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Abstract 

The rapid economic growth worldwide has imposed much pressure on the energy sector for sustainable 

development. Although much effort has been made to achieve sustainability, the world is currently not on 

track to meet the main energy-related components of United Nation’s Sustainable Development Goals 

(SDGs). Great transformations are needed in the way we produce and consume energy. Focused on the two 

largest contributors to global energy-related greenhouse gas emissions, the electricity production sector and 

transportation sector, this dissertation presents three studies to help improve energy efficiency and promote 

the transition to more sustainable energy consumption. The first study (Chapter 2) provides a GIS-based 

method to evaluate the residential solar photovoltaic (PV) potential at the urban scale. High-resolution 

LiDAR data are used to more accurately characterize residential rooftops and the surrounding built 

environment. Annual meteorological data are incorporated to capture temporal variation. Optimal panel tilt 

angle and orientation are considered. A case study is conducted in the City of Tucson, Arizona, testing the 

validity of the method proposed. Building on the first study, the second study (Chapter 3) focuses on the 

spatial layout design of solar PV systems to optimize performance. Unlike studies that focus on an 

individual panel’s parameters such as tilt angle and orientation or solar cell materials, this study proposes 

a new spatial optimization model, the maximal PV panel coverage problem (MPPCP), to identify the best 

spatial arrangement of multiple solar PV panels. Different orientations and alignment scenarios are 

considered to achieve optimal positioning of solar panels while accounting for practical installation 

constraints. The new problem is applied to locate solar PV arrays on a rooftop. Model performance and 

computational efficiency are discussed. In the third study (Chapter 4), an approach to the strategic location 

of alternative fuel (alt-fuel) stations is proposed to help promote sustainable transportation. While a number 

of optimization models have been proposed for siting refueling/recharging stations for alt-fuel/electric 

vehicles, many of these approaches require detailed origin-destination (OD) data of refueling trips that are 

often very costly or challenging to obtain. Chapter 4 introduces two new arc-based location models for the 

early and later stages of alt-fuel station planning when OD data are unavailable or unsuitable. Station 
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spacing parameters are proposed to reduce redundant coverage while helping fill in regional coverage gaps. 

The new models are applied to planning a network of compressed natural gas (CNG) fueling stations for 

heavy-duty CNG-powered trucking in the Southwest U.S. With a focus on spatial optimization methods, 

the three studies help assess energy potential and identify the best strategies to locate infrastructures for the 

production and consumption of more sustainable energies. In addition to the important applications, this 

dissertation also makes contributions to the spatial optimization field by developing new spatial 

optimization models that can be applied to other studies.    
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Chapter 1 

Introduction 

 

1.1 Overview 

The global energy landscape is changing and the pace of change will gather over the coming 

decades. In 2018, global energy consumption grew by 2.3%, nearly twice the average rate of annual growth 

since 2010 (Enerdata, 2018). Driven by sustained economic growth, energy consumption has been growing 

in many parts of the world, especially in Asian countries (IEA, 2018a). According to the International 

Energy Agency (IEA)’s projection (2018b), global energy demand will grow more than 25% by 2040 with 

electricity demand responsible for over half of the overall growth. Among all types of energies, demand for 

all fuels has increased, with fossil fuels accounting for 68% of the total increase - mainly due to the growing 

demand for oil and natural gas (IEA, 2018a). However, the burning of fossil fuels leads to increased 

greenhouse gas emission and deterioration of natural resources and increasing challenges to sustainability. 

Therefore, the development and use of renewable energy has emerged as an important way to help meet 

energy demand while achieving sustainability. It is projected that renewable energy will meet 40% of the 

global energy demand growth in 2040 (IEA, 2018b).  

Sustainable development has become a priority in many countries and organizations. Much effort 

has been made to help improve human lives and environment in a sustainable way (UN, 1992, 2000, 2002, 

2012). In 2015, 193 countries agreed the Sustainable Development Goals (SDGs) (UN, 2019). Among these 

goals, those to achieve universal access to energy (SDG 7), to reduce the severe health impacts of air 

pollution (part of SDG 3) and to tackle climate change (SDG 13) are most closely related to energy. 

However, the world is currently not on track to meet the main energy-related components of the SDGs (IEA, 

2019a). More efforts are needed to accelerate the pace of meeting the energy-related SDGs. In addition, as 

energy production is the largest source of greenhouse gas emissions (C2ES, 2017), sustainable development 
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of the energy sector is crucial for achieving the objectives of the Paris Agreement on climate change (UN, 

2015). 

