoming solar farms projects can be identified for any 

region in the world. It was found that r.sun provides a partial open source, relatively non-computation 

intensive, but still high handling capacity means to model solar energy for large-scale photovoltaic 

system planning. For the first time the package r.sun within the open source GIS software package 

GRASS was used to compute insolation and photovoltaic yield for a case study in Canada. This was 

done for the Renewable Energy Region, in Southeastern Ontario. It was confirmed that Ontario had a 

large potential to push forward renewable energy, in particular solar energy.  
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Nomenclature
AHP : Analytic Hierarchy Process 

CLI : Canadian Land Inventory

CO2 : Carbon dioxide

CSD : Census Subdivision

DEM : Digital Elevation Model

FIT : Feed-in Tariff

GHI : Global Horizontal Irradiation

GIS : Geographical Information System

GLFC : Great Lakes Forestry Center

GRASS : Geographical Resources Analysis Support System

LCC : Lambert Conformal Conic

MCE : Multi-criteria Evaluation

MNR : Ministry of Natural Resources

NAD : North American Datum

OPA : Ontario Power Authority

PV : Photovoltaic

RER : Renewable Energy Region

SoDa : Solar Radiation Data

SRTM : Shuttle Radar Topography Mission

SSE : Surface Solar Energy

UNEP : United Nations Environment Program
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CHAPTER 3
Towards Automated Quantification Of Solar Photovoltaic 

Potential In Large Urban Areas For City-based Electric Utility 
Planning1

3.1. Introduction

This  study develops  a  methodology to determine a city's  PV potential:  (i)  ranking city-

owned buildings by solar resource, facility stock and economic potential for PV generation leading 

to the economically feasible investments in solar PV for the city itself; (ii) analysis of solar PV 

generation potential by distribution feeder (e.g.  44 kV, 13.8 kV, and 5 kV feeders) given the solar  

exposure and orientation of rooftops using one example feeder with view of applying it to the rest  

of  the  network;  and  (iii)  give  sensitivity  analyses  on  PV  technology  and  efficiency.  The 

methodology presented here forms the next piece in a pyramidal process of accessing solar PV 

potential  at  a regional  scale  (Nguyen & Pearce,  2010 – Chapter  2;  Wiginton  et  al.,  2010)  and 

examines the three most popular methods of roof top extraction for energy planning. The chapter 

then presents a case study as an example of the methodology in Kingston, Ontario. Experience from 

the  case  study such  as  trade-offs  between  time  consumption  and  data  quality  is  discussed  to 

highlight a need for connectivity between demographic information, electrical engineering schemes 

and geographical information system (GIS) and to determine a typical factor of solar useful roof 

area  that  can  be  extracted  per  method.  Finally  conclusions  are  developed  to  provide  final 

methodology with the most and useful information from the highest constrained sources and can be 

adapted anywhere in the world to guide future work. 

3.2. Methodology

The level, scope and access to municipal GIS data depends on the technical sophistication 

1 Ha T. Nguyen and Joshua M. Pearce. “Towards Automated Quantification of Solar Photovoltaic Potential in 
Large Urban Areas for City based Electric Utility Planning”. 2011. Submitted as proceedings to the 
International Conference on Spatial Planning and Sustainable Development. Kanazawa, Japan, July 29 – 31, 
2011. 
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and the policy of each city. The case study of Kingston, Ontario provides an example of what is 

typically  available,  although  the  challenges  presented  here  serve  as  a  worst  case  scenario  for 

projects of a similar scope and purpose.  The method comprises the following steps: (i)  rooftop 

extraction from aerial photos using ArcGIS version 9.3; (ii) service parcel and territory matching 

based on Electricity Distribution System (EDS) GIS data; (iii) simulation via PVSyst version 4.37 

of the solar exposure of the customers connected to Kingston Hydro’s distribution feeders based on 

local meteorological conditions and the general roof orientation of the customers serviced by the 

feeder;  and  (iv)  sensitivity  analyses  of  electricity  yield  as  a  function  of   panel  efficiency 

respectively. The inputs necessary for the analysis are aerial orthophotos of the city and a parcel 

shapefile of the service territory.

To account for shading manual roof outlining is carried out on aerial photos. The 

assumptions and technical considerations for rooftop PV were: (i) 0 degree in azimuthal angle (due 

to photogrammetric error it is not possible to derive the accurate azimuth of individual buildings), 

(ii) roofs were either flat (0 degree tilt) or sloped (45 degree tilt); (iii) HVAC and other rooftop 

obstacles were taken into account; and (iv) shading by trees and surrounding buildings were also 

taken into account. In the absence of HVAC, other rooftop equipment and shading factors, the 

installable ratios for gabled roof, hipped roof and flat roof are recommended by Suzuki et al. (2007) 

to be 50%, 62.5% and 100%, respectively. The resultant roof space, which was outlined in 

consideration of its orientation, rooftop obstacles and potential shading and which was the projected 

value of the true roof, is denoted as Ap. It should be noted here that the error in the assumptions 

governing the azimuthal and roof tilt angles can be easily  limited by all PV simulation software. 

Once extracted into a shapefile, roof space was categorized in terms of tilt angle and circuit number 

provided by the grid operator. This approach is much less complex than remote sensing or 

computerized image processing and boasts least cost and ease for adaptation However it was 

expected to be time consuming and supervision intensive, thus providing measures for trade-off in 
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terms of automation, data quality, time and adaptability. 

3.3. Case Study Analysis

3.3.1. Rooftop extraction

The inputs for roof outlines are aerial photos of the city of Kingston, which were taken 

between February and September 2008. These are 5cm in spatial resolution, 1km² in coverage and 

possesses the NAD1983 UTM 18N coordinate system. A roof print shapefile already exists  for 

Kingston and was provided by Queen's University Map Library. In Fig.3.1, the service area of the 

case study region of an individual feeder (104) is shaded light grey and overlaid with the aerial 

photos and Ap (in pale white line). 

3.3.2. Service parcel and territory matching

Categorization of roof space according to primary or secondary feeder and verification of 

service  territory  were  done  using  GIS  shapefiles  on  parcels  associated  with  feeder  104  and  a 

territory  markup  (paper  and  digital)  for  primary  and  secondary  circuits  of  this  feeder.  It  was 
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Fig.3.1: Service area of an individual feeder (104) shaded light grey and overlaid with the 
aerial photos and third-level outline scheme (in pale white line)



recognized that the operating system and available GIS data are not yet perfectly compatible, hence 

transformer symbols on Kingston Hydro schematics were assumed to be associated with the closest 

distribution line to the civic address listed for each transformer. Any building that fell out of the 

parcels identified to be serviced by feeder 104 was accordingly eliminated. 

3.3.3. Photovoltaic energy conversion simulation

The primary input for simulation is area, hence any error in rooftop extraction will affect this 

step. Another assumption was that panels were closely packed on the roof, i.e. no spacing. This 

assumption was made to determine an absolute highest case PV power impact on the grid. These 

numbers can be reduced using more common PV system design layouts and socio-economic 

analysis of the probability that a PV system will be installed by the utility. PVSyst computed 

incident insolation as comprising of global, beam, diffuse, albedo components on an hourly basis 

using the default Hay model (1979), however the user can also specify the Perez et al. model (1987, 

1990), which is more complex but which gives a more detailed and accurate treatment of diffuse 

radiation on tilted surfaces.

3.4. Results

3.4.1. Roof space calculation 

Following the  methodology in  section  3.2  and applying it  to  the  case  study feeder,  the 

maximum area available for PV (Amax) was found to be 133,200 m2. This is total projected area of 

all roofs that fall in the service parcels for feeder 104. Wiginton et al. (2010) determined the total 

absolute error by running Feature Analyst (FA) compared to Amax is 15%, giving Afa = 113,220 m2. 

Note that from either Amax or Afa, it is not possible to distinguish between the flat roof areas (Aflat) 

and  the  tilted  roof  areas  (Atilt).  This  third  method  with  its  attention  to  detail  allowed  such 

distinction, giving Aflat = 22,050 m2 and Atilt = 21,390 m2. Therefore Ap = Aflat + Atilt = 43,440 m2 

or 33% of the total projected area of all roofs that fall in the service parcels for feeder. This value of 

about a third may be useful for more general estimates in urban centers where only a projected roof 
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area is available.

3.4.2. PV yield and system size

From the ArcGIS platform, roof outlines were categorized as flat or sloped and exported 

separately to an Open Office Spreadsheet, where they were to be binned according to four classes: 

up  to  10kW;  from 10kW to  250  kW;  from 250kW to  500  kW and  over  500kW.  These  size 

classifications correspond to Ontario Energy Board and Ontario Power Authority connection policy 

and pricing categories (Ontario Power Authority, 2010). The capped area for each class and for each 

type of panel i) monocrystalline silicon (mc-Si); ii) polycrystalline silicon (p-Si); and iii) thin film 

amorphous silicon (a-Si) was found by selecting the nominal power mode in the preliminary system 

design menu of PVSyst. The resultant areas for each class are shown in the Table 3.1.

Table 3.1: Baseline areas for different system sizes and technologies

System Power 
[kW]

mc-Si 
[m2]

p-Si [m2] a-Si 
[m2]

<10 83 95 167

10 to 250 2083 2381 4157

250 to 500 4167 4762 8333

For flat roof tops, the majority of potential systems would be built in the 250kW system class, as 

summarized in Table 3.2.Table 3.2: Total projected area of flat roof by system size and technology

System Power 
[kW]

mc-Si [m2]  p-Si [m2] a-Si [m2]

<10 165 266 836

10 to 250 23869 23768 26078

250 to 500 2880 2880 ---

There are no tilted roofs that can fit the larger class of 500 kW systems. As shown in Table 
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3.3, more roofs still fall into the category of 250kW system size compared to the 10kW system size; 

however, the trend is reversed for thin film amorphous silicon panels, as expected since a-Si has the 

lowest efficiency and hence requires the largest area to attain a given nominal power.  It should be 

noted here, however, that a-Si:H PV output is generally under-predicted by conventional techniques 

developed  on  mc-Si/p-Si-based  PV technology,  because  of  (i)  the  superior  a-Si:H temperature 

coefficient  (Schwabe  &  Jansson,  2009;  Carlson  et  al.,  2000);  and  (ii)  the  use  of  integrating 

photometers such as pyranometers can directly introduce errors up to 20% in the prediction of a-

Si:H PV system yearly output due to this spectral  effect, depending on seasonal and locational 

effects (Ruther et al., 2002; Gottashlag et al., 2004; Hirata & Tani, 1995; Merten & Andreu, 1998; 

Betts et al., 2003). 

Table 3.3: Total projected area of tilted roof by system size and technology  

System size 
[kW]

 mc-Si 
[m2] 

p-Si [m2]  a-Si [m2] 

<10 10000 11900 18400

10 to 250 16100 14200 7700

3.4.3 Sensitivity analysis on panel efficiency

Using RETScreen, different efficiencies were chosen for three technologies: mc-Si 15-20%, 

p-Si 10-15% and a-Si 6-10%.  The nominal output per m2 of panels (Punit) was then multiplied with 

the total area of panels for each type of roof (Aflat and Atilt), accounting for optimal tilt (35 degrees) 

and azimuthal angles (0 degrees) to give the maximum nominal power (Pflat and Ptilt):

Pflat=Punit∗A flat            (3.1)

Ptilt=Punit∗Aunit            (3.2)
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Table 3.4: The summary of the effect of efficiency on MW yield for the individual feeder. 

mc-Si efficiency/ % kW per m2 - Sunpower Eflat/ MW Etilt/ MW

16.9 0.17 4.6 4.4

17.3 0.173 4.7 4.5

18.1 0.181 4.9 4.7

18.5 0.185 5 4.8

p-Si efficiency/ % kW per m2 - Q Cells Eflat/ MW Etilt/ MW

10.4 0.103 2.8 2.7

11.2 0.111 3 2.9

12.6 0.125 3.4 3.3

13 0.13 3.5 3.4

13.6 0.136 3.7 3.6

14.3 0.142 3.8 3.7

a-Si efficiency/ % kW per m2 - UniSolar Eflat/ MW Etilt/ MW

7 0.07 1.9 1.9

7.2 0.071 1.9 1.9

7.5 0.074 2 1.9

7.7 0.077 2.1 2

8 0.08 2.2 2.1

8.2 0.081 2.2 2.1
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Under the most optimistic case (optimal angles for both tilt and azimuth) and  of the most 

efficient technology (mono-Si, 18.5% efficiency), the area serviced by feeder 104 could expect to 

generate 5.0 MWp from flat roof and 4.8 MWp from tilted roof as seen in Table 3.4. Given the same 

technology and efficiency, Fig. 3.2 below shows that flat roof yields slightly higher nominal power 

than do the tilted roof tops and this difference widens with less efficient panels. It should be noted  

here  that  this  is  the  largest  possible  capacity  available  with  current  technology.  This  is  also 

assuming close packing of PV modules. So for example the ratio of MW/acre is larger than in a 

traditional ground mounted system because every square meter identified on a tilted roof top as 

usable area is assumed to be covered with PV. This number represents the baseline for applying 

other filters such as social/cultural and economic that would restrict the actual installed capacity in 

the short to medium term.
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3.5. Discussion and Future Work     

GIS techniques have been applied by several authors to study PV deployment and/or 

impervious urban fabric (Gadsden et al., 2003; Ghosh & Vale, 2006; Izquierdo et al., 2008; Kraines 

& Wallace, 2003; Kraines et al., 2001; Rylatt et al., 2001). Image recognition, both object-based 

and spectrally-based, supervised and unsupervised, has been used as a means of studying urban 

fabric and determining roof area (Akbari et al., 2003; Guindon et al., 2004; Ratti & Richens, 1999; 

Richens, 1997; Taubenbock et al., 2008). Unfortunately, this past research is not directly applicable 

to determining the rooftop  PV potential in Ontario for one of the following reasons: (i) the 

technique was applied to a single building, neighborhood or city, not a large-scale region (Gadsden 

et al., 2003; Ghosh & Vale, 2006; Rylatt et al., 2001); (ii) the goal is to classify land use 

designations rather than extract roof area (Akbari et al., 2003; Guindon et al., 2004); or (iii) the 

input data is different from that which exists for many locations including the case study in Ontario 

(Aramaki et al., 2001; Izquierdo et al., 2008; Kraines and Wallace, 2003; Kraines et al., 2001; Ratti 

and Richens, 1999; Richens, 1997). In particular, Feature Analyst (FA) has been used in the 

assessment of buildings and/or land use. Psaltis & Ioannidis (2008) and Ioannidis et al. (2009) used 

FA in detecting building change in Greece, while Yuan (2008) detects land-use/land-cover change. 

FA has also been used for quantifying impervious land cover for hydrology studies (Kunapo et al., 

2006), tsunami vulnerability assessments (Sumaryono et al., 2008) and for studying trends in 

salamander populations (Miller, 2005).  None of the work with FA had studied roof area 

quantification for PV deployment until Wiginton et al. (2010) filled in the gap and discovered a 

linear relationship between population density and roof area across a region in Ontario. The 

relationship indicates a total roof area of 70.0 m2/capita ± 6.2%. The training of FA and subsequent 

error analysis was done using the existent building foot prints, indicating uncertainty. Although the 

result of the case study speaks only directly for Kingston, the procedure here is typical of what can 

be done for an urban setting, especially where there is a dis-connectivity between remotely sensed 
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data of different kinds (GIS, satellite, aerial photos and radar) and across sectors (electric grid 

operation, demographic).

Data  quality  induced  several  assumptions  and  constraints,  which  provide  room  for 

improvement of the methodology: (i) Digitization is inherently flawed as the human eyes can only 

see to a certain resolution of the photos, which is equivalent to 20cm on true ground; and (ii) Since 

supervision  was  required  for  every  individual  house  concerning  roof  type,  shaded  portion, 

orientation and inclination, it takes about 2 weeks to process 0.5km2 of urban space. This does not 

take into account the distortion and multiple view problem arising through merging hundreds of 

aerial photos into one large tile which also needs to be corrected.  While the resultant solar-useful 

roofprints eliminate shading, which is unpredictable by time of day, month, variable with urban 

morphology but which becomes relevant as we go down to the household i.e. the single system 

level (Pfeifer et al., 2007) and hence often is hard coded as a parameter in simulation, in the process 

they become static (i.e. can not be broken down into monthly or daily values) and their accuracy 

can not be verified. At the same time neither study found in previous literature of similar scale and 

approach  has  yet  attempted  to  take  care  of  shading  from  surrounding  trees  and  architectural 

structures (Suzuki et al, 2007; Dorninger et al., 2008).

In many aspects, the method presented diverges from full automation, which is expected 

from remote sensing data (e.g. airborne laser scanning), but which is still missing in treatments of  

utilities scale of km2  of land (Pfeifer et al.,  2007).  In addition to the time and labor consumption, 

final  results  are  dependent  on  the  user's  experience,  which  becomes  another  uncontrolled 

uncertainty and which utilities always attempt to minimize. The availability of an airborne laser 

scanning (ALS) dataset can give hope to solve the misalignment problem, increase the degree of 

automation, accuracy, efficiency and adaptability. It has been established  that building footprints, if 

up to date and positioning-accurate, can serve as a 'gauge' to extract cloud points corresponding to 

buildings, which will then be filtered further by using a height that distinguish the rooftop level 
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from any lower objects from within the cloud points (e.g. Pfeifer et al., 2007; Dorninger & Pfeifer, 

2008, Jochem et al., 2009). Indeed, a systematic combination of aerial photos, building footprints 

and Light Detection and Ranging (LiDAR) backscatter can process twice the size of urban space 

involving trees and roof configurations of various levels of complexity in half the time (see Chapter 

4).

Future work requires practical evidence from local operating systems for an integration of 

such design aspects as row on row shading for the flat roofs. However, the methodology provided a 

means of analysis of solar PV generation potential by distribution feeder (e.g. 44 kV, 13.8 kV, and 5  

kV feeders) given the solar exposure and orientation of rooftops serviced by a utlitilty using one 

example feeder with view of applying it to the rest of the network. In addition it  also extended the  

argument  on the interaction between urban structures and energy demand made by Madlener & 

Sunak  (2010).  Although  the  current  design  of  cities  is  responsible  for  high  urban  energy 

consumption, especially in developing countries, the building stock can still be utilized towards a 

larger  share  of  renewable  energy, solar  PV-derived electricity  in  particular,  in  urban electricity 

planning given a certain level of technical advancement, appreciation and experience. For existing 

cities, the case of Kingston has provided a rule of thumb that a value of about a third may be useful 

for more general estimates in urban centers where only a projected roof area is available. However 

for emerging (mega)cities the way trees are going to be planted and houses built can affect the 

uptake of solar energy and its role in the often heavily pressured electricity grid, hence the city's 

performance in sustainability, as demonstrated in the breakdown of different roof types for different 

system sizes and hence potential benefits under the FIT program. This calls for multi-dimensional, 

participatory and multi-sectoral urban energy planning, whereby a new generation of softwares and 

techniques  for  the  purpose  of  streamlining  urban  structure  extraction  for  renewable  energy 

assessment can be of great assistance, which is the focus of Chapter 4. 
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3.6. Conclusions

The  chapter  has  presented  a  methodology  to  provide  urban  solar  photovoltaic  resource 

assessments,  which  is  widely  applicable  throughout  the  world.  The  results  of  the  case  study 

presented here indicate that utilities needing to plan for large scale solar electric generation in urban 

areas can make a rule of thumb estimate. In the absence of advanced computational expertise and 

high quality remotely sensed data, one third of the projected area of roofprints can be used as a first  

pass estimation of the available area for PV installation. Then simple geometry and potential system 

specifications can be employed to evaluate the potential solar energy generation.  The methodology 

presented here could be run in a similar case study area in the urban region of interest to reduce  

error without moving to more complicated, time consuming and costly methods.  