Spatial context is crucial in many energy-related studies, including energy potential assessment in 

a region, and energy infrastructure distribution and efficiency in space. Spatial optimization approaches can 

play an important role in helping improve energy efficiency and transition to cleaner energy. Spatial 

optimization has long been an important subspecialty in geography (Tong and Murray, 2012). It involves 

optimizing one or more objectives related to a geographic problem, such as route selection, location-

allocation modeling, and land use planning, among others. Through minimizing operation costs or 

maximizing social benefits, spatial optimization helps make critical decisions to achieve the optimal system 

configuration and performance. With a focus on spatial optimization methods, this dissertation presents 

three studies to assess energy potential and identify the best strategies to locate infrastructures for the 

production and consumption of more sustainable energies.     

1.2 Contributions to Energy-related Sustainability Applications 

The electricity production sector and transportation sector are the two largest contributors to global 

energy-related greenhouse gas emissions (Ritchie and Roser, 2017; C2ES, 2017). Chapters 2 and 3 focus 

on new methods for siting solar energy installations to help reduce greenhouse gas emission by the 

electricity sector, and Chapter 4 reports on research on alternative-fuel (alt-fuel) vehicles aiming to facilitate 

clean energy promotion in the transportation sector. 

Solar energy, as one of the clean and renewable resources, provides a great potential for helping 

meet growing energy demand and reduce environmental impacts. Solar PV technology has been identified 

as a sustainable way to produce electricity. By offsetting fossil-fueled-power, solar PV energy avoids the 

release of 2 lbs. of CO2 and 0.5 gallons of water use for each kilowatt-hour (kWh) produced (TEP, n.d.). 

Over the next five years, solar PV is expected to lead the global renewable electricity capacity growth, and 

its capacity will expand to meet 4% of global electricity demand (IEA, 2018c). 
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As part of the contribution to solar energy studies, Chapter 2 incorporates suitability analysis 

(Church and Murray, 2009) to help assess the solar PV potential at an urban scale. A general GIS-based 

framework is provided to evaluate the solar PV potential for an urban area. High-resolution LiDAR data 

are used to more accurately characterize the rooftops and the surrounding built environment. 

Meteorological data are incorporated to capture temporal variation in the solar energy potential. Optimal 

panel tilt angle and orientation are considered. In addition, relationships between socio-economic factors 

and solar potential, as well as actual solar installation, are explored. A case study is conducted in the City 

of Tucson. Tucson Metro has a population of 1 million, and about 55% of the population live in the City of 

Tucson. Assessment results demonstrate the validity of the method in identifying suitable locations for 

rooftop solar PV system installation. With the identified suitable locations, it is then possible to explore the 

optimal spatial layout design of solar PV systems and service provision: topics covered in Chapter 3. 

After the identification of suitable locations/areas, the design and installation of a solar PV system 

can be challenging. To achieve the optimal performance of a PV system installed in a specified area, 

Chapter 3 proposes a new spatial optimization model, the maximal PV panel coverage problem (MPPCP), 

to identify the best spatial arrangement of multiple solar PV panels. This is different from existing studies 

that focus on individual panel’s parameters including system material technology (Yilmaz et al., 2015; 

Başoğlu et al, 2015), tilt angle and orientation (Lubitz, 2011; Hartner et al., 2015; Martinez-Rubio et al., 

2015; Hafez et al., 2017), and tracking configurations (Lubitz, 2011; Maatallah et al., 2011; Nsengiyumva 

et al., 2018; Nadia et al., 2018). In this study, different orientations and alignment scenarios are incorporated 

in the model to account for installation constraints while achieving the goal of maximal energy production. 

The new problem is applied to locate solar PV arrays on a rooftop with limited suitable installation areas, 

and it provides important insights into the spatial layout design of solar PV panels at various scales. 

Environmental concerns have expedited the development of the alt-fuel vehicle industry, but the 

deployment of alt-fuel vehicles remains at an early stage. This is in part due to scarcity of refueling facilities 

(Ko et al., 2016). Chapter 4 presents an approach to strategically locating alt-fuel stations to help promote 
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sustainable transportation with the assumption that adoption of alt-fuel vehicles will increase with the 

improved accessibility of alt-fuel infrastructures (Lim and Kuby, 2010).  

Many studies have been conducted for siting refueling/recharging stations for alt-fuel vehicles, 

such as hydrogen infrastructure planning, electric vehicle network modeling and compressed natural gas 

(CNG) refueling stations location optimization (Agnolucci, 2007; Dagdougui, 2012; Jing et al., 2016; Ko 

et al., 2016; Boostani et al., 2010). However, many of these location models require detailed origin-

destination (OD) data of refueling trips that are often very costly or challenging to obtain. Chapter 4 

introduces two new arc-based coverage models for locating alt-fuel stations for regions where OD data are 

unavailable or unsuitable. Station spacing parameters are proposed to reduce redundant coverage while 

helping fill in regional coverage gaps. The first model is more suitable for early stages of planning, while 

the second addresses coverage overlap issues during later stages when a denser station network is formed. 