However only an accurate aggregate assessment can be output in terms of: (i) the simulation 

of  the  solar  exposure  of  the  customers  connected  to  distribution  feeders  based  on  local 

meteorological conditions and the general roof orientation of the customers serviced by the feeder; 

and (ii) sensitivity analyses of electricity yield as a function of  panel efficiency. As the required 

levels of detail, accuracy and flexibility are raised, roofprints will become secondary to a symbiotic 

relationship between airborne laser scanning, roof segmentation and shading simulation. Thus such 

rules of thumb will be phased out as the combination of different disciplines (computer vision, solar 

energy system engineering, spatial analysis) for PV continue to be a proliferate area of research.
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Chapter 4
The Application Of LiDAR To Assessment Of Rooftop Solar 
Photovoltaic Deployment Potential On A Municipal District 

Unit1

4.1. Introduction

The increasing technological competitiveness of solar PV, among other kinds of renewable 

energies, has contributed to a ‘new logic of infrastructure provision’ (Marvin and Guy, 1997) and a 

‘paradigm shift in energy policy’ (Helm, 2005). However, in the debates on urban and regional 

development and regional infrastructure policy, the delivery of utility services still seems to be 

taken for granted and to be left to engineers, network operators and (supra-)national utility 

regulators. Consequently, there has been little research on the urban and regional impacts of utility 

restructuring and the changing environment for urban and regional governance (Marvin et al., 1999; 

Monstad 2007) with a large scale introduction of PV. To take advantage of PV technology's 

continued price declines, an understanding of the urban local  potential (roof space and solar 

exposure among others) is critical for utility planning, accommodating grid capacity, deploying 

financing schemes and formulating future adaptive policies (Wiginton et al., 2010).  

Chapter 4 provides a methodology, which forms the next piece in a pyramidal process of 

accessing solar PV potential from a regional scale (Nguyen & Pearce, 2010, Wiginton et al., 2010). 

Specifically the methodology provides an application of Light Detection and Ranging (LiDAR) of 

urban terrain  to automated solar PV deployments on the regional scale. Challenges in urban 

information extraction and management for solar PV deployment assessment are determined and 

quantified. This study provides the following contributions: (i) a methodology that agrees and 

implements what previous literature recommends in terms of integrating cross disciplinary 

1 Ha T. Nguyen, Rob Harrap, Gerald Barber and Joshua M. Pearce. “The Application of LiDAR to Assessment 
of Rooftop Solar Photovoltaic Deployment Potential on the Regional scale”. 2011. To be submitted to the 
International Journal of Applied Earth Observation and Geoinformation.
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competences in remote sensing (RS), GIS, computer vision and urban environmental studies; (ii) a 

robust methodology that can work with poor-quality data and reconstruct vegetation and building 

separately but concurrently; (iii) recommendations for future generation of software. This chapter 

then presents a case study as an example of the methodology in Kingston, Ontario. Experience from 

the case study such as trade-offs between time consumption and data quality is discussed to 

highlight a need for connectivity between demographic information, electrical engineering schemes 

and geographical information system (GIS) and a typical factor of solar PV suitable roof area that 

can be extracted per method. Finally conclusions are developed to provide final methodology with 

the most and useful information from the highest constrained sources and can be adapted anywhere 

in the world. 

4.2. Background

4.2.1. LiDAR and the city scape

The proverbial Holy Grail of the urban remote sensing research community is the ability to 

quickly and easily build accurate 2d and 3d representations of urban areas. One approach is to take 

a LiDAR point cloud and transform it into a high-resolution and accurate 3D landscape of the 

scanned area. Unfortuntely, although the promise of 3D, urban texture reconstruction from laser 

scanning (and images) has been predicted for some time (Brenner 2005) with predictions of novel 

platforms and methodologies soon to come on board, an automated determination of reliable and 

accurate city models from airborne laser scanning (ALS) data is still a challenging task, requiring a 

workflow comprising several steps, and in some cases, combining both photogrammetry and ALS 

(Dorninger & Pfeifer, 2008; Carneiro et al., 2009). However the prospective applications of city 

models in urban development and management e.g. renewable energy planning in urban centers 

(Carneiro et al., 2009; forthcoming, Nguyen & Pearce, 2011), realistic visualization of the 3D urban 

environment (Habib et al., 2008), sustainable urban design (Carneiro et al., 2009), gaming, disaster 

management and military training (Kim & Habib, 2009), microclimate investigation, run-off 
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modeling, telecommunications and noise simulation (Alexander et al., 2009) are such that any step 

towards replacing the use of commercialized (and hence often costly) softwares, minimizing the 

degree of human interaction, streamlining the involved steps is highly desirable. 

It is important for LiDAR system users to understand the underlying relationships and 

technical premises among various numbers on a LiDAR specification sheet, to bridge the gap 

between the “bare” numbers and the expected real-life performance capabilities of a LiDAR system 

and to make informed decisions to fulfil project requirements (Ussyshkin et al., 2008). A LiDAR 

system consists of three main components: (i) a global positioning system (GPS); (ii) an inertial 

measurement unit (IMU); and (iii) a laser scanner unit (LSU). While the GPS receiver is used to 

record the aircraft position, the IMU measures the angular attitude of the aircraft (roll, pitch and 

yaw or heading) and interpolates positions for the vehicle between GPS determinations. The LSU 

transmits pulses of light toward the surface of interest and records both the travel time of the laser 

beam and the energy which is reflected by the surface. Depending on the LSU, multiple returns can 

be detected for a single transmitted pulse. Often, a part of the transmitted pulse is reflected by a tree 

canopy, whereas gaps on the foliage allow parts of the energy to be reflected further down, e.g., on 

street level. By taking all flight parameters into account, i.e., measurements by the GPS/IMU 

systems and the travel time of the laser beam, the target location can be determined with high 

accuracy in a suitable georeferenced coordinate system. The accuracy of a scanning system is not 

just position-wise but more importantly, lies in the high point density and large area coverage, 

giving rise to an honest and detailed rendering of the true scene. In turn, point density and coverage 

area are influenced by a number of operating parameters e.g. pulse repetition frequency, scan 

patterns (constant velocity rotating mirror or oscillating mirror, sinuisoidal or sawtooth), scan 

frequency, scan field of view and scan angle. The above operating specifications are stored in .las 

files (the industry standard format for LiDAR data) as Binary Large Object (BLOB) parameters. 

Upon acquisition and further processing, data accuracy is further affected by such factors as 
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intensity digitization specification, footprint size, GPS system and finally the processing algorithms. 

Detailed information on LiDAR systems can be found in Ussyshkin et al (2006, 2007b, 2008a, 

2008b).  The 3D information obtained from the LSU is stored as a point cloud. A point cloud is an 

unorganized set of 3D points (xyz-triplets). The points are distributed irregularly across surfaces, 

but typically not found at specific corners or edges. Aerial LiDAR point clouds are of 2.5D nature 

i.e. the sensor captures the details of roof structures, but collects few points on building walls 

connecting roof boundaries (Zhou & Neumann, 2010). Moreover, LiDAR is a point-of-view 

technology: higher objects will block views of lower objects, and the best-scanned surfaces will 

always be those orthogonal to the beam path (which is, for airborne scanners, approximately 

vertical). 

In order to determine PV potential for a city the near-end goal is 3D modeling of a city 

scape, which requires that individual buildings are represented, next to urban vegetation, streets, 

and other objects of the city infrastructure such as watercourses, power supply lines, and individual 

objects like street signs or fountains. A Digital Surface Model (DSM) derived from point clouds 

acquired by LiDAR or stereophotogrammetry already represents buildings. While such models can 

be generated easily and even automatically, they only represent the approximate roof shapes without 

generalization and without distinguishing between individual buildings on the one hand and 

between buildings and other objects like ground and vegetation on the other hand. If building or 

building block outlines (e.g. from cadastral maps) are provided, such models can be enhanced and 

surface models can be generated for individual buildings or blocks. These models do not allow a 

distinction between individual roof faces, nor between roof and dormers or other objects. 

Furthermore, artifacts of data acquisition, e.g. caused by occluded areas, sampling distance, or 

remaining geo-referencing errors, are features of such models. Vertical walls may appear slanted or 

not at all present due to the 2.5D grid representation (Dorninger & Pfeifer, 2008; Jochem et al., 

2009). Roof sizes will generally be under-represented and shadow effects of adjacent buildings will 
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not be captured.  

To increase the reliability of the building models as well as the range of possible 

applications, additional knowledge on buildings has to be incorporated into the modeling process. 

Typical assumptions are to define walls as being vertical and roofs as being a composition of planar 

faces. This leads to an idealization of the buildings. The transition zone of two neighboring roof 

faces, for example, becomes a straight line defined by the intersection of two roof planes. The 

importance of these considerations is raised when it comes to PV system design and per roof 

installation (California Energy Commission, 2001). Hence a modeling method is needed for PV 

applications that is: (i) accurate, i.e it should produce simple polygonal models fitting the input 

point clouds in a precise manner; (ii) robust: regardless of the diversity and complexity of building 

roof shapes the mehod should always generate crack free models even with the existence of 

undesired elements such as residual noise and small roof features; and (iii) complementary to the 

2.5D characteristic: the method should create 2.5D polygonal models composed of detailed roofs 

and vertical walls connecting roof layers (Zhou and Neumann, 2010).

It is to be cautioned here that the sophisticated approaches to be covered below are intended 

to give a thorough examination of existing tools and to validate the final choice of methodology. It  

turned out that the deciding factors for the choice of methodology of this chapter, which is much  

more elementary than the provided background, are: (i) quality of LiDAR data and (ii) familiarity  

of the researcher with computer vision. It might not be the most sophisticated method but it is  

sufficient to give a baseline for the next step which is the solar irradiance simulation for a  

municipal district unit. The robustness and accuracy of the methodology is assessed in both section  

4.5 and in the effect of the resultant DSM on simulation results, which are the topic of interest of the  

Chapter 5 (Nguyen & Pearce 2011, forthcoming). 

4.2.2. Building detection

Reliable and accurate building generation from LiDAR data requires a number of processes. 
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These are building detection, object segmentation, building extraction, roof shape reconstruction 

and modeling quality analysis. The majority of available literature: (i) concentrates on individual 

aspects only (Dorninger & Pfeifer, 2008; Carneiro et al., 2009) and hence detaches the reader from 

the big picture; (ii) only uses (associated) data of certain (excellent) quality (Rottensteiner and 

Briesce, 2002; Kassner et al., 2008; Carneiro et al., 2009) or customized classifers that are only 

professionally known (Suzuki et al., 2007) or not publicly available (eCognition, Feature Analyst); 

and (iii) has limited applications in terms of the degree of complexity that the product allows 

(Dorninger & Pfeifer, 2008; Lafarge et al., 2008). Although urban texture modeling is highly 

dynamic (due to the nature of the modeled object), complicated (due to the required precision and 

interdisciplinary in the number of involved expertises and the inherent interaction between humans 

and the urban environment), urban texture does influence energy consumption and production 

patterns (Ratti, 2001; Ratti et al., 2005; Compagnon, 2004; Madlener & Sunak, 2010). How much 

detail can be learned about it depends on how detailed the reconstructed urban scene is but also the 

budget for time, technology and personnel. The methodology for building detection subsequently 

derived and described here was designed to compromise between the smoothest and most 

effectively established learning curve possible for the audience and cost savings. 

Building detection can be carried out solely on the LiDAR data (Dorninger & Pfeifer, 2008) 

or in hybrid with other data such as aerial photos and existing building outlines (Kassner et al., 

2008). In the former case, the process is often performed on resampled (i.e. interpolated) grid data, 

thus simplifying the 3D content to 2.5D and reducing the computational and time consumption 

(Jochem et al., 2009). Roughness measures, i.e. local height variations, are often used to identify 

vegetation. Open areas and buildings can be differentiated by first computing a Digital Terrain 

Model (DTM) via filtering (Sithole & Vosselman, 2004; Kraus & Pfeifer, 1998). Thereafter, a 

normalized Digital Surface Model (nDSM) is computed by subtraction of the DTM from the DSM, 

hence representing local object heights (Hug & Wehr, 1997; Maas, 1999; Alharthy & Bethel, 2002; 

59



Tovari & Vogtle, 2004; Gross et al., 2005). High objects with low roughness correspond to building 

areas. Other approaches identify blobs in the DSM, based on height jumps, high curvature, etc. 

(Matikainen et al., 2003; Nardinocchi& Forlani, 2001; Morgan & Tempfli, 2000, Rutzinger et al., 

2006). 

FELIS-Analyst, an open source LiDAR analysis plug-in, was introduced in 2009 and 

promises to integrate the above processes given that the user is familar with the scanned area and 

the parameters of the point cloud2. Matikainen et al. (2003) segment the DSM into homogeneous 

areas using a region-based segmentation, which is based on bottom-up region merging and a local 

optimization process. The segments are classified as “building”, “tree” and “ground surface”. The 

classification process is based on the height differences between the DSM and DTM, the textural 

characteristics of the DSM, the intensity image and the shape of the segments. Forlani and 

Nardinocchi (2001) detect buildings in gridded LiDAR data by first removing terrain pixels by 

smooth interpolation and then applying a region growing algorithm to group elevated regions. 

Classification of the pixels in each region as roof slopes, ridges and building outlines is used to 

extract the roofs. Rottensteiner et al.  (2005) present an algorithm for roof line delineation from 

LiDAR data, which aims at achieving building models at a higher level of accuracy. The algorithm 

is performed by a segmentation based on local homogeneity of surface normal vectors of a DSM. 

Some authors developed methods and algorithms to perform building detection directly in the 3D 

point cloud (Dorninger & Pfeifer, 2008). Rutzinger et al. (2008) combine the object-based image 

analysis (OBIA) approach and the object-based point cloud analysis (OBPA) approach and work 

partly in 2.5D (raster) and 3D (point cloud). They detect building outlines in the raster domain 

followed by a 3D roof facet delineation and classification in the point cloud.

Building boundaries are the intersection of the buildings with its surroundings, in general the 

terrain. Some authors have suggested the use of polygons originating from official cadastral 

databases (Vögtle & Tóvári, 2005b; Brenner & Haala, 1999), which usually are the only available 

2http://www.nonameornot.de/FA/FA/
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datasource. Compared to official cadastral data, the outlines that are used for this approach have 

two advantages: Firstly, they represent the real shape and size of the roof, and not the dimension of 

the basement, i.e. the footprint. And secondly, applying the same data as used for the evaluation 

ensures the comparability of the results during the process of the evaluation (Kassner et al., 2008). 

If unavailable, they need to be derived from: (i) the given point cloud data, whereby the building 

boundary generation is initiated by detecting a coarse approximation of the outline, followed by a 

generalization and a regularization (Sampath & San, 2007; Jwa et al., 2008; Lahamy, 2008); or (ii) 

from aerial photos via spectral recognition (Suzuki et al., 2007; Wiginton et al., 2010) and change 

detection algorithms (Knudsen & Olsen, 2003). The latter option requires high resolution satellite 

imagery (Knudsen & Olsen, 2003) and overlapping timeline between when the photos were taken 

and when the area was scanned. Kaartinen et al. (2005) compare the performance of 

photogrammetric, laser scanning based and hybrid methods in building extraction within a 

EuroSDR test. They focus on the determination of building outlines, lengths and roof inclination 

and confirm that laser scanning is more suitable for deriving building heights, extracting planar roof 

faces and ridges of the roofs. However, photogrammetry and aerial images lead to better results in 

building outline and length determination. On a more sophisticated mathematical level, Ahmadi et  

al. (2010) corrected satellite images and then applied active contour models developed by Kass et  

al. (1998) to achieve a level of 96% correct extraction out of 341 buildings. In the availability of 

building footprints such as our case, the LIDAR data is masked by the outlines of the buildings in 

order to obtain – by way of exclusion - those points that carry information about the elevation of the 

buildings’ roofs.

4.2.3. Building segmentation

The segmentation in this context is not to be confused with image segmentation, which is the 

process of partitioning a digital image (given that image has been ortho-rectified) into a set of 

discrete, non-overlapping regions on the basis of internal homogeneity criteria. These may be 
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defined in terms of a simple measure such as image contrast or may be the result of complex 

statistical analysis. Either way, it is now well known that when such regions have been extracted 

from satellite images and aerial photographs, they form an excellent starting point for subsequent 

geospatial analyses (Baud et al., 2010; Devereux et al., 2004). The segmentation in the following 

context retains the same merits towards subsequent geospatial and statistical analysis but its object 

is LiDAR pulses.

Although Dorninger and Pfeifer (2008) defined segmentation as a decomposition of a 

building as represented in a laser scanning point cloud into planar faces and other objects, for a raw 

3D point cloud, segmentation oftentimes means decomposition of a point cloud into subclouds 

corresponding to individual buildings, then a subcloud into individual planes and separation of such 

objects as roof hanging, turrets, trees growing over the roof, etc. The handling of trees is a challenge 

on its own and is treated elsewhere (forthcoming, Nguyen et al., 2011).  But to continue with the 

discussion of segmentation, such wide contextual consideration is particularly true in downtown 

and near downtown areas, where even cadastral derived building footprints tend to group houses 

together. The segmentation is also advantageous in that it breaks down the work in cachet-

manageable chunks i.e. less computationally overloading, allows for noise and artifact removal at 

the unit level and minimizes the task of roof fitting later by omitting any obvious anomalies.

Both block to building and building to plane segmentations can be realized via iterative evaluation 

of the one-dimensional marginal distributions in elevation of points making up the feature space. 

The latter requires the definition of a homogeneity (coplanarity) criterion according to which 

similar items (e.g. points) are grouped (Dorninger & Pfeifer, 2008). As homogeneity criterion, 

approximate height similarity or/and approximate normal vector similarity are commonly used. 

Authors that studied the determination of planar faces for roof modeling from point clouds acquired 

from airborne platforms include Lee and Schenk (2002), Maas and Vosselman (1999) and 

Rottensteiner et al. (2005). The common use of 2.5D grid representations is to reduce the 
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complexity of the problem and to increase the performance of the implementation. This requires the 

definition of a reference direction (e.g. the vertical z-axis) to resample the given points to a regular 

grid defined as a scalar function over the horizontal xy-plane. Thus, only one distinct height value 

can be assigned to an arbitrary pair of xy-coordinates. Advantages of 2.5D approaches are a 

possible reduction of the amount of input data and the implicitly defined neighborhood by means of 

the grid representation. Unfortunately, the grid resampling process introduces smoothing effects 

especially at sharp surface structures. Segmentation approaches based on range images suffer from 

these restrictions as well (e.g. Hug & Wehr, 1997; Maas, 1999).

Mass (1999) used Laplace and median filters to produce individual point clouds for each 

house but returned to the original LiDAR data for extracting parametric house models. Accordingly 

a standard gable roof building will have a solution containing seven parameters computed from the 

shift, scale and rotation invariant forms of binary moments. Such solutions can be modified for 

other types of standard roofs such as hip, desk or graded roofs. On the other hand, many approaches 

described for processing 3D point clouds acquired from terrestrial platforms are designed to operate 

in 3D space (e.g. Alharthy & Bethel, 2002; Tovari & Votgle, 2004). Central to clustering techniques 

for processing original point clouds is the explecit definition of a neighborhood (e.g. for the 

estimation of normal vectors) (e.g. Filin & Pfeifer, 2005). Filin and Pfeifer (2006) proposed a slope 

adaptive approach which used some parameters of the laser data (e.g. point density, measurement 

accuracy, horizontal and vertical point distribution) to define neighborhoods among the measured 

points. Clearly this places the methodology at the mercy of the acquisition system and the chosen 

data set. Sampath and Shan (2008) pointed out that K-means (i.e. k clusters) clustering requires a 

priori knowledge of the number and locations of clusters. A priori knowledge is particularly 

important when the area of interest is dynamic and complex as that in the developing world (Baud 

et al., 2010). In addition, the clusters may make sense mathematically, but not spatially. For 

example points judged to to be coplanar can in fact belong to two different and spatially 
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disconnected buildings. 

Segmentation often does not include a distinction between flat and complex roofs. Alexander 

et al. (2009) used derived information (slope, aspect, elevation) from the LiDAR data via 

Triangulated Irregular Network generation (Delaunay triangulation) and from building polygons via 

geometric conversion (polygon, multi-line, line) to separate flat roof and pitched roof buildings. The 

attempt suffers from inherent elevation noise of the LiDAR data and the assumption that derived 

aspects are reliable (while it is never the case) and hence the result was only suitable for 

visualization purposes. 

Whether the segmentation is model driven (Mass 1999) or data driven (Sampath & Shan, 

2008), a subsequent refinement of individual point clouds via local histogram analysis and 

thresholding always follows. 

A systematic comparison of the performance of methods proposed for roof face  

segmentation, in particular between iterative and direct approaches, is given in Nyaruhuma (2007). 

Scan line segmentation, plane growing of points with least square seed selection, plane growing of 

points using 3D Hough transform seed selection and plane growing using TIN meshes were 

considered. Proposed by Jiang and Bunke (1994), the scan line method recursively divides scan line 

into segments until the distance of the points to a line is smaller enough according to a user 

specified threshold. Least squares seed selection chooses a seed by fitting a plane to every point in 

the data set together with a number of its neighbors. The point with minimum residuals e.g. 

orthogonal distance is part of a plane with the neighbors and taken to the seed. This method is (i) 

computationally expensive because it requires assessment of every point; (ii) likely to perform 

poorly if the roof structure is complex; and (iii) highly sensitive to outliers. 

As an alternative to least squares seed selection (Vosselman et al., 2004) and an extension of 

the 2D version which was normally used in the field of digital image processing for geometric 

primitive detection (Vosselman & Dijkman, 2001; Oda et al., 2004; Overby et al., 2004) came the 
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3D Hough Transform. Instead of iteratively fitting a plane to a few points, the work assumes that 

the point cloud could be parametrized into a few planes and hence sets out with generating the 

parameters of the planes that represent the roof faces using the Hough transformation with or 

without normal vectors. Although Hough transformation can detect planes in the presence of noise, 

it analyzes all members of the point clouds and hence can be computationally expensive and even 

so, a detected plane may contain points of another. 

Proposed by Gorte (2002), the TIN meshes approach starts by assuming that every triangle 

in the mesh is a plane segment with plane equation of known parameters derived from three corner 

points. Iteratively every segment is compared to neighbouring segments and the two neighbouring 

segments whose planes are closest are merged. The plane equation is then updated using all points 

in the segment. The process continues iteratively until no adjacent planes are similar enough, 

according to a user specified threshold, to be merged. However, the TIN meshes still need to be 

smoothed out further (Kersting & Kersting, 2005; Chen et al., 2006). The method is 

computationally expensive because the number of iterations is as large as the number of triangles 

that are in the TIN meshes to be segmented. However, TIN is really good in plane growing 

(Awward et al., 2010).

Nyaruhuma (2007) concluded that iterative methods have generally shown encouraging 

results but they are mainly affected by the presence of outliers or noise in the point clouds and may 

be computationally expensive due to processing through iterations that increase with increases in 

point spacing and data size. This reiterated the notion that LiDAR data quality controls the higher 

end of the final result accuracy. And due to the method's sensitivity to noise and outliers and 

potential computational resources it is advisable to clean the data as much as possible before 

segmentation begins. 

Performance assessment of the above methods were done in terms of correction (number of 

faces correctly detected, any instance of over segmentation, under segmentation or missing in 

65



segmentation) and geometric accuracy (angular and orthogonal distances from true faces) 

(Nyaruhuma, A.P., 2007). This requires reference segmentation of the same buildings and further, a 

tolerance threshold for determining correction and completeness defined according to the user. For 

most simple roofs, both the Hough and TIN algorithms perform well, with the superiority yielding 

to the former. With increased complexity in roof structure, Hough performs better than TIN, and 

even more at higher tolerance level. 

Increasing tolerance level risks missing more roof faces but prevents noise from being 

included in the segmentation results. Given the same tolerance threshold, TIN works more poorly 

than Hough. The poor performance for TIN can be explained by the way the method works. 

Triangles are created for all points in a convex hull to form a TIN even for points far away from 

each other such as in height jumps. The triangles in these jumps may be isolated by using slope 

threshold and segment size during detection of faces but if the roof face is very narrow, these points 

may be a large proportion of the segment and thus give rise to missed or over segmentation. Hence 

whether TIN is used or not, the need to gauge off those height jumps is once again clear.

Point spacing, or point density, directly relates to the accuracy of the scanning system from a 

supplier's perspective and to that of the reconstructed city scape from a user's perspective. Given the 

same point spacing Hough detects more faces than TIN at all point spacings such that even the faces 

detected from most sparsely spaced points, at 1.6 points/ m2, were more than those detected by TIN 

from the most densely spaced points at 0.1 point/ m2 (Nyaruhuma, A.P., 2007). It is true, however, 

that there is a slight decrease in the segmentation results. One of the reasons for this slight increase 

is that with small faces, when the point spacing is very high, the points are removed and the 

remaining points may be below a threshold set for accepting a roof face. Also, given the same point 

spacing, the number of faces returned by TIN is lower, with higher angular differences between a 

reference face and segmentation face and higher orthogonal distance. Another aspect is that an 

increased tolerance reduces the angular and perpendicular errors. 
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Finally the time taken for TIN processing increases proportionately with the increase in the 

number of points. That is because the number of triangles which are the starting segments for the 

algorithm, and which are joined one after the other iteratively, increases with increasing data size. 

Given the same large data set, TIN took an hour, as opposed to a few seconds by the Hough 

transformation (Nyaruhuma, 2007). Timing has established the superiority of Hough over TIN, 

which will in turn be desmontrated as less preferrable by Tarsha-Kurdi et al. (2008a, b).

In both studies, Tarsha-Kurdi et al. (2008a, b) pointed out the implicit assumptions of the 

catalogue driven/ data driven building constructing models; moving on to compare the Hough 

transformation with Random Sample Consensus (RANSAC) and then focused on the performance 

and improvement of RANSAC. Although both approaches consider that a primitive building can be 

described as a set of parameters, the model driven methods calculate the values of the parameters 

before constructing the 3D model after a chosen model out of a catalogue whereas the data driven 

ones simulate each part of the point cloud in order to obtain the nearest possible polyhedral model, 

and then obtaining the parameters of the fitted planes.

Region growing algorithms were bypassed since they are sometimes not very transparent 

and not homogeneously applied. However the 3D Hough transform can be mathematically obscure 

to first time users and sometimes only return the best statistically represented planes. The method 

only looks for the plane containing the maximum number of points, not necessarily the most fitting 

plane calculated according to the least squares theory nor their geometric significance with the 

actual building. For this reason the modified RANSAC (mRANSAC) was designed, which 

maintains the same principle, it searches the best plane among a 3D point cloud by randomly 

selecting three points, calculating the parameters of the corresponding plane and iterating through 

the set while minimizing the number of iterations. The number of points belonging to a calculated 

plane is according to a given threshold. Similarly to Hough and TIN, threshold plays an important 

role in determining the efficiency and accuracy of the algorithm. This threshold is given due 
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emphasis in Section 4.3 and set interactively for each point subcloud. Despite the use of a pure 

mathematical principle without taking into account the particularity of the building structure and 

hence a potential of unacceptable errors, mRANSAC has higher tolerance to low point density 

while still provides results in much shorter time (e.g. 15 seconds vs. 230 seconds) and of higher 

quality than 3D Hough. 

 4.2.4. Building reconstruction

After the faces are recognized a method is needed to interpolate the heights in between the 

points and hence transforms the working geometry from points to polygons. The methods pertaining 

to this purpose are called building (or object) reconstruction. Dorninger and Pfeifer (2008), Tarsha-

Kurdi et al. (2008a, b) among others divided building reconstruction methods into two 

fundamentally different approaches: model driven and data driven. In model driven methods a 

predefined catalog of roof forms is prescribed. The models are tested and the one with the best fit is 

chosen (Maas & Vosselman, 1999; Haala et al., 1998). This is especially appropriate for low point 

densities. An advantage is that the final roof shape is always topologically correct. A disadvantage 

is, however, that complex roof shapes cannot be reconstructed, because they are not included in the 

catalog. Data driven methods are appropriate for high point densities (Jochem et al., 2009), whereby 

the roof is “reassembled” from roof parts found by segmentation algorithms . The results of the 

segmentation process are sets of points, each one ideally describing exactly one roof face. Some 

roof elements (e.g. small dormers, chimneys, etc.) may not be detected. An important assumption 

here is that small windows on the roofs, overhangs on the walls, HVACs and attennas do not occupy 

so large a space that its omission adds significant area to the roof area free for panels, nor do they 

impose a significant amount of shading on future panels hereby installed. With such assumption, 

the omission ceases to be a problem. The challenge is to identify neighboring segments and the start 

and end point of their intersection, which was avoided by way of partitioning the given ground plan 

and finding the most appropriate (in some cases: nearest) plane segment to each partition 
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(Vosselman & Dijkman, 2001).

Maas and Vosselman (1999) used Laplace and median filters to produce individual point 

clouds for each house but returned to the original LiDAR data for extracting parametric house 

models. Accordingly, a standard gabled roof building will have a solution containing seven 

parameters computed from the shift, scale and rotation invariant forms of binary moments. Such 

solutions can be modified for other types of standard roofs such as hip, desk or graded roofs. On the 

other hand, Kim and Habib (2009) attempt to generate building models by integrating LiDAR and 

stereo imagery in order to overcome the dependence on the irregular and sparse nature of LiDAR 

data.

An application using the data-driven approach is proposed by Vosselman and Dijkman 

(2001). A three dimensional version of the Hough-transform algorithm is used to detect planar faces 

within the unstructured point cloud. Reconstruction of the buildings is performed by using available 

ground plans of the buildings. Further applications using either the model-driven or the data-driven 

approach for automatic building reconstruction can be found in Tarsha-Kurdi et al. (2007, 2008a, 

b). Elberink (2008) focuses on problems related to the reconstruction of building parts using either 

the data driven or the model driven approach, which increase in improvements of acquisition 

systems, model requirements and level of detail being considered. 

4.3. Methodology

As outlined above, a wide range of techniques have been used to extract building geometry, 

and in particular roof geometry, from LiDAR point clouds and from imagery. Our focus is on rapid, 

efficient, and lightweight extraction of roof models to assess photovoltaic solar potential of 

neighborhoods. Unlike the methods described above, exactness is not deemed as essential as is 

generality to a wide variety of situations and efficiency in spite of realistically mixed data quality.

The methodology used herein is based on the following five assumptions: (i) individual buildings 

can be modeled properly by a composition of planer faces; (ii) anything below a chosen elevation 
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cutoff is irrelevant for solar PV potential assessment; (iii) tree canopies are opaque; (iv) small 

windows on the roofs, overhangs on the walls, Heating, Vent and Air Conditioning facilities 

(HVACs) and attennas do not occupy so large a space that its omission adds significant area to the 

roof area free for PV panels; (v) the height of the object and subsequently the altimetry of the 

Digital Surface Model (DSM) is the difference between LiDAR's z values and an available DTM 

and (vi) there is no discrepancy in real time urban structures between aerial photos (AP) and 

LiDAR.

A case study was performed in order to test the methodology on a pilot area as seen in Fig. 

4.1, which overlaps with the pilot area that was used for a study on PV potential in for Utilities 

Kingston (forthcoming, Nguyen & Pearce, 2011), the local electrical provider for the community. 

Of 1km2 coverage, the area represents 1% of Utilities Kingston's administrative territory. Data 

available for the region include tiled DTMs, tiled aerial photos collected in 2008, tiled LiDAR point 

clouds acquired in 2008 and a 2010 building footprint shapefile. 

Among multiple levels of returns that LiDAR offers, the last returns of this area were used 

for roof construction since they were considered to most likely reach the closest to the ground hence 

the last object on the ground or the ground itself would be picked up by the last pulses (Dalponte et  

al., 2009; Christen et al., 2010). Especially for buildings last and first returns are the same (in z 

values), which was checked with the current dataset.
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A complete flowchart showing the steps that precede the creation of a DSM presented in this 

chapter and applied for this simulation is given in Figs. 4.2a-c. In three figures the triangular 

envelopes with emboldened border and red label indicate the platform on which the processes and 

data contained within were carried out. First, the altimetry of last LiDAR return pulses were used 

for building detection and extraction. The latter was carried out with assistance of the roofprint 

shapefile. The data noise was reduced by using a buffer zone and an elevation floor limit. These 

steps are summarized in Fig.4.2a. The remaining 'good' data was fit into different planar faces, the 

procedure of which is explained in Fig.4.2b. Fig.4.2c shows how the working geometry is 

transformed from points to grid via Delaunay triangulation3.  Accordingly the area grown by TIN 

3 Delaunay triangulations maximize the minimum angle of all the angles of the triangles in the triangulation and 
tend to avoid skinny triangles by ensuring that no point in a set of points is inside the circumcircle of any 
triangle considered. (B. Delaunay: Sur la sphère vide, Izvestia Akademii Nauk SSSR, Otdelenie 
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Fig 4.1:  The case study area, a portion of Kingston, Ontario and in particular the Princess Street 
downtown corridor. The chosen buildings are delinated with boldened black lines and greyed over.



(subsection 4.3.4.3) was converted to raster at a resolution of 0.5m. It was added on top of the 

existing DTM to create the DSM. It should be pointd out that it is essential that in the mosaic to 

create a new raster command, the same bit (32 or 16) and data type (floating or continuous) with the 

DTM is specified. A series of screenshots to illustrate this process are presented in Appendix A.

Matematicheskikh i Estestvennykh Nauk, 7:793–800, 1934).
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Fig. 4.2a: The  classification of points based on the objects they correspond to was carried out in ArcGIS 9.3



Fig. 4.2b: Roof segregation was done using Matlab, followed by the interpolation and rasterization in ArcGIS



Fig. 4.2c: Final scene construction (in ArcGIS) and irradiance modeling (in GRASS)



Single points from last returns were released from the 3D structures by the Multipart to 

single part and took 11 minutes. The Z values were extracted using the Point to Raster using Shape 

and took 21 minutes. Next a buffer region around individual roofs was sized in order to eliminate 

the noise occurring along the break lines or edges (Section 4.3.1). Then an elevation cutoff was used 

to provide automatic filtering of non-building objects and automatic building detection (Section 

4.3.2). The point cloud was broken into subclouds corresponding to individual buildings, a process 

in which the buildings points were further refined and trees were concurrently picked out (Section 

4.3.3). After the refinement the subclouds were ready to go into roof fitting (Section 4.3.4).

4.3.1. Buffering the roof points

Initial extraction attempts to capture those points that fall within the known outline of a 

building; since there are centimeter to decimeter – level horizontal errors in both the outlines and 

the LiDAR points themselves, the result is imperfect. The LiDAR points within the roofs’ outlines 

still contain incorrectly positioned points representing the ground level height or other objects at 

slightly lower elevations e.g. window, overhangs. Lying close to the roof breaklines they hence can 

disturb the coplanarity of the point cloud, leading to noisy normal vector and hence error in 

clustering (Sampath & Shan, 2008; Kassner et al., 2008). They were eliminated according to their 

position and height by following the basic procedure described by Haala (2005) and Carneiro et al.  

(2009), where a building outline is buffered and points in the buffer are considered suspect. Four 

nominal distances were chosen: +/ - 1m and -0.5m. The positive sign means external buffer; 

otherwise the buffer lies inside the polygon boundary. Selection by proximity was done first with 

ground points and then without ground points (ground points are defined to be those below an 

elevation cutoff – Section 4.3.2) 

4.3.2. Elevation cut-off

Next, all points within the roofs’ outlines are filtered by introducing a threshold value above 
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the bare earth elevation level (DTM). The same sample was used in determining this cutoff. Due to 

the mismatch between when the shapefile, the photos and the LiDAR data were acquired, such 

cutoff had to be chosen carefully since any change in building structures in between the timeline 

can make the cutoff appear as capturing redundant or false information such as an abolished potio 

or a newly built entrance. The largest error was found to be with complexes of roof of different 

kinds, which were created due to the density of building in downtown Kingston. The roof sample 

hence was fine-tuned by the removal of these buildings and future work is needed to enable an 

automated system that can handle roof complexes.  To determine the range of an appropriate cut off, 

the zoning bylaw for the township of Kingston was consulted (by-law no.96-259), which gives the 

range of 2.5 – 3.5m. 2.5m was the final choice. 

Any features found inside a safe building cloud as determined in 3.1 was further filtered to 

remove points below 2.5m elevation above the local ground surface. This accounts for points 

sampled through skylights, small and unmapped courtyards, and the like. Since Z values are directly 

acquired by the LiDAR system, this allows for a higher degree of automatic filtering of non-

building objects and automatic building detection as a whole (Kim & Habib, 2009) and facilitates a 

precise inner roof segmentation and modeling (Kassner et al., 2008). Vu et al. (2009) went as far as 

using the Z values as primary input to delineate the structural information, a translation between a 

point cloud 'world' to a morphological scale space and regarding the behavior of elevation clusters 

across the scale space as cues for feature extraction. In other words, to Vu et al. (2009) the 

definition of an elevation cutoff varies with the object being dealt with. In contrast, in this study, 

only one elevation cutoff is defined as universal and applied throughout. 

A vertical slice of the point cloud is included in Fig. 4.3 below, which illustrates the 

assumptions and definitions for the buffer (Section 4.3.1) and the elevation cutoff.
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4.3.3. Individual point subcloud processing. Tree and noise detection.

Since the automation algorithms are highly sensitive to any lurking noise i.e. height jumps, 

anomaly detection and removal was done (Carneiro et al., 2009), whereby maximum, minimum and 

average elevations of the points that fall within the roof polygons were to be used to detect such 

anomalies as rooftop antenna points, small chimneys, and trees. The areal point cloud was split4 into 

individual buildings for further clean up and analysis (Mass 1999). Splitting into point subclouds 

also allows registry of buildings as individual entities and electricity users for future assessment of 

microFIT5. Point cloud statistical analysis was carried out to distinguish flat roofs from tilted roofs 

and to dissolve compound buildings into single buildings. 

4.3.4. Roof fitting

The subpoints at this point are ready to be segmented and used for reconstruction. In a 

4 The Split field comes from the roof print file when a Text field (building id) was added to act as split zone. 
5 http://microfit.powerauthority.on.ca/microFIT-Rules/Introduction/index.php
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the elevation cutoff



mathematical sense, since the assumption is that each plane can be represented by a distinct 

equation in the Cartesian coordinates, segmentation is to derive such equations, which are in turns 

used for interpolation in region growing. Equations for horizontal roof faces are relatively easy to 

construct, but those for slanted faces have first to be recognized by RANSAC before being linearly 

regressed by the Single Value Decompostion (SVD) algorithm. 

4.3.4.1. Random Sample Consensus (RANSAC)

A combination of (the concepts of) RANSAC and SVD has been proposed as effective in 3D 

scene rendering (van der Sande et al., 2010; Kim & Han, 2006): RANSAC is for detecting true 

outliers and SVD to find the principle components of the roof planes. mRANSAC pseudo-code is 

more transparent to first time users. Detail is provided by  Kursha-Tardi et al. (2008a, b). In 

traditional geometry a plane is a surface that contains straight lines in all directions. On the other 

hand, mRANSAC considers one plane as the thickness of points ranging between two 

parallelplanes, the distance between which is specified by the programmer. Scripts of RANSAC and 

SVD available from an online repository6 were downloaded and modified such that due 

considerations were added to the script:

• The number of trials is an interactive input, tuned by different urban topologies and point 

densities. If the point density is low enough, satisfactory results will be returned after the 

first run.