Both models can handle cases with a set of pre-existing stations. The new models are applied to planning a 

network of CNG fueling stations for heavy-duty CNG-powered trucking in the Southwest U.S. The models 

in this study are generalizable to other regions, fuels, and vehicle types when applicable OD data are lacking. 

1.3 Contributions to Spatial Optimization Techniques  

In addition to the applied contributions to energy related research, this dissertation also contributes 

to the spatial optimization field by developing new location analysis methods as well as spatial optimization 

models. Chapter 2 reports on an approach to improve existing suitability analysis methods for solar potential 

assessment by developing a general framework to identify suitable sites for solar PV installations and 

estimate solar PV technical potential for large urban areas. High resolution data (LiDAR data) and 

important considerations (e.g., weather variation, optimal tilt angle and orientation of solar panels and 

minimum energy requirement) are incorporated in the method for a more accurate solar potential 

assessment.  

Based on the maximal covering location model (MCLP), Chapter 3 presents a new spatial 

optimization model, the maximal PV panel coverage problem (MPPCP), for the optimal layout design of 
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solar PV panels. Two mathematical formulations have been proposed to obtain the maximum coverage of 

suitable areas with their performances tested and compared. Compared to the classic MCLP, two main 

characteristics of the MPPCP are noted. First, the demand and candidate site spaces are continuous, which 

make the problem more challenging. Second, service areas of different facilities (i.e., PV panels) cannot 

overlap. The MPPCP can be applied or extended to identify the spatial layout design of other infrastructures.  

In planning a network of refueling/recharging stations, path-based models have been widely used 

(Berman et al., 1992; Hodgson, 1990; Kuby and Lim, 2005; Wang and Lin, 2009; Capar et al., 2013). While 

the path-based models explicitly take into account whether OD trips can be completed without running out 

of fuel, oftentimes OD data are not readily available or are much coarser geographically than arc-based 

annual average daily traffic (AADT) data. To address this, Chapter 4 introduces two new arc-based 

coverage models for locating alt-fuel stations. Aiming to improve some of the shortcomings of conventional 

arc-based station location models, the new models attempt to factor in some of the multi-arc, inter-station 

relationships typically found in path-based models in a model where individual stations serve local arc 

demands only. The models maximize the arc flow volume covered by a given number of new alt-fuel 

stations located sufficiently far away from other stations. A station spacing parameter is introduced to 

provide the analyst flexibility in spreading new stations away from each other and from existing stations.  

The last chapter concludes the dissertation by reviewing and summarizing the results and main 

contributions of the dissertation. Some future work directions are also discussed.  
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Chapter 2 

Assessing solar photovoltaic potential of residential buildings on city-

level using LiDAR and GIS modeling 

 

2.1. Introduction 

 Increasing energy consumption due to population and economic growth has presented great 

challenges to sustainability. Three main fossil fuels—petroleum, natural gas, and coal—have provided more 

than 70% of the world’s total energy consumption for the past few decades (IEA, 2017a). However, fossil 

fuels are non-renewable natural resources due to their much faster consumption than replenishment. In 

addition to the limited availability of these conventional energy resources, issues related to fossil fuels 

burning, such as greenhouse gas emission and deterioration of natural resources, have posed threats to the 

environment and public health. For example, in the U.S. the electric power sector accounts for most of the 

energy-related CO2 emissions (US EIA, 2018). A switch to alternative, renewable resources has been 

identified as the solution to reducing the environmental pressure while meeting the increasing energy 

demand (IEA, 2017b).  

 Solar energy, as one of the renewable resources widely available, has been proposed as a potential 

contributor to help meet future energy needs and more importantly reduce the environmental impact of 

energy production (SEIA, 2019). Photovoltaic (PV) technologies are used to convert sunlight into electricity 

and have improved significantly in terms of material science and manufacturing economy for power 

generation (TEP, 2014). The worldwide cumulative solar PV capacity has increased approximately 80 times, 

from 5.4GW in 2005 to 400GW in 2017, and now accounts for almost 2% (460TWh) of the global power 

generation (BP, 2019; IEA, 2019b). Meanwhile, by offsetting fossil-fueled power, solar PV energy avoids 

the release of 2 pounds of carbon dioxide (CO2) and 0.5 gallons of water for each kilowatt-hour (kWh) 
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produced (TEP, n.d.). A total of 460TWh electivity produced using solar energy in 2017 has prevented a 

release of approximately 460Mtons of CO2 and saved 230G gallons of water worldwide.  