• Although mRANSAC aims at reducing the number of trials, it does so at the expense of 

having no guarantee for a solution free of gross errors i.e. obtaining the same result after 

each iteration (Kursha-Tardi et al., 2008a). Hence the number of faces is larger than what 

the actual building does have so that two results for the same face can be compared. 

• The number of points of the smallest foreseeable plane surface for each surface becomes one 

of the threshold: larger than necessary of a number of points results in false or under 

segmentation but smaller than necessary of a number of points will cause the segmented 

6 www.mathworks.com
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result to have smaller area, compounding the fact that we already used a buffer to select the 

roof points (Section 4.3.1).

• Noise points were to be eliminated before running the script

4.3.4.2. Single Value Decomposition (SVD)

The mathematical context of 3D object modeling leading up to the use of SVD is given by 

Shashua (1997) and Sarabandi & Kiremidjian (2008). The algorithm defines a plane as one that best 

fits the point cloud. Such a problem is a multi-linear optimization in its own right. Both the 

mathematical proof and the explanation of each command in the script can be found within the 

vector algebra community7,8,9,10. The script was embedded at the end of RANSAC to complete the 

recognition and regression regarding slanted faces. The codes for both scripts are included in 

Appendix B.

4.3.4.3. Triangulated Irregular Network (TIN)

By this stage, the Z values of LiDAR points had been interpolated according to the equation 

of the plane to which they are segmented. However they can not be rasterized right away for risk of 

losing information (Jochem et al., 2009) or even failure of rasterization. The LiDAR points are now 

ready for plane growing, which is why TIN comes next in the processing chain (Nyaruhuma, 2007; 

Awward et al., 2010). Besides the disadvantages in the inherent design of the algorithm 

(Nyaruhuma, 2007) it also suffers from another difficulty in defining the correct seed surface, which 

is inevitable for data sets acquired from the urban environments (Awward et al., 2010). However 

after noise removal (Section 4.3.3 and subsection 4.3.4.1) and homogeneity establishment 

(subsection 4.3.4.2), the sensitivity to noise is gone and hence the strength of TIN in plane growing 

comes into full use and helps overcome the dependence on the irregular and sparse nature of 

LiDAR data (Kim & Habib, 2009). 

7              http://www.mathworks.com/products/statistics/demos.html  ?  
                file=/products/demos/shipping/stats/orthoregdemo.html#1   
8              http://www.math.ucla.edu/~pskoufra/SingularValueDecompositionExample.pdf     
9              http://sci.tech-archive.net/pdf/Archive/sci.math.num-analysis/2004-10/0086.pdf     
10            http://www.mathworks.com/moler/eigs.pdf     
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4.3.5. Tree handling 

In this field Dash et al. in 2004 used height variation in the context of object periphery data 

to develop a method based on standard deviation to distinguish between trees and buildings. Along 

the same line, trees and buildings were separated during the statistical analysis of point subclouds. 

Future work is needed in this area (forthcoming, Nguyen et al., 2011).

4.3.6. Digital Surface Model (DSM)

The area grown by TIN (subsection 4.3.4.3) was converted to raster at a resolution of 0.5m. 

It was added on top of the existing DTM to create the DSM. It should be pointd out that it is 

essential that in the mosaic to create a new raster command, the same bit (32 or 16) and data type 

(floating or continuous) with the DTM is specified

4.4. Results

4.4.1. Buffering size determination

Table 4.1: Buffer size selection based on point counts

Buffer size With ground points With ground points, 
less than 2.5m

Without ground 
points

-1m 225,948/ 843,862 1,878/ 225,948 224,070/ 414,236
-0.5m 243,905/ 843,862 2,856/ 243,905 241,049/ 414,236
+1m 297,866/ 843,862 277,075/ 414,236

+0.5m 282,774/ 843,862 271,229/ 414,236

Although an inner buffer of 0.5m has more missclassified points, it actually encompasses 

more roof points than that of 1m. A discussion on how using such a buffer will affect the roof area 

available or solar PV is given in Section 4.4.3. Here -0.5m was chosen as a buffer size, or a 

detection band of 1m in width. The effects of such buffer selection on the chosen area is shown in 

Table 4.1: Although an inner buffer of 0.5m has more off points, it actually encompasses more roof 

points than that of 1m. Hence 0.5m was chosen as the appropriate buffer size. 

Once a suitable buffer size was decided to be 0.5m, there are four categories of (mis)classification 
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to be populated: (i) ground points that are categorized to be ground (ring 4), (ii) ground points that 

are categorized to be roof (happening mostly around an outer edge ring of the roof) (ring 3), (iii) 

roof points that are categorized to be ground (happening mostly in an outer ring of the roof) (ring 2) 

and (iv) roof points that are categorized to be roof (ring 1). They are represented by blue (ring 1), 

red (ring 2), yellow (ring 3) and no color (ring 4) in Fig. 4.4 below. A sample of completely clean 

buildings: correct delineation, no trees, simple shape and structure was selected for this error 

analysis. The test can help identify the source of error. If the cause of error was instrumental 

(dysfunctional GPS leads to points being misclassified in a wiggly pattern) or geometrical 

(misclassified points were asymmetrical, either on the outer ring or on the outer edge ring of roofs) 

then the misclassification matrix will show it. The population can then be used to detect trees and 

antenna noise. The sample has 57 buildings. Four buffers were created i.e. 4 rings as previously 

defined. By counting the number of points that spatially fall into each ring the extent of roof is 

assessed to be correctly classified and captured.
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Table 4.2: Misclassification matrix by point counts 

Position ground as 
ground

ground as roof roof as ground roof as roof

Ring 1 1773 188866
Ring 2 1634 13966
Ring 3 4432 11030
Ring 4 179016 14,500 (could be 

trees and noise 
too)

Table 4.2 shows that running for the ring 4, which is the area within the extent but outside 

0.5m away from the roof, is challenging because the extent has to encompass only the houses in the 

sample and the points that are spatially selected to be within this area can still correspond to trees or 

within 0.5 away from the roof due to imperfect extent outlining. A further cleanup was done to 
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Fig.4.4: Ring extent: the inner roof area, the outer roof edge, the outer roof buffer and the remaining 
of the area surrounding a particular building are represented in blue, red, yellow and colorless 

respectively.



make sure that no point will lie within the outer buffer of 0.5m. For the outer edge (ring 2), there are 

more correctly classified points than there are not. For the outer ring (ring 3), it is the other way 

round. 

4.4.2. Elevation cutoff

By comparing Tables 4.3 and 4.4 it can be seen that (i) 2.5m or lower is a better cut off for 

small houses (this should be taken into account when dealing with small houses) and (ii) there are 

still some left out due to the lack of update for footprint shapefile, which should be addressed, but 

may go beyond the ability of the researcher. This is confirmed by observations in Figs. 4.5 and 4.6 

where green stands for points that meet the cutoff and red otherwise. On the contrary, 3.5m is quite 

effective in picking out bad areas for large houses as can be seen in Fig. 4.7 where an abolished 

corridor was not updated in the footpring but was detected merely by using a higher elevation 

cutoff. The desired elevation cutoff was thus chosen to be between 3.5m and 1.5m. 

Table 4.3: Assessment of 1.5m cutoff based on point counts

Position ground as 
ground

ground as roof roof as ground roof as roof

Ring 1 296 64302
Ring 2 713 7331
Ring 3 2208 6061
Ring 4 179016  14,500(could be 

trees and noise 
too)

Table 4.4: Assessment of 3.5m cutoff based on point counts

Position ground as 
ground

ground as roof roof as ground roof as roof

Ring 1 1455 63143
Ring 2 1503 6541
Ring 3 3437 4832
Ring 4 (could be trees 

and noise too)
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Fig 4.6: Using 3.5m as cutoff for small houses eliminates 50% of the 
correct roof points

Fig.4.5: Using 1.5m as cutoff for small houses helps captures the 
majority of correct roof points (green) in the roof area and leaves 

the noise for outer rings.



In order to determine how large the error within the pool of smaller buildings is the 

following the number of correctly classified points was counted for small houses and large houses 

within the sample using 187m2 as an area cut off for the first standard deviation and 3.5 m as 

elevation cut off. However, it should be noted that counting points is a problem because larger 

entities will have more returns than smaller ones. Although Tables 4.5 and 4.6 show that 3.5m 

performs better on large buildings it is the small buildings for which care must be taken to prevent 

under-representation (i.e. losing too much of their roof areas due a stricter cutoff). Hence a 2.5m 

cutoff was chosen, which was similar value reported to be used by Kassner et al. (2008). 
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Fig 4.7: Using 3.5m as cutoff on large houses helps identify an 
entrance that no longer exists but was still picked by LiDAR as 

legitimate roof.



Table 4.5: Error in small houses in terms of the number of misclassfied points

Small houses ground as 
ground

ground as roof roof as ground roof as roof

Ring 1 195/ 3996 (5%)
Ring 2 263/ 905 (26%)
Ring 3 636/ 1252 (50%)
Ring 4  (could be trees 

and noise too)

Table 4.6: Error in large houses in terms of the number of misclassified points

Big houses ground as 
ground

ground as roof roof as ground roof as roof

Ring 1 1260/ 60623 (2%)
Ring 2 1247/ 7186 (17%) 

- mixed roof/ 
complex houses

Ring 3 2837/ 7120 (40%)
Ring 4 (could be trees 

and noise too)

4.4.3. Point cloud statistical analysis

Point cloud statistical analysis was carried out to distinguish flat rooftops from tilted roof 

planes and to dissolve compound buildings into single buildings. In general, a single roof plane or 

roof with minimal differential tilt will have the standard deviation in height among the points 

between 0 and 0.7m;  flat roofs with obstacles or part of trees will have elevational standard 

deviation between 0.7 and 1.4m; complex roof will have elevational standard deviation larger than 

1.5m. If the standard deviation is less than 1.4m, a TIN is checked to see if the roof can be further 

segmented or a few points can be regarded as trees and exported, or if that is minor noise, the noise 

will be removed (the noise is obvious when the difference between it and real roof is at least 0.3m 

and these points are not close together to form a plane by themselves). The status of a flat roof is 

confirmed if the histogram is one single spike, or a compound of multiple flat roofs for multiple 
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spikes. For the latter, local maxima will be visited individually and in both cases, the tails of the 

histograms will represent lower structures (left tail) and roof top obstacles (HVAC, antenna etc.) 

(right tail). For the case study, 555 point subclouds that cover twice the area chosen as pilot for the 

Utilities Kingston study were processed in one week, resulting in 1000 instances of both roofs and 

trees.

4.5. Error analysis

Nyruhuma (2007) was able to assess how accurate the reconstructed urban scene is to reality 

using roof angle, roof area, building height and van der Sande (2010) was able to evaluate the 

quality of the LiDAR data with reference data. These potential sources of rich error analysis are not 

always available and were not accessible for the data set chosen here.  However, the performance of 

the proposed method was evaluated by comparing the roof angles of our results for five complex 

roof structures (Nicol, McLaughlin, Ontario, Douglas and Convocation Halls) on the Queen's 

University campus, Kingston, Ontario with those provided in the archived blueprints and shown in 

Fig 4.8. 

Roof tilt angle, constitutes the surface slope for the DSM, or β, is one of the three defining 

parameters for the local coordinate system concerning the sun and the site in solar energy 

engineering (Budin & Budin, 1981; Duffie & Beckman, 2001). Hence the accuracy of the proposed 

algorithm, namely of the modified RANSAC and SVD scripts, lies in the precision of the derived 

roof angles. It is worth noting that (i) it is assumed that the roof angle overshadows any plot's 

terrain, hence once added over the DTM, the roof angle becomes the DSM's local slope; (ii) the 

number of faces is a user input in the script, which eliminates the need to determine over or under 

segmentation; (iii) the practice in hand drawing blueprints for the older buildings on campus is to 

add or subtract 5 degrees from the true angles, which gives rise to a grey zone of 10 degrees around 

the denoted angular value we have for each face and (iv) elevations checked on the flat roof 

buildings all returned within 0.20m of the denoted heights on the blueprints.
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To obtain the angles, the parameters to the equations representing the two planes are computed first. 

Our SVD script returns the constants a, b, c, d of the plane equation

a∗xb∗yc∗z=d (4.1)

In particular, the normal vector to this plane can be written in row form as [a, b, c]. The angle 

between two planes 

       a1∗x1b1∗y1c1∗z1=d 1 (4.2)

and 

       a2∗x2b2∗y2c2∗z 2=d 2 (4.3)

The corresponding normal vectors are (a1, b1, c1) and (a2, b2, c2), is given by the inverse cosine of 

the dot product between two normal vectors11:

      =cos−2[a1∗a2b1∗b2c1∗c2/a1
2b1

2c1
2∗a2

2b2
2c2

2]  (4.4)

There were only five buildings with available blueprints, and both tilted roofs and good LiDAR 

records. As can be seen in Fig. 4.7 the LiDAR-derived angles fall into the error zone of +/- 5 

degrees from the blueprint values. A specific case (McLaughlin Hall) has a series of dormers along 

its front and back roofs that resulted in exceptionally poor LiDAR point cloud quality as the sensor 

picked up part of the dormers and part of the roof in between the overhangs. 

11 In Matlab this is simply θ = acos (dot (n1, n2))
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4.6. Discussion and Future Work

As can be seen in Fig. 4.8, the results are within 5% error given five key assumptions: (i) 

individual buildings can be modeled properly by a composition of planer faces; (ii) anything below 

a chosen elevation cutoff is irrelevant for solar PV potential assessment; (iii) tree canopies are 

opaque; (iv) small windows on the roofs, overhangs on the walls, HVACs and antennas do not 

occupy so large a space that their omission adds significant area to the roof area free for PV panels; 

(v) the height of the object and subsequently the altimetry of the DSM is the difference between 

LiDAR's Z values and the DTM; and (vi) no discrepancy in real time urban structures between 

aerial photos (AP) and LiDAR. For Kingston, which lies on the latitude of 44.6 a discrepancy of tilt 

angle of 5 degrees from optimal will reduce the PV yield by 1 to 5% as shown in Fig. 4.9.
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Neither will it affect the validity of the DSM as the elevation is preserved. The roof area, 

however, will be smaller, since the roof area was twice reduced: the first time by the use of a buffer 

along the edges and the second time by the point thinning effective in the RANSAC script. That 

means the output would be a conservative estimation of area available for PV panels. In actuality, a 

rooftop PV system often takes up between 40 and 80 % of the roof area (Carneiro et al., 2009). 

The methodology presented here is a continuation of previous attempts made by Kassner et al. 

(2008), Dorninger & Pfeifer (2008), Jochem et al. (2009) and Carneiro et al. (2009) to provide 

urban rooftop data for determination of the regional PV potential on rooftops. However, this method 

is more interdisciplinarily transparent, comprehensive and has the advantage of relaxing the 

mandatory data quality. On its own it is the next piece of the pyramidal procedure to estimate solar 

photovoltaic potential from a regional level (Nguyen & Pearce, 2010), to a municipal level 

(Wiginton et al., 2010; Nguyen et al., 2011 forthcoming) and now a household scale. Given these 

qualities, it is suitable for use in regions without good LiDAR data and part of it is possible for 
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context of shading) and PV output.



utilities in the developing countries where these techniques are at an early stage of development.  

The weakness of this methodology is a compromise between mathematical sophistication and 

technical adaptability, between automation and intensive supervision. For example, the role played 

by z values in building extraction is less flexible than that in Vu et al. (2009). Although the results 

were confirmed to be in good agreement with blueprints it should be recognized that in a different 

urban setting e.g. India, Iran or Southeast Asia, the styles and scales of architecture will be more 

varied. Such complex architecture calls for a more relaxed scheme of elevation cut-off, but  also 

requires a large scale comparative study of urban morphology in order to develop such scheme. 

Technicality forms only part of the methodology design. The choice of different components was 

reached at the convergence of time, personnel, data (quality) and available expertise. 

In light of a variety of users and needs that this study reaches out to, especially the solar PV 

engineers, an attempt was made here to give a comprehensive examination of options and 

suggestions for future work. The final piece of the pyramidal process is to run shading and 

irradiation simulation on a micro-site, namely a sample size of about 30-50 households in 

downtown Kingston (Nguyen and Pearce, 2011, forthcoming). Since there are not many trees, let 

alone tall trees, in downtown Kingston, the tree handling is left for future work (Nguyen et al., 

2011). While extracting buildings it was also possible to extract trees. The approximation of tree 

canopies is left as a separate puzzle, which is very much related to that of curved surface. It so 

happened that the chosen (micro) site has no curved surface, which otherwise can be approximated 

by as a set of planar faces (Dorninger & Pfeifer, 2008).

The acquired experience in running the SVD script can be incorporated into future works to 

improve their performance. Since the algorithm itself is random, not all the same points and only 

slightly different planes will be output anytime a run is attempted on a particular roof structure or 

roof facade. To facilitate the completion of the process the following parameters need to be fine 

tuned: (i) specify more than than actual number of roof faces, lest the program terminates before all 
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the roofs are recognized; (ii) only use 80% of the estimated number of points corresponding to one 

plane to segment out the plane in question; (iii) use the number of points representing the most 

dominant face in the structure first, hence the remaining point cloud is even easier to resolve and 

(iv) in some cases of bad data quality, the raw z values pertain the true roof angles, but the 

interpolated ones do not. Hence it is suggested to include in the homogeneity criteria the 

minimization of the angular discrepancy between the raw and the interpolated z values. 

This study extended the argument made by Sunak & Madener (2011) and Manfren et al. (2011) on 

the shifting paradigm and confirmed the vision by such authors as Buchanan & Brussel (2001) and 

Brenner (2005): remote sensing will play an important role not just in the paradigm shift of urban 

energy, but in urban planning as a whole. It will facilitate the prediction and management of urban 

sprawl (Davis & Schaub, 2005; Guindon & Zhang, 2007; Rezanan et al., 2010) and push forward 

sustainable urban planning in not just the developed world, but also the developing countries as they 

catch on with the technologies (Ahmadi et al., 2010; Baud et al., 2010). The technical and hence the 

perceived barriers to similar topics of research are taken down thanks to the facts that the data here 

is the 'worst' case scenario that one can have for a similar project and that the workflow was 

developed for a diverse community ranging from engineers, spatial analyst to urban and social 

planners. To that end, open sourcing the methodology and software is another pressing topic, which 

could help further accelerate the paradigm shift.

4.7. Conclusions

Chapter 4 provides a methodology for the application of LiDAR to automated solar 

photovoltaic  deployment analysis on the regional scale. Challenges in urban information extraction 

and management for solar PV deployment assessment are determined and quantified. First, a 

comprehensive examination and comparisons of existing algorithms and approaches to turn LiDAR 

point cloud into 3D urban scenes was provided. A more cross-disciplinarily transparent 

methodology that attains a 95% accurate segmentation from raw and randomly chosen data was 
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demonstrated.  The methodology implements what previous literature recommends in terms of 

integrating cross disciplinary competences in remote sensing, GIS, computer vision and urban 

environmental studies. It is a robust methodology that can work with poor-quality data and 

reconstruct vegetation and building separately but concurrently.  Since the coarse selection of 

building regions is crucial to reliable results considerable attention was focused on this first step. 

Subsequent steps in building extraction, segmentation and reconstruction were carried out 

accompanied with mathematical proofs and illustrations.  The approach was data driven hence the 

whole attempt can be regarded as a large scale optimization problem aiming at best approximating 

the point cloud. Singular Value Decomposition, Random Sample Consensus and Triangular 

Irregular Network were confirmed as essential tools for the task. Rules of thumb were collected to 

incorporate in the development of such scripts for extracting rooftops for solar photovoltaic 

potential. But there is still room for the more mathematically rigorous or biologically minded 

audience to contribute and orient the workflow to suit their needs. Hence this can be regarded as the 

next step towards a new generation of urban analysis softwares.
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Chapter 5

Incorporating Shading Losses In Solar Photovoltaic Potential 
Assessment At The Municipal Scale1

5.1. Introduction

The single problem of solar radiation simulation makes clear the necessity for a 

multidisciplinary and systemic approach related to specialties as different as meteorology, 

geography, architecture and urban systems engineering. The goal of several existing projects and 

recent workshops (SEUS 20102, IEA PVPS Task 103, POLIS4) has been to examine this issue as a 

whole, from the climatic data to the urban development strategies, showing how the new tools 

(second generation satellites, very large geometric models and technological improvement in the 

data acquisition) can be integrated to obtain better quantification and control in order to transmit the 

useful information between the actors at macro (territory), meso (city) and micro (building) scales 

(SEUS, 2010). The sheer numbers of existing packages5 (e.g. Radiance 1992, Heliodon2, SunTools, 

etc) and generations of projects (EU PVP Task 10 2007 - 2010, POLIS 2009 - 2012 ) confirm the 

promise and excitement that the topic offers.

Despite (i) the ongoing interests from the public, the government and different sectors in the 

scientific community (architecture, meteorology, geography, engineering); (ii) the previous and 

existing investigations; and (iii) the emergence of new tools (Carneiro et al, 2009; SEUS 2010) a 

comprehensive and reliable toolkit for sustainable urban design is lacking among practitioners. Very 

few applications have been implemented to process the data for the environmental analysis and to 

get quick, but reasonably accurate insight into the performance of the urban morphology. Much less 

1 Ha T. Nguyen and Joshua M. Pearce. “Incorporating Shading Losses in Solar Photovoltaic Potential 
Assessmentat the Municipal Scale”. 2011. To be submitted to Solar Energy.

2 http://www.utc.fr/seus/
3 http://iea-pvps-task10.org/
4 http://www.polis-solar.eu/solar-urban-planning-in-polis/
5 http://www.urbanclimate.net/E_2TOOLS.HTM
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takes place in order to streamline the communication across different disciplines of interest and 

hence a perceived difficulty when one desires to do a solar photovoltaic assessment on the meso and 

micro scale (Wiginton et al., 2010; Nguyen & Pearce, 2011 forthcoming; Nguyen et al., 2011, 

forthcoming). 

Considered individually site data acquisition and derivation (i.e. urban texture reconstruction 

and modeling) and spectral and meteorological performance of the urban fabric are attractive and 

proliferate research areas6. However the algorithms introduced are (i) for macro scale or for micro 

scale;  (ii) missing the urban district in the middle (Jochem et al., 2009; Carneiro et al., 2009); (iii) 

site specific (Kassner et al., 2008; Barsenic et al., 2008); (iv) of strict requirements pertaining the 

data quality and involved expertise (Wiginton et al., 2010; Kurochi et al., 2007; Levinson et al., 

2009) or (v) vague and hence impossible to adapt elsewhere. Scaling site assessment has been one 

of the bigger barriers and is currently accomplished manually at high cost (i.e. time and expense) or 

via crude drawing on Google Earth visualizations. None of the current practices is scalable when 

both high quality and low cost is considered at the GigaWatts (GW) scale. This Cchapter responds 

to the need for  streamlined communication between sectors (remote sensing, solar energy 

engineering) and scales (macro/ meso/ micro) by coupling large scale solar irradiation simulations 

with site data acquired with Light Detection And Ranging technology (LiDAR) to identify 

individual roof facades suitable for PV applications and calculate the shading losses these arrays 

would experience as one single electricity district unit. 

5.2. Background and related works

Three factors that determine the interaction of the solar radiation with the Earth's atmosphere 

and surface are (i) the Sun - Earth geometry: its rotation and revolution around the sun determines 

the available extraterrestrial radiation on solar position above horizon; (ii) the topography of the 

terrain: slope, aspect, shadowing effects of the neighboring terrain features and (iii) the attenuation 

of solar energy by the atmosphere i.e. by aerosols and clouds (Suri & Hofierka, 2004, Remund et  

6 http://www.urbanclimate.net/E_2TOOLS.HTM
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al., 2003). Accordingly a successful and accurate simulation is conditional upon (i) the 

determination of the solar vector; (ii) the input of local terrain or a Digital Surface Model (DSM, 

which in this case, was reconstructed from Light Detection And Ranging (LiDAR) data); and (iii) 

the choice of an irradiation/ shading model, which may have its own required parameters (e.g.  the 

Linke turbidity (Remund et al., 2003) and clear sky index). 

5.2.1. Calculations of the solar vector

Blanco-Muriel et al. (2001) classified calculations of the Sun position into two groups: (i) 

one of relatively simple formulae and algorithms that, given the day of the year, estimate basic Sun-

position parameters (e.g. solar declination); and (ii) more complex algorithms that, given the precise 

location and instant of observation, compute the position of the Sun in ecliptic (ecliptic longitude, 

obliquity), celestial (declination, right ascesion) and/ or zenith distance and solar azimuth. The most 

important and widely cited of the first group are those given by Spencer (1971). Despite his 

indication that the mere use of the number of the day of the year as an integer introduces an error in 

the solar declination that can vary approximately 0.5 degrees at the equinoxes and less than 1 

minute of arc at the solstices, it was found that the maximum error can be as great as 0.28 degrees. 

Meanwhile simpler equations produce less accurate results. Pitman and Vant-Hull (1978) were 

among the first to point out the use of high precision algorithms in tracking systems or in 

comparison between the predictions of direct irradiation models with pyrheliometer readings. The 

fact that they did not previde their SUNLOC program code in the article prevented the validation of 

their claims that error be around 5 minutes of arc for over 10 degrees elevation and around 4 

minutes of arc for over 15 degrees. Similar to Pitman and Vant-Hull (1978), Walvaren (1978) made 

his algorithm the simpler version of the equations of the Astronomical Ephemeris. Contradicting 

Walvaren's claim that error is 36 seconds of arc it was another report that errors can be as much as 

216 seconds of arc in azimuth and 47 seconds of arc in elevation for the period 1979 – 1986. 

Another significant but unreported error in the Walvaren algorithm is the incorrect day 
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number for days before March 1 in leap years. The next noticeable work was by Michalsky (1988), 

which was also based on the Nautical Almanac but unlike Walvaren's includes an expression to 

estimate the effect of refraction, which gives the apparent Sun elevation as a function of the true 

elevation. Although it uses fewer operations and produces results more accurately than Walvaren's 

algorithm the Michalsky's algorithm does not work properly for the Southern Hemisphere.

The above four algorithms are the most complete in that in absence of additional information 

they can be used to estimate the true horizontal coordinate of the Sun. With reference data from the 

Multiyear Interactive Computer Almanac (MICA) for the period of 1990 – 2005, it was concluded 

that (i) the Spencer algorithm is not suited for use in concentrating solar thermal tracking systems 

and (ii) that proposed Michalsky is the most accurate for the purpose. Blance-Muriel et al. (2001) 

went on to propose a new algorithm called the PSA, which improves upon the Michalsky's in terms 

of accuracy, computing efficiency and ease of use. It has been possible to test validity of the PSA 

algorithm until 2015. Further PSA is found to perform better than does Michalsky's for the study 

period. Details of the algorithm and the code are given in the article.

Together with the Spencer, Pitman & Vant-Hull (1978), Walvaren (1978) and Michalsky 

(1988)'s algorithms the PSA algorithm comprise a group of fast algorithms with small 

computational effort,  maximal error of between 0.01º and 0.008º for engineering applications in 

limited time window (up to 2015 for PSA). On a different category, high precision astronomical 

algorithms such as the SPA algorithm proposed by Reda & Andrea (2004) are necessary for the 

calibration of pyrnometers. The trade-off for a maximal error of 0.0003º and a very long time 

coverage (2000 BC – 6000 AC) is a high amount of calculation. As a compromise Grena (2008) 

presented a new algorithm which has a maximal error half way between the two categories for the 

period 2003 – 2022. The formulae are available in the article.

For the purpose of this study, which focuses on horizontal irradiation on roof tops the 

SOLPOS calculator is deemed sufficient. It is valid between 1950 and 2050 with an uncertainty of 
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0.01 degrees7. 

5.2.2 Large scale solar irradiation simulations  

An overview of the available solar irradiation datasets and simulation projects is given in 

Nguyen & Pearce (2010). Essential background of irradiation models is covered in Duffie & 

Beckman (2001).

5.2.3 Shading algorithms 

A complete list of angles that describe the geometric relationships between a plane of any 

particular orientation relative to the earth at any time and the incoming direct radiation is given here 

to facilitate the understanding of the coming shading algorithms:

• Φ site latitude or the angular location north or south of the equator.

• δ declination or the angular position of the sun when the sun is on the local meridian with 

respect to the plan of the equator

• β slope or the angle between the plane of the surface in question and the horizontal.

• γ surface azimuth angle or the deviation of the projection on a horizontal plane of the normal 

to the surface from the local meridian.

• ω hour angle or the angular displacement of the sun east or west of the local meridian due to 

the rotation of the earth on its axis at 15º per hour.

• θ angle of incidence or the angle between the beam radiation on a surface and the normal to 

that surface.

• θz zenith angle or the angle between the vertical and the line to the sun i.e. the angle of 

incidence of beam radiation on a horizontal plane.

• αs solar altitude or the complement of the zenith angle.

• γs solar azimuth or the angular displacement from south of the projection of beam radiation 

on the horizontal plane.

7 www.nrel.gov/midc/solpos/
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The most important formulae relating these angles, according to Beckman and Duffie (2001) are:

cos=sin ∗sin∗cos−sin∗cos∗cos∗coscos∗cos∗cos ∗cos

cos∗sin∗sin ∗cos∗coscos∗sin ∗sin∗sin            (5.1)

cos=cosz∗cos sin z∗sin ∗cos s−         (5.2.a)

(an equivalent form of equation 2 is

cos=sins∗coscoss∗sin ∗cos s−                                   (5.2a)

Both equations will be central to the shading calculations to be presented below.

Budin & Budin (1982) gives a detailed and mathematically rigorous account of the shading 

algorithm, which begins with fixing a coordinate system at the point of interest on the Earth's 

surface and then describing the Sun's position through the use of the hour angle ω, site latitude ϕ 

and solar declination δ. In that way, equation 5.1 can be explained as the expression of the Sun's 

position in a spherical coordinate system of the local tilted plane undergoing through two 

transformations: (i) transformation from the spherical coordinate system of the local tilted plane to 

that of the horizontal plane; and (ii) transformation from the spherical coordinate system of the 

horizontal plane to that of the equator. The unit solar vector vs is written as

v s=[cos∗cos∗cossin∗sin ,sin∗cos ,−cos∗sin∗coscos∗sin]       (5.3)

Shading calculations were traced back to the consideration of the shadow of an isolated 

point on the plane surface with an arbitrary orientation. Imagine a tilted plane π passing through the 

origin P of the horizontal plane's coordinate system. The orientation of this plane is given by the 

surface slope β and the surface azimuth γ. The unit normal vector vn of this plane is given by the 

column vector

v n=[cos ,sin ∗sin  ,−cos ∗sin]            (5.4)

All points on the plane can be expressed in the vector form as x = [x1, x2, x3]t  and satisfy the 

following equation:

xt∗vn=0            (5.5)
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A point A on the straight line with direction vn and of distance h from P will have a coordinate 

vector 

x0=h∗vn            (5.6)

The position of the shadow S of point A on plane π is obtained by intersecting the line in the 

direction of the Sun rays and the plane. Coordinates of the shadow S are given as

x=h∗[vn−v n
t∗vs

−1∗v s]            (5.7)

Notice that the scalar product (vn)tvs is the cosine of the incidence angle θ. Equation 5.7 gives the 

position of shadow as a function of site latitude ϕ, declination δ, surface azimuth γ, slope β and 

solar hour angle ω for any day.

To further simplify the analysis, the local coordinate system for the horizontal plane is 

rotated in such a way that will put the vertical in the direction of the normal vector to the tilted 

plane π. The transformation matrix R for this rotation is given in Budin & Budin (1981), all the 

terms of which are trigonometric identities of surface azimuth γ and slope β. During the process the 

new coordinate system becomes 

y1=0 ; y2=−h∗vb
t∗v s

−1∗r2∗vs ; y3=−h∗vb 
t∗v s

−1∗r3∗v s            (5.8)

where r2, r3 are the row vectors of the transformation matrix R. This new coordinate system is said 

to be particularly useful in computer-aided analysis of shading. Further,  one can infer from 

equation 5.2 and formulae for solar azimuth γs that given site latitude ϕ, declination δ, surface 

azimuth γ, slope β and solar hour angle ω for any day, the shadow's position of a particular site at  

a particular time of hour and day can computed as a function of solar altitude θs and solar azimuth 

γs. Knowing this can greatly facilitate the understanding of the section 1.9 (Duffie & Beckman 

2001), which instructs the plotting of shadow profiles. From the perspective of a solar PV engineer, 

this is helpful for site inspection. However such shading diagrams can only be used for a  pre-

determined location, the latitude ϕ, declination δ, surface azimuth γ and slope β of which have been 

pre-determined. Hence the method can not be applied to site selection.
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On a more universal and theoretical level Horn (1981) narrated the evolution of automatic 

hill shading techniques against the basics of representations of the relief forms in painting, 

mathematics, physics and the emergence of DTMs and the reflectance map. To create a reflectance 

map is to capture the dependence of the scene brightness on the surface orientation, i.e. the local 

gradient. The components of the gradient are the slopes or the changing of elevation in the west-to-

east direction and in the south to north direction. The better way to estimate these slopes is by using 

a weighted average of three such central differences over a 3x3 neighborhood centered by the pixel 

of interest (Horn 1981).

Horn (1981) then procceded to discuss relief shading methods in the following groups:

• rotationally symmetric reflectance maps-gray tone depends on slope only

• methods based on varying line spacing or thickness to modulate average reflectance

• ideal diffuse reflectance and various approximations 

• gray tone depends only on the slope of the surface in the direction away from the assumed 

light source 

• methods depending on more elaborate niodels of diffuse reflectance from porous material, 

such as that covering the lunar surface

• models for gloss and lustrous reflection-smooth surface, extended source and rough surface, 

point source.

The relief technique adopted by shading commands in GIS packages belongs to the third 

group. The apparent brightness of a surface element depends on its orientation with respect to the 

viewer and the light source. Further the amount of light captured by a surface patch will depend on 

its inclination relative to the incident beam. It is commonly assumed that the radiance (apparent 

brightness) of the surface patch is also proportional to cos θ although this is generally not the case 

since light may be reflected differently in different directions, as can be seen by considering a 

specularly reflecting material. One can however assume an ideal surface that reflects all light 
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incident on it and appears equally bright from all viewing directions. Such a surface is called an 

ideal diffuser or Lambertian reflector and has the property that its radiance equals the irradiation 

divided by π. In this special case the radiance is proportional to the cosine of the incident angle. 

Referring to equation 5.2, one can deduce that the amount of shading is given as 

shade=255∗cosz∗cos sinz∗sin ∗cos s−            (5.9)

where 255 is the maximum gradient for a 16-bit color system. The cartographic practice to assume a 

light source in the northwest at a 45º elevation above the horizon has made its way into the default 

of shading algorithms in GIS packages, which can be overwritten by manually entering values for 

solar altitude and azimuth at specified time and location ouput from the SOLPOS calculator.

The background above suffices to elucidate the basis behind Hillshade8 function which was 

used by Levinson et al. (2009) and which was found to be interchangeable with the open source 

r.sunmask9. Further and deeper discussion on the taxonomy and details of the relief mapping 

procedure are available in the article. 

5.2.4 Site data derivation from LiDAR 

Chapter 4 gave a thorough examination of the background, challenges and existing 

approaches to extract urban texture information from remote sensing data, especially via airborne 

laser scanning and went on to present a methodology to extract, segment and reconstruct roof planes 

from a given LiDAR point cloud. The methodology was used to create the site for simulation in this 

chapter (section 5.3.1).

5.2.5 Sky view factor (SVF)

Carneiro et al. (2009) used SVF to scale down the amount of diffuse irradiation received by 

a roof and SVF is calculated from the viewpoint of the roof of interest. By the definition proposed 

by Souza et al. (2003), SVF is the relationship between the visible area of the sky and the portion of 

the sky covered by surrounding buildings and other obstacles viewed from a specific point of 

8 http://webhelp.esri.com/arcgiSDEsktop/9.3/index.cfm?TopicName=Producing_a_hillshade
9 http://www.phygeo.uni-hannover.de/grass/grass70/manuals/html70_user/r.sunmask.html
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observation. This coincides with the use of view factor in an isotropic sky model (Duffie & 

Beckman, 2001). 

There are two methods to calculate SVF (Souza et al., 2003; Gal et al., 2009; Yousef 2010): 

vector based and raster based. The former procedure is implemented as the 3DSkyView extension 

of ArcView. However to use 3DSkyView requires the acquisition of  ArcView and 3D Analyst, an 

expensive software package. The tool is also rather difficult for the implementation of the 

complexities of the surface e.g. surface reflection, albedo considerations and possibly tree 

modeling. ArcView has not been designed for such a purpose, and therefore lacks appropriate 

supporting functions (Matzarakis & Matuschek, 2009). In the study on SVF modelling presented by 

Gal et al. (2009), the input data was derived from a Digital Elevation Model (DEM), meaning that 

modelling of complex urban structures or trees is not possible. By inputing a Digital Surface Model  

(DSM) an increased urban complexity is integrated with the sky view factor estimation.

Although a first reading of approaches towards SVF calculations can create an impression 

that SVF analysis is similar to Viewshed or visibility computation, they are not the same because 

the latter uses the elevation value of each cell of the ground data to determine visibility to, or from a 

particular cell. Viewshed tools allow the user to determine the visibility on a surface from point to 

point along a given line of sight or across the entire surface in a viewshed. This method of 

determining visibility from a cell location is useful for certain applications involving questions of 

visibility from other surface points, but it does not compute visible locations that are off the surface 

such as objects in space as in the case of SVF calculation. (Yousef 2010 and ArcGIS Help 9.3 on 

Solar Radiation Graphic). Further the visibility computation can be avoided when the objective is 

limited to evaluation of SVF since in this situation it suffices to count the number of the non-cover 

proxels on the sky vault. An open source version of the Sky View Factor Extension has been 

available as a module inside the System for Automated Geoscientific Analyses (SAGA 2.0)10. The 

accuracy of the SVF is determined by the angular resolution and the radius of the hemisphere 

10 www.saga-gis.org/en/index.html
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considered in the sky view (Gal et al., 2009). Popular among literature is the use of 5 - 10º in both 

altitude and azimuth directions and 20 – 30m in radius of the sky dome (Gal et al., 2009; Yousef 

2010).

5.3. Methodology

5.3.1 The choice of site 

The selected site shown in Fig.5.1 is of comparable size/resolution with previous studies 

(Kassner et al., 2009; Carneiro et al., 2009, Bersenic et al., 2008, Kurochi et al., 2007, Nguyen & 

Pearce 2011); and has over 60 buildings to support the confidence of the novel building extraction 

accuracy assessment (Nguyen et al. 2011, forthcoming). The site shown in Fig.5.1 covers about 100 

buildings of high point density and from a mixture of sectorial (residential and commercial) and 

structural variations (flat/ garbled/ pitched). There are not many trees, albeit tall trees to render the 

tree canopy reconstruction a necessary component in the simulation. 

The DSM input into r.sun is shown in Fig.5.1. 
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The DSM is the product of the process described in Figs. 5.2a-c below. In three figures the 

triangular envelopes with emboldened border and red label indicate the platform on which the 

processes and data contained within were carried out. First, the altimetry of the last LiDAR return 

pulses were used for building detection and extraction. The latter was carried out in hybrid with the 

footprint shapefile. The data noise was reduced by using a buffer zone and an elevation floor limit. 

These steps are summarized in Fig.5.2a. The remaining error-free data was fit into different planar 

faces, the procedure of which is explained in Fig.5.2b. Fig.5.2c shows how the working geometry is 

transformed from points to grid via Delaunay triangulation11.  Accordingly, the resultant area was 

next converted to raster at a resolution of 0.55m and added on top of the existing DTM to create the 

DSM. It should be pointed out that it is essential that in the mosaic to create a new raster command, 

11 Delaunay triangulations maximize the minimum angle of all the angles of the triangles in the triangulation and 
tend to avoid skinny triangles by ensuring that no point in a set of points is inside the circumcircle of any 
triangle considered. (B. Delaunay: Sur la sphère vide, Izvestia Akademii Nauk SSSR, Otdelenie 
Matematicheskikh i Estestvennykh Nauk, 7:793–800, 1934).

114

Fig.5.1: Simulation site. The point clouds correspond to the buildings included in the 
following simulation.



the same bit (32 or 16) and data type (floating or continuous) with the DTM is specified. 
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Fig. 5.2a: Classification of LiDAR points by the objects they corresponds to (inArcGIS 9.3)



117

Fig. 5.2b: Roof segregation was done using Matlab, followed by the interpolation and rasterization in  ArcGIS
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Fig.5.2c: Final scene construction (in ArcGIS) and irradiance modeling (in GRASS)



5.3.2 r.sun 

Chapter 2 demonstrated the use of r.sun on large scale solar photovoltaic assessments for 

southeastern Ontario. The script details, with embedded SOLPOS calculator and an option to speed 

up the simulation time on large grids (via r.horizon) are described by Neteler & Mitasova (2008). 

The package is sophisticated and flexible enough to handle the dynamics of solar radiation and the 

complexity of urban areas (Hofierka & Kanuk, 2009). The r.sun module used a model that is 

equivalent to the Perez et al. model, in which besides the beam component the diffuce component is 

treated with anisotropic sky assumption and hence includes scattering, circumsolar and horizon 

brightening diffuse irradiance. r.sun works in two modes. In mode 1, the instantaneous mode, it 

calculates raster-based maps of solar irradiation [W/m2] and the incidence angle [degrees] of the 

solar rays. In mode 2, the raster-based maps of daily total solar irradiation [Wh/m2] and duration of 

the beam irradiation [minutes] are computed by integrating the irradiation values calculated at a 

user-selected time step from sunrise to sunset. Optionally, the computation can account for sky 

obstruction (shadowing) by local terrain features. By shellscripting within the Linux operating 

system, these two modes can be used separately or in combination to provide estimates for any 

desired time step or interval.

5.3.3 Insolation

Global horizontal irradiation (GHI) or Igb is defined as

I gb= I b I diff∗svf   (5.10)

where Igb, Ib (beam), shade and Idiff (diffuse) are all rasters ( Wahschning & Hanitsch 1995; Duffie 

& Beckman 2001, Hantzschel et al., 2005; Jochem et al., 2009; Carneiro et al., 2009; Merino et al., 

2010), the values of which can be output hourly by the script r.sun. The raster svf, on the other hand, 

contains time independent values.  

Only GHI was generated, meaning that the PV output given here will be for panels laid on the same 

angles as their respective roof (0 degrees if flat and otherwise for tilted roofs). This simplified the 
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calculation because then cloud cover effects, embodied by the clear sky index κ is given by

= I gb
overcast/ I gb

clear          (5.11)

This is the convenience of inputting a DSM to the simulation script.

The clear sky index also includes the shadowing effect of the surrounding terrain (Jochem et  

al., 2009). As the surface input is a DSM, the terrain in question also includes surrounding 

buildings, trees and other obstacles. The use of a DSM to capture urban morphology has been 

confirmed by Ratti et al. (2005) and sets this work apart from Jochem et al. (2009) since it can 

incorporate both terrain and near surface shadowing effect as seen below in section 5.4. 

5.3.4 Shading behavior

If a PV panel is optimized for the summer, this optimal performance will dominate the 

annual output (Backman & Duffie 2001). It follows that any loss in the summer will significantly 

downgrade the suitability of any roof section for PV, hence by running shading every hour between 

the sunset and sunrise for the mean monthly days of the summer (May – August) sufficient 

understanding on the shading occurring on the roof can be developed. To prove the hypothesis, two 

sets of simulations were carried out. In the first set, hourly irradiation was computed for the months 

of May through August without shading and again with shading. In the second set, irradiation at 3 

minute time steps was computed for all twelve months without shading and again with shading. The 

goal is to determine whether simulating only the summer irradiation loss by shading one can 

approximate the annual average summer irradiation. If this is proved, significant amounts time and 

effort can be saved.

Within r.sun there are two ways to incorporate shading into insolation modeling: either by 

checking the option '-s', which is equivalent to choosing Hillshade in ArcGIS12, or by combining 

r.sun with r.horizon. The latter is available for GRASS version 6.4.0 onwards and is interchangeable 

with the former approach13. 

12 http://manpages.ubuntu.com/manpages/lucid/man1/r.sun.1grass.html
13 http://osgeo-org.1803224.n2.nabble.com/r-sun-and-r-horizon-td3960955.html
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For each roof facet, shadows of neighboring objects are variable and are considered by 

calculating the horizon of each pixel in the DSM. All pixels within a defined distance from the pixel 

of interest are used in this computation. For each pair, a line connecting the two pixels are created 

and called the profile line. For each profile line an angle is created. If the maximum of all the 

possible angles is equal to the profile then the point of interest is not within a shaded area. The 

profile angle αp is defined by Duffie & Beckman to be the angle through which a plane that is 

initially horizontal must rotate around the axis of the plane in question in order to include the sun. 

Mathematically the profile angle is given as 

tan p=tan s/coss−          (5.12)

For each sun position, which corresponds to the time to be simulated, the profile angle is checked to 

determine whether a particular pixel will be set to zero in the reception of beam radiation (its 

reception of diffuse radiation is, however, still considered) and a new raster is output14 (Jochem et  

al., 2009). The process is scripted as r.horizon which is connected to r.sun in GRASS and which can 

help running r.sun much faster15. In terms of output, it means that the beam component Ib has 

already incorporated shadowing effects of local terrain and nearby objects. 

The albedo component is negligible (Carneiro et al., 2009; Nguyen & Pearce, 2010) except 

for snow albedo (Andrews & Pearce, 2011, forthcoming). It makes more sense to include this 

component when data is 3D and NOT 2.5D (Mardazeljevic & Rylatt 2003; Compagnon 2004. In 

this case, surface reflectance everywhere is assumed to be 0.2. Table 5.1 presents the parameters 

input into the r.sun module.

14 http://grass.osgeo.org/grass64/manuals/html64_user/r.horizon.html
15 http://grass.osgeo.org/grass64/manuals/html64_user/r.sun.html
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Table 5.1: Input parameters for monthly simulations

Month i for the 

mean 

monthly 

date

δ 

declination

16

TK Linke 

turbidity

17

albedo18 latitude clear sky 

index19

January 17 -20.9 2.7 0.22 44.23 0.64
February 47 -13 2.6 0.24 0.67
March 75 -2.4 2.9 0.17 0.65
April 105 9.4 3.1 0.09 0.65
May 135 18.8 3.6 0.09 0.65
June 162 23.1 3.5 0.11 0.68
July 198 21.2 3.6 0.11 0.71
August 228 13.5 3.5 0.1 0.69
September 258 2.2 3.2 0.1 0.69
October 288 -9.6 3 0.09 0.66
November 318 -18.9 2.8 0.1 0.6
December 344 -23 2.6 0.14 0.6

5.4. Results and Discussion

5.4.1 Sky View Factor (SVF)

Fig.5.3 is the output of SVF calculated with 32 sectors or an increment of 11.25 degrees in 

the azimuthal direction and a radius of 20m. Since the site for this study is but one part of the 1km2 

tile, it is clear why sky obstruction only becomes relevant to the irradiation calculation when it is 

down to the municipal level. With the terrain i.e. with a Digital Terrain Model (DTM) the sky view 

factor is always 1 or complete visibility of the sky vault with little variation whereas close to the 

walls of the the building its fluctation can be very dramatic: from very high to very low and can be 

down to 0 in the most densely built part of a downtown. Here SVF ranges from 0.83 to 1. The 

16 Beckmand & Duffie (2001)
17 SoDA dataset
18 NASA SSE dataset
19 See Chapter 2 or Nguyen & Pearce (2010)
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product from SAGA version 2.0.0 is made fully compatible with ArcGIS 9.3 and GRASS 6.3.0-420 

via the conversion between raster and .asc, the latter is the preferred format of grid file for GRASS 

(Nguyen & Pearce 2010)

The minimum SVF for the site is 0.83, which is within the range of values for urban areas 

investigated by Souza et al. (2003), Carneiro et al. (2009) and Gal et al. (2010). The best sky view, 

or the maximum of 1, is not surprisingly reserved for horizontal roof.

20 http://grass.osgeo.org/grass63/binary/mswindows/native/
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Fig.5.3: Sky View Factor. Taller and flat buiding appear to have the biggest SVF i.e. 
total open view to the sky while the adjacent ground and lower, smaller buildings do 

not, hence a lower SVF or a darker tone.



5.4.2 Shading simulation with Hillshade

Figs. 5.4a-b provided a validation of the shading algorithm by comparing the result 

generated for the times the actual pictures were taken of Clark Hall (August 17, 2010 at 11.48am 

and again at 2.40pm). The position and the 'line of view' from which the pictures were taken were 

marked by an oval and a line on the results. It is noted that Hillshade and r.sun's own shading 

algorithm are equivalent21.

21 http://manpages.ubuntu.com/manpages/lucid/man1/r.sun.1grass.html
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Fig.5.4a: Original photo takes of Clark Hall at 11.46am August 17, 2010. The position 
from which the photo was taken is represented by an oval. Shading extent is pointed out 

between the original photo and the inset simulated result. 



5.4.3 Yearly  yield 

The monthly rasters were used to compute the yearly yield following:

 I gb
year=1/365∗∑

i=1

12

[ I beam
monthsvf ∗ I diff 

month]∗c
month∗noday

month       (5.13)

The (Igb)year raster, which stores the annual global horizontal irradiance, is calculated and visualized 

in Figs. 5.5 and 5.6. A caution should be made regarding a seemingly high value of 4.36 kWh/ m2 in 

Fig.5.6: this is an erratic behavior that occurs in a pixel at the edge of a particular roof. It highlights 

the importance of a proper treatment for roof edges/ breakline (Dorninger & Pfeifer, 2008; Carneiro 

et al., 2009). An alternative reason can also be an erroneous aspect or slope value, indicating that 

the roof extraction/ reconstruction from the LiDAR data should be further refined. In fact this is 

only a pixel or two among a grid of 1818 by 1818 in the final result.
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Fig.5.4b: Original photo taken of Clark Hall at 2.40pm August 17, 2010. The important 
agreement between the original photo and the simulated result is that shadow has not 

extented over the steps down to the biking lane (to the left of the original photo)



Both Figs 5.5 and 5.6 only show the horizontal incident irradiation and NOT actual panel  

output. Higher yield can be collected by putting PV modules at the local optimal tilt angle.  
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Fig.5.5: Annual daily irradiation on roof top for a simulation at 90m resolution

Fig.5.6: Annual daily irradiation on roof top for a simulation at 0.55m resolution



However not all the area determined here as PV relevant will be used. The disadvantage of a 

medium to small roof lying deep in a densely built block is shown by areas with 0 irradiation in 

Fig.5.6.

The scaling down in resolution from 90m to 0.55m does not only allow a better integration 

of local sky obstruction, but also reconfirms the effect of low information density (i.e larger pixel 

size on overestimating global horizontal irradiation) (Cebecauer et al., 2007). Fig.5.7 shows the 

annual daily insolation extracted onto the same buildings from two different grids: 90m (Nguyen & 

Pearce, 2010) and 0.55m. Although if a particular roof does not perform well with one grid size, it 

will not perform well with the other either, the smoothing up or generalization effect of the coarser 

grid is exposed. On relative terms, the overestimation between 90m and 0.55m is 28.8 %. 

Overestimation is the highest during the summer, as shown in Fig.5.8 below. Although the monthly 

average daily irradiation values (averaged over all the buildings) between two pixel sizes follow the 
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Fig.5.7: Annual daily insolation on buildings for 90m and 0.55m resolutions



same trend: peaking in the summer and dipping in the winter, the gap between the two trends is the 

highest between April and August. 

To quantify the impact of shading loss, a comparison between monthly shading integrated 

beam and non-shading integrated beam in Fig.5.9. Table 5.2 shows the computation cost and result 

refinement for each factor, keeping every other factor the same: spatial resolution (90m or 0.55m), 

temporal resolution (15 minutes or 3 minutes), with or without shading. 
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Fig.5.8: Monthly average daily insolation for 90m and 0.55m resolutions



Table 5.2: Trade-offs of simulation options

Simulation option Computation cost Result refinement
Spatial 

resolution
90m 10 minutes A refinement of 28.8% in 

annual daily insolation (Fig.5.7)0.55m 10 minutes but on an extent of 
1/ 420,000 of the 90m grid

Temporal 
resolution

15 mintes 10 minutes Not a significant improvement 
from 15 minutes downwards as 
inspected in the result (not 
shown here) and suggested by 
Perpinan et al. (2008). 

3 minutes 40 minutes

Shading Yes 8 minutes A refinement of 25% in average 
monthly mean insolation (see 
below)

No 1 minute

It should be noted that until 2011 no later version of GRASS, up to and including the newly 

released 6.4.1 version22 (April 13th, 2011) can ensure an efficient, crash-free and hassle free 

simulation better than GRASS 6.3.0-423.

The treatment of irradiation loss by shading is identical to the apporach by Levinson et al. 

(2009) where the underlying assumption is that if the irradiation on that day is closest to the average 

of the month, then the irradiation loss by shading on that day will also be representative of the 

month. Hence the mean day is chosen to represent each month, during which shading will run for 

each daylight hour during that day. The output was a boolean shading raster where a pixel receives a 

score of 1 if it is occluded by any other pixel and 0 otherwise. The on-hour total, shade fractions of 

each roofing plane were computed by averaging the score of the plane’s cells in the corresponding 

shadow raster for each hour. The fraction by which shading reduces the irradiation on the planes at 

that hour is

     irradiation loss per plane=∑
i=1

n

 I b
i∗scorei∗Apixel/∑

i=1

n

 I gb
i∗A pixel                  (5.14)

What is not clear from the work by Levinson et al. (2009) is whether computation was 

external to the irradiation simulation. Several things that set the present research apart include (i) 

22 http://grass.osgeo.org/grass64/binary/mswindows/native/
23 http://grass.osgeo.org/grass63/binary/mswindows/native/
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irradiation loss was computed directly with irradiation simulation by unchecking the function 

within r.sun; (ii) direct normal or beam irradiance is computed at a time step of 3 minutes, instead of 

1 hour; and (iii) the irradiation modeling is via online tools, which are only available for the US 

while with r.sun any region could be studied

There is no difference between shading integrated and non-shading diffuse, which confirms 

the calculation of shade losses in Levinson et al. (2009) to use ONLY direct normal solar 

irradiances. Fig.5.9 confirmed the expected trends Siraki et al. (2009) found from monitoring a 

single building in Montreal that shadow in relative terms is highest in the winter and lowest in the 

summer. The results plotted in Fig.5.9 were averaged over 100 buildings in downtown Kingston, 

hence a numerical agreement should not be expected. It is further shown that the irradiation in the 

winter is low enough that the absolute loss in the winter is not as disastrous as that in the summer, 

observed from the opposing trends between shading loss in absolute and relative terms. 

In Australia, although detailed data on the effects of shading are not available, Rae et al. 
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(1999) have listed sources to show that the impact of shading upon rooftop PV output to produce 

only a 2% drop. For Kingston, shading results in a reduction of 25% in PV output, averaged over 12 

months. It is also noted that the result is excluding in-row shading when the actual panels are 

installed. With hourly time steps, the losses in PV output due to shading averaged over the year and 

averaged over only the summer months are 27% and 17% respectively. The 17% shading loss 

during the summer should be self explanatory from Fig.5.9, which shows the opposing trends 

between shading loss in absolute and relative terms and confirms the findings of Siraki et al. (2009) 

from monitoring buildings in Montreal. This means that that by simulating only the summer months 

and at hourly time steps one can get within 2% of the average month irradiation loss by shading 

over the year obtained by 3 minute time steps simulations for all twelve months.

5.4.4 Selection of candidate roof sections for PV installation

To optimize the performance of PV modules it is best to orient them due south and tilt them 

within 15 degrees of the local latitude (Beckman & Duffie 2001). This means that the first two 

criteria to select candidate roof sections are (i) azimuth angles from southeast to southwest i.e. 90 

degrees to 270 degrees due north and (ii) slope between 0 degrees and 60 degrees (the local latitude 

of Kingston is 44 degrees) (Carneiro et al., 2009). As shown by the literature (Paidipati et al. 2009) 

and from section 5.4.3, shading loss is the next important limiting factor for the uptake of solar PV 

in the urban environment. From discussion with another experimenter who operate two PV arrays in 

Kingston and judging from the perspetive of a solar PV system engineer and developer, what 

matters more is how much irradiation loss that occurrs at a particular site will translate to economic 

losses, NOT how long shading actually occurs. 

No literature found to date has defined a rule of thumb for the length of shadow during 

daylight hours in deciding whether a PV panel is installed at a particular location or not. This type 

of calculation is normally reserved to the solar developer, to the engineers that work on one 

particular project, kept private and hence hard to be distributed or generalized. It is, however, clear 
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that the longer the shadow duration, especially during the summer, the more loss in output results 

and hence a slower return of capital for the system owner or operator. Hence it is up to the system 

owner or operator to decide the maximum tolerable shadow duration he or she is willing to accept. 

In addition with the new generation of bypass diode, the tolerance of PV cells up to a certain 

number of hours in occlusion has been  greatly enhanced (Norton et al., 2010). In this context, a 

series of irradiation loss maps for 12 months were generated for Kingston (Figs. 5.10a-c). The 

enhanced versions of the maps were included in Appendix C. 
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Fig.5.10a: Irradiation loss in the months from January through April



The expansion or contraction of the red area, depecting areas that are affected by shading, indicates 

the vulnerability of each pixel during each month. 
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Fig.5.10b: Irradiation loss in the months from May through August



What can also be done is the visualization of roof areas with suitable aspect and slope Apv, 

which is shown in Fig.5.11. It is clear for this site that aspect is the dominant criterion. That means 

(i) the data has to be precise or any significant error in point cloud processing would lead to error in 

aspect analysis; and (ii) the construction of a building in a neighborhood, especially in the more 

densely populated one, will have an effect on the uptake of solar energy both of its own and of the 

surrounding buildings. This will add an important factor into consideration, that of density and 

orientation of houses, for city planners, for which LiDAR data analysis in general and the 

methodology of this chapter is being demonstrated to be of great help. 
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Fig.5.10c: Irradiation loss in the months from September through December



(Apv)site is defined to be the true area of the roof sections selected as suitable for installing 

PV panels. (Aprojroof)site is defined to be the true area of all the roofs considered in the simulation 

i.e. it is the result of the process described in section 5.3.1. (Aprojroof)site is the projected area of all 

the roofs considered in the simulation and is calculated directly from the provide roofprint 

shapefile. If only the slope and aspect criteria were taken into account (Apv)site was found to be 

22,086 m2. (Aroof)site came out as 37,384 m2 whereas  (Aprojroof)site  was found to be 39,246 m2. 

Wiginton et al. (2010) and Nguyen & Pearce (2011) claimed that (Apv)site/ (Aprojroof)site is 0.30 – 

0.33. For the latter, all tilted roofs were assumed a universal tilt angle of 35º. When tilt angles were 

taken as true from the surface and hence vary from pixel to pixel, this ratio rpv  for the present case 

is 0.56. Further rroof or (Aroof)site/ (Aprojroof)site was found to be 0.95. Both are within the range 

reported from previous literature (Wiginton et al., 2010).

Carneiro et al. (2009) mentioned extra criteria such as only 80% of horizontal surfaces of 

roofs are computed due to the inclination of panels and, as a more restrictive condition, areas that 
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Fig.5.11: Roof sections most suitable for installing PV panels



have a SVF smaller than 60%  should also be discarded, in order to consider the effects generated 

by the mutual shadings casted by buildings that otherwise would not be addressed. As shown in 

Fig.5.3 the minimum SVF value for the case study site is 0.83. In addition the minimum roof area is 

71 m2. Hence these above mention conditions are more suitable for a residential area rather than a 

downtown part and so unapplicable for this case. Another threshold was mentioned by Compagnon 

(2004), that is the minimum annual daily GHI for solar systems to be mounted on roofs is 2.74 

kWh/ m2. However the choice was not justified. In the US, shading other than tree shading reduces 

the PV access factor for residential houses by 90% in both warm and cool climates and by 65-75% 

for commercial buildings in both warm and cool climates (Paidipati et al., 2008). Again to apply 

this rule it is necessarily to classfy the buildings according to civic use purposes.

rpv can be refined further since (i) the roof extent has been trimmed down twice: the first 

time by the buffer to get rid of the edges and the second time by the side effect of roof 

segmentation; and (ii) although efforts have been made to eliminate the vegetation points from roof 

points, noise persists where the canopy lies directly on the roof face or where the laser shots did not 

reach the surface of the roof and hence the pulses do not represent roof. In such cases vegetation 

pulses possess the same statistical characteristics with the point clouds (Jochem et al., 2009). In 

addition, although trees are not plenty in the area just by observations from the aerial photos, there 

is still an effect of shading from trees but which has not been incorporated. This is not to mention 

the error within 5 degrees of the roof angle after reconstruction could have rendered some pixels not 

suitable for PV while they actually are. 

As for rroof, on one hand the result of 0.95 again reflects the trimmed extent of roof after 

reconstruction. In reality the installation of PV panels always takes into account the structure of the 

roof and rof surface objects and hence hardly cover the whole roof. On the other hand this is at best 

only typical for the downtown areas or where flat roofs are dominant such as the present case 

happens to be. When more sloped roofs are available such as in a residential area rroof is expected to 
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be higher since the cosines of slope are less than 1. 

5.5. Further Discussions and Future works

The study takes the conceptual and methodological frameworks proposed by Ratti et al.  

(2005), Jochem et al. (2009) and Carneiro et al. (2009) and exceeds them by (i) incorporating both 

terrain and near surface shadowing effects on the beam component; (ii) scaling down the diffuse 

components of global irradiation; and (iii) introducing the parallel commands in the open source 

and free access GRASS for those who have no access to ArcGIS.

This study has a smaller scale than those in California (Levinson et al., 2009), but is more 

solid in the approach: semi-automatic and easy to upgrade or correct (no hand drawn); open source 

(in the shading calculation); detailed (neither Levinson et al. nor recent authors on the same topic 

explain as clearly the operation and choice of the Hillshade function or offers an open source 

equivalent) and provides rules of thumb for PV system design at the  municipal level. 

Further, these results allow the stakeholders (solar PV engineers, municipal governments, 

urban planners, utilities operators) to explore the directions to answer the questions raised by 

Carneiro et al. (2009): can we build denser cities without decreasing the potential for solar 

architure? What is the incidence of beam versus diffuse insolation contributions in typical urban 

texture? A possible start is by establishing a set of parameters that address the solar admittance of 

the urban fabric. These are: (a) the area of roofs suitable for installing PV modules, also expressed 

as a ratio to the total area of roofs; (b) the irradiation density, i.e. the incident energy per m2; (c) an 

urban irradiation density, defined as the total net incident irradiation on urban roofs divided by the 

population. This last parameter does not represent a measure that can be converted into useful 

energy and is only possible if data is available, which is a rare case due to urban gentrification and 

the downtown areas are becoming increasingly dominated by commercial properties rather than 

permanent urban dwellers. However it will give an indication by proxy of a low hanging benefit for 

installing PV panels on rooftops in the city. 
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Compagnon (2004) listed several applications towards sustainable urban design that can be 

built around or in combination with this simulation:

• Assessment of the possible consequences of urban planning guidelines or regulations on 

solar and daylight availability prior to implementation

• Quantification of the impact of new urban developments/ tree planting compaigns (Levinson 

et al., 2009) on existing buildings or collector systems

• Irradiation and illuminance calculations in open spaces either to improve solar and daylight 

access or to ensure sufficient shading.

The expansion of the presented workflow can be best examplified by such programs as POLIS24 

(Identification and mobilisation of Solar Potentials via Local strategies) and that in New York City25 

completed in 2010. While the capability of the workflow can be tested in terms of integrating the 

physical structure of a building or a group of buildings and their positions within the urban terrain 

with local solar development, its functionality can give rise to a new computer system devoted to 

support solar access decision making in a sustainable urban design perspective such as the case of 

POLIS and Townscope II (Teller & Azar, 2001).

5.5.1 Performance comparisons with existing packages

Several authors have tried to demonstrate the use of such packages as Radiance26 

(Mardaljevic & Rylatt, 2003; Compagnon, 2004; Kamfp et al., 2010) and Heliodon2TM27 (Beckers 

et al., 2010; Merino et al., 2010) and situate the use of ray tracing techniques in urban solar energy 

simulation. This was possible because the data for those projects are fully 3D whereas the data here 

is 2.5D. The 2.5D nature limits the consideration to only roof mounted system but NOT building 

integration and to direct and diffuse beam components but NOT reflectance. When both 2.5D and 

3D data for the same site is available, a comparison in terms of the robustness and accuracy 

24 www.polis-solar.eu
25 http://www.cuny.edu/about/resources/sustainability/solar-america/map.html
26 http://radsite.lbl.gov/radiance/
27 http://www.heliodon.net/heliodon/index.html
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between these various modules e.g. rtrace (RADIANCE) and r.sun is useful in determining the 

optimal choice for a methodology or software in simulating irradiation at the meso and microscales.

5.5.2 Simulate tree growth. 

Tree canopies were extracted as a side product during the building detection process. The 

reconstruction of tree canopies from LiDAR points was documented in Nguyen et al. (2011). By 

mosaicking the z pixels corresponding to trees onto our DSM one can incorporate their shading 

effect on the solar availability. It comes down to how tree growth is modeled. Levinson et al. 

(2009) assumed that tree height increases with time but canopy size does not. Tree height h at age t  

was approximated by the asymtotic growth model

h  t =H∗[1−exp −1/]          (5.15)

where H is height of mature trees. If the height of the tree at age t0 is known to be h0 the time 

constant τ can be eliminate from the above equation to yield

h  t =H∗[1−1−h0 /H  t /t0]          (5.16)

The omission of tree from the DSM in fact serves to help separate the effect of trees from that of 

built obstacles in causing shading and hence reducing the solar availability in an urban setting.

5.5.3 Interpolation for daily Linke turbidity values

The methodology developed here input monthly Linke turbidity values for the local 

coordinates of Kingston into the module r.sun. These monthly Linke turbidity values were the 

results of data fusion between highly accurate, location specific measurements and grid average 

values for other quantities, which were later transformed into monthly TL maps (Remund et al., 

2003) over the world. Although monthly values of Linke turbidity factor worldwide are a very 

useful data, the dynamics of airborne aerosols in the atmosphere could yield to important variations 

of turbidity on a daily basis (Polo et al., 2009). A new script developed for interpolating TL down to 

daily values was developed and is being tested. The integration of g.linkeinterp28 into r.sun can 

provide another refinement for the simulation.

28 http://trac.osgeo.org/grass/browser/grass-addons/raster/r.sun.tools/g.linke_by_day.py
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5.5.4 Sensitivity analysis on  rpv and rroof

Previous literature has returned a wide range of rpv and rroof. However these ratios were 

computed under a great variety of locations and methods and hence makes it impossible to establish 

a rule of thumb into a calibration between loss in accuracy for GHI estimation caused by simplicity 

in roof modeling (Beckers et al., 2010). Beckers et al. discovered that going from detailed roof 

modeling to just using projected roof area results in a decrease of 33% in summer energy values, an 

increase of 6% in winter energy values and an overall increament of 1% in annual GHI. Hence by 

repeating the same process on the same dataset for other parts of the city of Kingston, it is possible 

to generate at least local rule of thumb for a calibration between loss in accuracy for GHI estimation 

caused by simplicity in roof modeling.

Once the buildings can be classified according to types of house (residential/ commercial; 

detached and semi-detached/ townhouses and rowhouses/ high rise) the numbers can be refined by a 

multiplication with installation ratios proposed by Paidipati et al. (2008) and Ordonez et al.(2010). 

Then from the perspective of a PV developers, the number of panels can be calculated by adjusting 

the row spacing (Carneiro et al., 2009; Ordonez et al., 2010). This will be the basis for evaluating 

the micro-Feed-in-Tariff scheme for a municipal district.

5.6. Conclusions

The chapter completes another level of a pyramidal process for solar photovoltaic resource 

assessment. The scale of interest is the meso scale where such factors of the urban texture as sky 

view factor, near object shading comes into play and hence a more complicated methodology was 

created to handle the higher detail requirement. Out of a two dimensional extent of approximately 

40,000m2 in building coverage, 22,000m2 of roof area was found to be suitable and potentially 

optimal for the purpose of solar PV installations. The criteria concerning aspect, slope and shadow 

effect can be relaxed or made more constrained. Additional constraints can be added and results 

instantly visualized, which desmontrates the flexibility and adaptability of the workflow. 
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With higher integration of urban texture, but without such noise as antenna, chimneys and HVACs, 

the global horizontal irradiation is lower by 30% with the highest overestimation occurring in the 

summer. On one hand this can be refined further by improving the surface generation scripts, using 

higher quality LiDAR data and integrating vegetation. On the other hand the robustness of r.sun as 

capable of working with different levels of surface complexity has been confirmed. Further the 

tradeoff of each computation option (spatial resolution, time step and shading effect) has been 

considered. It is suggested that by simulating only the summer months and at hourly steps one can 

get within 2% of the average month irradiation loss by shading over the year.
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Chapter 6
General Discussion

6.1. A pyramidal process of insolation simulation

Chapters 2 through 5 form a pyramidal process shown in Fig. 6.1 for solar resource assessment 

that has been tested for Southeastern Ontario (level 1), Kingston (levels 2 and 3) and is now ready to be 

applied and validated elsewhere. In increments of information density or in decreasing pixel size this 
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Fig. 6.1: The pyramidal process for insolation simulation



pyramidal process can be conceptualized as the following:

– Table 6.1: Summary of required data, procedures for simulation and post-simulation and results 
for Level 1 (regional scale) assessment

Pre-simulation Simulation Post simulation Deliverables
Census Subdivisions 
(CSD) of the 14 
counties in the RER

Soil types for forestry
/ agriculture/ civic land 
use purposes

Digital Elevation 
Model (DEM)

Slope/ inclination 
Aspect/ orientation
Latitude

Albedo
Linke turbidity
Ground-measured 
values of global 
horizontal irradiation 
(GHI)
Clear sky index Kc

r.sun at grid size of 90m 
and time step of 15 
minutes

terrain shading 
incorporated

10 minutes/ run

Site selection on 
conditions of slope/ 
aspect and land use

Monthly and annual 
daily average GHI 
which is  between 15 – 
40% lower than SSE 
and NRCan results due 
to the use of smaller 
spatial resolution
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– Table 6.2: Summary of required data, procedures for simulation and post-simulation and results 
for Level 2 (municipal scale) assessment

Pre-simulation Simulation Post simulation Deliverables
Aerial photos of 
Kingston

Land parcels serviced 
by Utilities Kingston

Roof section delineation 
within ArcGIS – 2 
weeks in general 
whether by hand or by 
an ArcGIS extension 
(Wiginton et al., 2010)

Shading incorporated

Energy estimation done 
in PVSyst 3.7 on an 
hourly basis 

System sizing and 
technology choice to 
take advantage of 
Ontario's Feed-in-Tariff.

Aggregate energy and 
power yield

Total potential roof area 
for solar PV = 0.30 – 
0.33 the total projected 
roof area

– Table 6.3: Summary of required data, procedures for simulation and post-simulation and results 
for Level 3 (block scale) assessment

Pre-simulation Simulation Post simulation Deliverables
Digital Elevation 
Model (DEM)

Aerial photos of 
Kingston (2008)

LiDAR data (2008)

Roofprint information 
(2010)

Albedo
Linke turbidity
Clear sky index Kc

Roof data extraction 
carried out in Matlab 

Roof growing in ArcGIS

r.sun at grid size of 
0.55m and time step of 
3 minutes

terrain and near object 
shading incorporated

37 minutes/ run

generation of shading 
profiles on an hourly 
basis

Site selection on 
conditions of slope/ 
aspect and shading 
behavior

Monthly and annual 
daily average GHI 
which is at 30% lower 
than level 1 due to 
smaller spatial and 
temporal resolutions

Total potential roof area 
for solar PV = 0.56 the 
total projected roof area. 
This ratio has taken into  
account the shading 
behavior of each pixel  
in the area whether it is  
from terrain, near  
object or in row shading 
of panels. See Chapter 5 
for more detailed 
discussion. 

It should be noted that by observation and confirmed by Perpinan et al. (2008) from 15 minutes down 
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in time step, the decrease in temporal resolution does not significantly improve the result of energy 

estimations. 

The pyramidal process can continue to be refined by recommendations in Chapters 4 and 5. 

At all levels, site selection is by means of a carrying capacity model, which combines multi-criteria 

evaluation (MCE) and analytic hierarchy process (AHP) with GIS technology (Muselli et al., 1999). 

The methodology in site selection used here was based on this theoretical framework. However, since 

the primary interest is in new PV plants' system sites and the gross estimate of the total output, a simple 

boolean selection was preferred over a weighted linear sum. Tables 6.1-6.3 list the trade-offs between 

time and care to prepare data, process results and detail achieved in the end. Ultimately it is the choice  

of the individual concerning time, budget, data, techniques/ expertise and project goals. 

6.2. Contributions to solar resource assessment (SRA)

The determination of appropriate resolution for the assessment is not just important from the 

perspective of the programmer, as illustrated in section 6.1. but is also affecting the applicability and 

precision of the end products. Hammer et al. (2003) emphasized that an accurate knowledge of the 

solar resource at the surface is essential for a successful introduction of solar energy technologies in the 

urban environment. The data can be used to simulate the performance of solar energy systems and is 

needed to optimize the layout and size of the systems in the site selection phase. Further, precise 

surface solar energy resource assessment  makes sophisticated system management possible along with 

a high PV penetration level on the grid. Energy efficient buildings will use intelligent control 

techniques (e.g. smart grid) to coordinate needs of consumers and resources with respect to energy 

consumption, lighting and climate control of buildings. If PV is to be part of this mix, this implies 

information on the temporal development of the system and the meteorological conditions influencing 

the system. The importance of forecasting solar radiation in an optimized use of solar energy in the  

future justifies the need of development, exploration, validation and systematization of algorithms and  
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methods, which this research has provided.

Aspects of solar variability, which must be addressed to meet the needs of the electric utilities 

for improved engineering, deployment, and operation of solar energy conversion systems (NREL 2008) 

include: 

(i) High-resolution temporal data: Due to the inherently fast response of PV conversion systems, 

it is possible that future needs for solar resource and associated weather data will be on the 

order of a few minutes or less.

(ii) Site-specific resource data: Characterizing the spatial variability of solar irradiation over 

distances of 1 km or less is important for improving the siting, design, and performance 

monitoring of a solar energy conversion system (i.e. distributed PV generation at the 

community or sub-grid level). 

(iii) Solar resource forecasting. Utility operations require forecasting capabilities over a variety 

of time steps ranging from very short term (1–3 hour) for dispatching, day-ahead for system 

operations, and seasonal and interannual for long-term system planning and economic analyses. 

(iv) Interactive data archive. End users of solar resource data must be able to access historical 

and nearly real-time solar resource information. The ability to create specific query-based data 

sets will help system designers, analysts, and system operators achieve optimum performance 

from solar energy conversion systems. 

In light of the above aspects, the above methodology developed here offers flexibility in choice of 

temporal and spatial resolutions; updatability of input resources (SSE/ SoDa) and location. Accuracy 

was only assessed for the case of Kingston, ON and hence has to be verified with additional sites in the 

future. 

By providing the ability to move between different resolutions and adapt to different locations, 

this research assists the facilitation of an economy of scale for solar PV: more precise site selection 
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means more efficient system operation and more confidence in the success of the system, hence wider 

installation, which requires larger scale manufacturing and hence a decline in cost per Watt. Lower 

costs increase rate of returns and technological diffusion. The increased returns will provide more to 

research and development (R&D)to drive up efficiency and hence even higher yield and profit to 

accelerate PV into a virtuous cycle (Watanabe et al., 2003). 

6.3. Contributions to (urban) electricity management

Within the urban environments the uptake of solar energy is possible in various (active and 

passive, long and short-distance) ways. Active applications use solar thermal collectors for heating and 

cooling or use PV built upon rooftops or integrated into building facades, for electricity production. 

Passive uses of solar energy mean designing buildings and their windows in a way that they use solar 

radiation for heating and illumination. Not only buildings but whole settlements may benefit from a 

solar design: Large collector arrays can be used to produce local heat and large PV arrays can produce a 

significant share of the settlement’s electricity demand (Hammer et al., 2003; Kampf et al., 2010).

Moreover solar PV can be made grid connected or stand alone, hence more interest has been 

devoted to the contribution of solar PV to smart grid and distributed generations (DG). Although the 

impact of distributed generated PV (PV-DG) on electricity networks is still small, it is widely 

acknowledged that the grid integration of PV-DG can bring both medium-and long-terms benefits in 

terms of reduction of transportation and distribution losses, improvements in quality and continuity of 

service in peak-hours; reduction of environmental impacts; deferral of future investments to increase 

the networks capacity, and reduction of the additional generation needed to meet the peak-hours 

demand (Caamano-Martin et al., 2008; Pearce, 2002). These benefits will be maximized if the 

deployment is closer to the point of consumption, which will help increase the share of PV-DG in 

distribution networks. Caamano-Martin et al. (2008) further confirmed that the technology concerning 

PV-DG has matured enough to overcome such system problems as voltage rise and fluctuations, current 
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harmonics and DC injections and unintentional islanding. Aside R&D needs in electrical engineering it 

follows that more is left for location-based SRA to increase the decentralization of solar PV and to help 

PV-DG be a more active and substantial component of the future electricity grid. 

The penetration of solar PV into the electrical grid and the supply bulk does not just concern 

technical stability but also temporal stability. The season and weather driven characteristic of solar PV 

is confirmed in monthly simulation results shown in chapters 2 and 5, which, fortunately, can be 

mitigated by the capabilities in demand and supply side communications and intelligent energy storage 

of an operational smart grid. Potter et al. describes a dual dependence between solar PV, among other 

renewable energy source and smart grid development: the ability to better integrate renewable energy is 

one of the driving factors in some smart grid installations (2009). Integration studies are continuing to 

improve and as the level of sophistication increases, so too does importance of accurately modeling the 

“fuel” that drives the renewable energy. The provision of precise surface energy resources is ubiquitous 

for a smart grid to make the right decision, manage supply and demand in an efficient way and increase 

the role of renewable energy. By aiming at accurate, interactive and easier access and acquisition of  

location specific surface solar data this research contributes to facilitate the development of both the  

smart grid and distributed generations. 

6.4. Further applications in environmental research 

Teller & Azar (2001) argued that if 'free guidance' is embedded within a more comprehensive 

urban management sustainable concerns would no longer appear as an additional burden to 

practitioners. The methodology presented here comprises data retrieval, manipulation and management, 

computation and visualization needed to reach this goal for solar PV deployment. 

Irradiance modeling also forms one core component in the thermal behavior of the city (Ratti et  

al., 2005, Grimmond et al., forthcoming; Robinson et al., 2009). The results here can further be input 

into research on micro-climate and climate change mitigation (Jochem et al., 2009; Yousef 2010). On 
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the latter, the active and passive uptakes of solar PV can help deal with the urban heat island 

phenomenon (Genchi et al., 2003) and creates another, more efficient channel for urban resources 

utilization. This research thus has a potential to contribute to sustainable urban design. 

6.5. Implications on policies and legislation

As much as the promise solar PV holds for future energy solutions, the public perception 

towards the loss of land and space for PV installation, whether ground based or roof based, has to be 

taken into account during site selection. 

The site selection performed in Chapter 2 (Nguyen & Pearce 2010) obeyed the Ontario Ministry 

of Municipal Affairs and Housing’s latest Provincial Policy Statement, section 1.8.3, which states 

“Alternative energy systems and renewable energy systems shall be permitted in settlement areas, rural 

areas and prime agricultural areas in accordance with provincial and federal requirements. In rural 

areas and prime agricultural areas, these systems should be designed and constructed to minimize 

impacts on agricultural operations.” It is significant that full compliance to this freely interpretable 

code still leaves the RER with nearly 1 million acres for solar farm development. Unfortunately few 

ongoing solar farm developments (e.g. the ones in South Stormont and East Hawkesbury, Stone Mills 

in Lennox & Addington) are situated where the solar flux was found to be most abundant. There is 

clearly room or science and engineering to assist better policy design. Such results at the expense of  

land use exclusion could mitigate many social concerns over the impact of solar parks (e.g. sacrificing  

useful agricultural land to install energy farms), and thus direct more attention to appreciation of solar  

PV’s benefits.

The case for urban rooftop solar PV is more complicated and dynamic for the complex structure 

of urban electricity grids and for interests and debates surrounding the smart grid and distributed 

generation. A study sponsored by Utilities Kingston has pointed out the disconnectivity and 

incompatibility between electrical grid information and demographic and land use information even 
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within one municipality. Chapter 3 described the level of detail on urban information that can be 

extracted for the purpose of urban solar PV installation and emphasized the need for better data quality, 

potentially from airborne laser scanning technology. Chapter 4 focused on the steps of deriving urban 

surface information from ALS data, which provided the essential inputs for analysis in Chapter 5. 

As the value of solar energy becomes more apparent, policies and laws are needed to guarantee 

investors rights in PV deployment. The state of California has subjected solar access violation to the 

law. Accordingly, “... no person owning, or in control of a property shall allow a tree or shrub to be 

placed, or, if placed, to grow on such property, subsequent to the installation of a solar collector on the 

property of another so as to cast a shadow greater than 10% of the collector absorption area upon that 

solar collector surface on the property of another at any one time between the hours of 10 a.m. and 2 

p.m. local standard time.” (Levinson et al, 2009). The methodology in Chapters 3-5 will assist future 

negotiations. 

As illustrated from Chapter 5, roof space, open space and green space now starts to have a more 

complex and interactive meaning, which is a compromise between shading comfort, space amenities 

and solar PV micro or macro generation and which is not determined by an individual. The quality of 

space amenities such as shading/ cooling comfort from trees and daylight availability has to be 

balanced with solar PV installation. Within a small, isolated community or within a few residential 

houses, the matter can be resolved privately. However over larger space, open spaces amenities seldom 

have been considered. Especially when the people using the space are not the only ones living in it. 

Teller & Azar (2001) argue that both aspects, ‘legitimate solar access losses’ and ‘open spaces 

amenity’, should normally be regarded by public authorities. Municipal regulations, prospects and so 

on can be considered as primary means to achieve this regulation. However as it is often the case, such 

instruments are misfitted or outdated and hence can provide few justifications if any for the decisions 

taken. An analysis like that presented in Chapter 5 can help provide local authorities and even  
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concerned stakeholders. with more objective, quantifiable arguments to settle the negotiations. 
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Chapter 7
Summary And Conclusions

7.1. What has been done

This research sets out to answer the following questions:

• Given a particular scale (macro/ meso/ micro) what is the appropriate and more user-

friendly methodology for solar PV resource assessment? 

• Given a particular state of data availability and quality: (i) DEM/ DTM (Level 1); (ii) 

flawed aerial photos (Level 2) and (iii) raw laser scanning data and/ or building roofprints 

(Level 3), how can surface information be extracted for the purpose of insolation 

simulation?

• What parameters/ factors influence the choice and the performance of each method?

• How can the influence of current urban texture as well as future planning scenarios on solar 

gain and shading loss be analyzed?

Innovative methodologies developed aimed at addressing the following voids:

• The rules of thumb for site selection for solar PV installation are variable from region to 

region, from system to system, and hence are rare or weak within previous literature. 

• The connection between existing algorithms with theoretical formulae is rarely established. 

Even more rare is the integration of shading from near objects and in the site selection 

process. 

• A free and open source equivalent for each step within the methodology. 

A complete methodology was developed and tested for solar photovoltaic resource 

assessment at various levels of information density. Limits and suitability of the module as well as 

of the whole methodology at each level were discussed. Areas suitable for the installation of solar 

photovoltaics were selected given a set of criteria for optimal system design. For the case of having 
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airborne laser scanning point clouds as surface input, a separate methodology was developed that 

can extract, segment and reconstruct roof facets with a reasonable amount of time and effort and at 

a reasonable level of accuracy. The conclusions for this research are below. 

7.2. Conclusions

At the regional scale, the package r.sun within the open source Geographical Resources 

Analysis Support System (GRASS) was used to compute insolation including temporal and spatial 

variation of albedo and solar photovoltaic yield. A complete algorithm is presented covering the 

steps of data acquisition and preprocessing to post simulation whereby candidate lands for incoming 

solar farms projects are identified. The optimal resolution to acquire reliable solar energy outputs to 

be integrated into PV system design software was determined to be 1 km2. A case study using the 

algorithm developed here was performed on a North American region encompassing fourteen 

counties in southeastern Ontario. It was confirmed for the case study that Ontario has a large 

potential for solar electricity. This region is found to possess over 935,000 acres appropriate for 

solar farm development, which could provide 90 GW of PV. This is nearly 60% of the whole 

province of Ontario’s projected peak electricity demand in 2025. The algorithm developed and 

tested here can be generalized to any region in the world in order to foster the most 

environmentally-responsible development of large-scale solar farms. 

At the municipal scale, another methodology was presented to provide urban solar 

photovoltaic resource assessments, which is widely applicable throughout the world. The results of 

the case study indicate that utilities needing to plan for large-scale solar electric generation in urban 

areas can make a rule of thumb estimate. In the absence of advanced computational expertise and 

high quality remotely sensed data, one third of the projected area of roofprints can be used as a first 

pass estimation of the available area for PV installation. Then relatively simple geometry and 

potential system specifications can be employed to evaluate the potential solar energy generation. 

The methodology could be run in a similar case study area in the urban region of interest to reduce 
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error without moving to more complicated, time consuming and costly methods.  

However only an accurate aggregate assessment can be output in terms of: (i) the simulation 

of  the  solar  exposure  of  the  customers  connected  to  distribution  feeders  based  on  local 

meteorological conditions and the general roof orientation of the customers serviced by the feeder; 

and (ii) sensitivity analyses of electricity yield as a function of module efficiency. As the required 

levels of detail, accuracy and flexibility are raised, roofprints will become secondary to a symbiotic 

relationship between airborne laser scanning, roof segmentation and shading simulation. Thus such 

rules of thumb will be phased out as the combination of different disciplines (computer vision, solar 

energy system engineering and spatial analysis) for PV continue to be a proliferate area of research.

For the application of LiDAR to automated solar photovoltaic  deployment analysis on the 

municipal district unit, a separate workflow that attains an accurate (within 5 degrees) segmentation 

and reconstruction from raw and randomly chosen data was demonstrated. The methodology 

implements what previous literature recommends in terms of integrating cross disciplinary 

competences in remote sensing, GIS, computer vision and urban environmental studies. It is a 

robust methodology that can work with poor-quality data and reconstruct vegetation and building 

separately but concurrently.  Since the coarse selection of building regions is crucial to reliable 

results considerable attention was focused on this first step. Subsequent steps in building extraction, 

segmentation and reconstruction were carried out accompanied with mathematical proofs and 

illustrations. The approach was data driven hence the whole attempt can be regarded as a large scale 

optimization problem aiming at best approximating the point cloud. Singular Value Decomposition, 

Random Sample Consensus and Triangular Irregular Network were confirmed as essential tools for 

the task. Rules of thumb were collected to incorporate in the development of such scripts for 

automatically extracting rooftops for solar photovoltaic potential.

The urban morphology extracted from LiDAR was input to solar photovoltaic resource 

assessment. The scale of interest is the meso scale where such factors of the urban texture as sky 
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view factor, near object shading comes into play and hence a more complicated methodology was 

created to handle the higher level of detail required. Out of a two dimensional extent of 

approximately 40,000m2 in building coverage, 22,000m2 of roof area was found to be between 

southeast and southwest in azimuthal direction and between 0 and 60 degrees in slope and hence 

potentially optimal for the purpose of solar PV installations. The criteria concerning aspect, slope, 

shadow duration can be either relaxed or made more constrained and additional constraints can be 

added, which desmontrates the flexibility and adaptability of the workflow. 

With higher integration of urban texture, but without such noise as antenna, chimneys and HVAC 

units, the global horizontal irradiation is much lower. On one hand this can be refined further by 

improving the surface generation scripts, using higher quality ALS data and integrating vegetation. 

On the other hand the robustness of r.sun as capable to work in different levels of surface 

complexity has been confirmed. 

The above pyramidal methodology allows for solar photovoltaic resource assessment with 

high adaptability to any size of region (several counties, a city, a block of buildings), to the more 

popular forms of data that are publicly available and to a wide variety of users (homeowners, 

utilities companies, government agents, PV system engineers and developers) with a variety of 

levels and familiarity to technologies. In that sense it can be regarded as a contribution to solar PV 

penetration in the market and in society.

7.3. Recommendations

Room for improvements in each component of the methodology were included in the 

individual chapters, which span several disciplines e.g. computer vision, solar system design and 

insolation modeling. In addition to these incremental developments, tighter cross-disciplinary 

coupling will be needed to integrate all the progress in different sectors of interest to ensure 

enhanced modeling functionality and results for optimal PV site selection and system design. 

The methodology here did not include ground reflectance and facade reflectance for three reasons: 
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(i) the resultant DSM only concerns objects (roofs and trees) that are higher than a certain elevation 

(2.5m); (ii) the LiDAR quality was not sufficient to render a complete and accurate 3D scene 

including the position and structures of walls, doors, windows or facades; and (iii) more work needs 

to be done in order to have monthly and if possible surface- and material-specific albedo instead of 

a default 0.2 values as current literature is using. Once the three issues can be addressed reflected 

irradiance can be included and the methodology can be compared with existing ray tracing packages 

e.g. RADIANCE. 

The effect of tree shading and tree growth on the uptake of urban solar PV energy has yet to 

be considered. The reconstruction of tree canopies from ALS data is an interesting scientific topic 

on its own. In the context of  urban solar PV energy deployment this concerns the horticultural, 

aesthetic and environmental aspects and the perceived quality of life in a city. 

In light of the ongoing Feed-in-Tariff scheme for the province of Ontario, the ability to 

model irradiation down to a municipal district unit creates the possibility to predict the diffusion 

and validate the performance of the microFIT contracts. The rules of thumb for site selection and 

the demographic information of households that pursue microFIT will assist in creating rules for a 

cellular automata model for the diffusion of solar PV in particular and of innovative and renewable 

energy technologies, which has recently caught the interest of the scientific community. 

Opportunities also lie in the validation of the developed workflows with other softwares and 

methods and in the integration into existing computer systems in urban design. The developed 

workflows aim at computation and visualization, but not yet at optimization of solar PV system 

yield given different sets of topological constraints. The combination with, or the potential thereof, 

optimization models such as evolutionary algorithms is another desirable direction for future 

research. 
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Appendix A
Screenshots To Illustrate The Segmentation And Reconstruction 

Of Urban Structures From LiDAR
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Fig. A1:Nicol Hall in the real world, viewed in ArcGIS
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Fig. A2: Nicol Hall in the LiDAR world: the color ratings represents heights of the 
points with the lower range being green and the higher range being red

Fig.A3: The original elevation histogram for Nicol Hall
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Fig.A4: A zoom in of the first histogram region (lower than 15m) shows the horizontal 
part of Nicol Hall

Fig.A5: The removal of roof obstacles (highlighted) for the horizontal part of Nicol Hall
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Fig. A6: A zoom in look of the gabled structure (front) of Nicol Hall

Fig. A7: Output from RANSAC the main faces for the gabled structure (front) of Nicol 
Hall are visualized with different colors indicating different faces
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Fig. A8: Raw data (green and red dots for upper lying and lower lying respectively) against 
fitted data (black grid) for one face of Nicol Hall's gabled roof (in Matlab)



Appendix B
Matlab Scripts For Single Value Decomposition And Random 

Sample Consensus
%---Singular Value Decomposition---%
M = importdata(input('Enter name of file: ', 's'), ',')
X = [M.data(:,5) - min(M.data(:,5)),M.data(:,6) - min(M.data(:,6)),M.data(:,4)]
x0 = mean(X)
A = [(X(:, 1) - x0(1)) (X(:, 2) - x0(2)) (X(:, 3) - x0(3))]
[U, S, V] = svd(A, 0)
N = -1/V(end,end)*V(:,end)
c1 = N(1), c2 = N(2), c3 = -x0*N
output =[M.data(:,5), M.data(:,6), X(:,3), c1*X(:,1) + c2*X(:,2) + c3]
dlmwrite(input('Enter name of file: ', 's'), output, '-append', ...
        'roffset', 1, 'precision', '%.6f', ...
         'newline', 'pc') % offset 1 row to insert header
xlswrite(input('Enter name of file: ', 's'),{'xcoord', 'ycoord', 'rawZ', 'intZ'})
clear X;
clear x0;

function myRANSAC
M = importdata(input('Enter name of file: ', 's'), ',');
X = [M.data(:,7) - min(M.data(:,7)),M.data(:,8) - min(M.data(:,8)),M.data(:,6), M.data(:,2), 
M.data(:,3)];
T = X'; 
numFaces = input('Enter number of faces: ');
minNumPoints = 0;
k1=0;
k2=0;
k3=0;

    
%---RANSAC algorithm---%
for m = 1:numFaces             % loop until the loop have to stop
    minNumPoints = input('Enter the minimum number of inliers: ');
    rounds = input('Enter the number of trials: ');
    size(T,2) 
    for n = 1:rounds
        %------choose 3 directed points-------%
        for i = 1:3
            %   three_points(:,i) = T(:,input('Enter id of the point for plane construction: ')+1) 
            %   instead of randomization, choosing the correct first three points
            %   to minimize trials, time and errors
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        end
        %------------------------------------%
    
        % OR
        %------choose 3 random points-------%
        for i = 1:3
            k2 = k1;
            k1 = k3;
            k3 = randint(1,1,[1,size(T,2)]);     %random 1 number in range [1,n]
            while (k1==k3)||(k3==k2)                      % if there is some the same number then random again
                k3 = randint(1,1,[1,size(T,2)]);
            end
            three_points(:,i) = T(:,k3);      %construct the matrix of random three points from the set of 3D 
point
        end
        %------------------------------------%
        
        %---calculate the plane from 3 points---%
         v1 = three_points(:,1)-three_points(:,3);       %create the first vector from point 1 and 3
         v2 = three_points(:,2)-three_points(:,3);       %create the second vector from point 2 and 3
        for j = 1:3
            t1(j,:) = v1(j,:);
            t2(j,:) = v2(j,:);
        end
    
        for k = 1:3
            p1(k,:) = three_points(k,1);
            p2(k,:) = three_points(k,2);
            p3(k,:) = three_points(k,3);
        end
    
        ABCcoff = cross(t1,t2);                         %find the A,B,C coefficient of the plane equation
        Dcoff = dot(-p3',cross(p1,p2));    %find the D coefficient of the plane equation
        PlaneCoff = [ABCcoff ; Dcoff];   %combine all of the coefficient of the plane equation
    %---------------------------------------%
    
    %---count inlier---%
        for r = 1:3
            Q(r,:) = T(r,:);
        end
    % threshold = input('Enter the threshold use for determining inliers: ')
        threshold = 0.1;
        numInlier = 0;
        for l = 1:size(T,2)
            if T(4,l) == 0 % check if the point has been selected for other faces
                           % if yes, do nothing
                           % otherwise, proceed
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                distance = (PlaneCoff'*[Q(:,l) ; 1])/(sqrt(sum(ABCcoff.^2)));    % find the distance from the 
point to the plane
                if (abs(distance) < threshold)
                numInlier = numInlier + 1;      %count the number of inlier 
                inlier_point(:,numInlier) = T(:,l);
                T(4,l) = 1;
                end 
            end
            %num_inli = numInlier
        end
        
    %---decide to be break the loop and be done with this facade or not---%
         
        if numInlier >= minNumPoints
            break 
        end
      
        for z = 1:size(T,2)
            T(4,z) = 0;
        end
       
    end
    
    X = [inlier_point(1,:)',inlier_point(2,:)',inlier_point(3,:)'];
    x0 = mean(X);
    A = [(X(:, 1) - x0(1)) (X(:, 2) - x0(2)) (X(:, 3) - x0(3))];
    [U, S, V] = svd(A, 0);
    N = -1/V(end,end)*V(:,end);
    c1 = N(1); c2 = N(2); c3 = -x0*N;
    
    output =[inlier_point(5,:)', inlier_point(1,:)'+ min(M.data(:,7)), inlier_point(2,:)'+ min(M.data(:,8)), 
inlier_point(3,:)', c1*X(:,1) + c2*X(:,2) + c3]; % output the plane
    dlmwrite(input('Enter name of file: ', 's'), output, '-append', ...
        'roffset', 1, 'precision', '%.6f', ...
         'newline', 'pc') % offset 1 row to insert header
    xlswrite(input('Enter name of file: ', 's'),{'former_id','xcoord', 'ycoord', 'rawZ', 'intZ'}) % append 
header to the beginning of the file
    %------------------%
    
    %---reset  parameters---%
    k1=0; k2=0; k3=0;
    i=0; j=0; k=0; r=0; l=0;
    clear three_points;
    if (input('Remove the points or not: ') == 1)
        for a = 1:size(inlier_point,2)
            b = inlier_point(5,a);
            c = find(T(5,:) == b);
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            T(:,c) = []; % remove the chosen point
        end  
    else 
        delete(input('Enter name of file: ', 's'));
    end
    
    clear inlier_point;
    clear Q;
    %-----------------------%
 end
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Appendix C
Irradiation Loss By Shading For January Through December
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Fig.C1: Irradiation loss by shading in January
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Fig.C2: Irradiation loss by shading in February

Fig.C3: Irradiation loss by shading in March
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Fig.C4: Irradiation loss by shading in April

Fig.C5: Irradiation loss by shading in May
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Fig.C6: Irradiation loss by shading in June

Fig.C7: Irradiation loss by shading in July
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Fig.C8: Irradiation loss by shading in August

Fig.C9: Irradiation loss by shading in September
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Fig.C10: Irradiation loss by shading in October

Fig.C11: Irradiation loss by shading in November
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Fig.C12: Irradiation loss by shading in December