 Among the factors that influence the amount of solar derived electricity generated, the size and 

location of a PV system are particularly important. Solar technical potential is one of the reliable metrics 

used to determine suitable sizes and optimal locations for PV units.  Solar technical potential measures the 

achievable energy generation given system performance, topographic limitations, environmental, land-use 

and other constraints (Lopez et al., 2012). The primary benefit of assessing solar technical potential is that 

it establishes an upper-bound estimate of PV economic and market potential considering projected solar 

PV technology costs, projected fuel costs, demand of customers, etc. (Gagnon et al., 2016).  

 Solar technical potential assessment can be conducted at the micro scale and the macro scale 

according to the size of the study area. Micro-scale studies examine a relatively smaller area, such as a 

building, neighborhood or community. At this scale, rooftop solar PV potential is mostly assessed by using 

detailed 3D models, Light Detection And Ranging (LiDAR) data and Geographic Information Systems 

(GIS) (Carneiro et al., 2009; Redweik et al., 2013; Kucuksari et al., 2014; Catita et al, 2014). Macro-scale 

research is often conducted at utility-scale, which often involves a much larger geographical area such as a 

state (Janke, 2010), a region (Nguyen and Pearce, 2010), or a country (Lopez et al., 2012). At this scale, 

solar energy potential estimation is usually done through suitability analysis in a GIS (Janke, 2010; Nguyen 

and Pearce, 2010; Lopez et al., 2012), and detailed rooftops information is often ignored. 

 A meso-scale solar energy potential assessment, such as for a city or a large urban area, lies between 

micro-scale and macro-scale ones. Existing methods developed for those two scales present difficulties for 

use in a meso-scale study. On the one hand, macro-scale solar potential assessment uses small scale, low-

resolution data and often involves high-level aggregation that ignores the urban context and surrounding 

buildings. While such an analysis is suitable for depicting large scale solar energy potential, it is far from 

being accurate for a city scale assessment due to its more complex built environment. On the other hand, a 

micro-scale solar energy potential study often involves collecting high-resolution data for each building 
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and creating detailed 3D building models; such an approach is therefore costly and computational 

challenging for a city level assessment. In addition to the detailed information about each building, the 

micro-scale assessment also requires other high-resolution data, which tend to be costly, such as number of 

inhabitants and number of housing units in each building or neighborhood throughout the entire city 

(Horváth et al., 2016). For an urban scale assessment, it is important to achieve balance among modeling 

accuracy, computational overheads and data availability.  

This research introduces a GIS-based method for assessing meso-scale solar PV potential. The 

method incorporates high-resolution Light Detection And Ranging (LiDAR) data and takes into account 

meteorological variation. Based on the LiDAR data, we depict detailed surrounding context of all buildings 

in the entire urban area. Meanwhile, monthly meteorological data and hourly solar data are used to estimate 

solar irradiation. Combining each building’s surrounding context and solar irradiation variation, annual 

solar PV potential for the whole city is computed. In the end, we examine PV systems that have been 

installed in the study area and provide discussion on the relationships between existing installations, as well 

as solar PV potential and socioeconomic factors.  

The remainder of this paper is organized as follows. Section 2 reviews previous relevant studies. 

Section 3 introduces the new GIS-based method. This is followed by the case study conducted in the City 

of Tucson (hereafter “Tucson”), Arizona. Section 5 shows assessment results with discussion provided. 

Section 6 concludes the study. 

2.2. Related studies 

2.2.1 Solar irradiation calculation 

 The estimation of solar irradiance is one of the most important tasks in calculating solar potential. 

At the utility scale, which often involves a large area, existing solar maps would be sufficient (Janke, 2010) 

due to the high usage of continuous space for energy production and minimal interference by urban 

buildings. For example, National Solar Radiation Database (NSRD) provides solar irradiation data at a 
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horizontal spatial resolution of 4km/10km. However, such an approach does not apply to a solar irradiance 

assessment at the residential scale. Different from utility scale solar farms, residential solar panels are often 

installed on rooftops and therefore a residential scale solar irradiance estimation involves an assessment of 

building’s rooftop areas. In addition, direct sunlight on rooftops may be blocked by surrounding 

buildings/infrastructures, and the amount of blockage may change with sun angles at different times of the 

day.  

 A few methods have been developed to estimate solar irradiation on rooftops. The National 

Renewable Energy Laboratory (NREL) PVWatts calculation module (Dobos, 2014) is a widely used 

method for estimating solar irradiance. It considers hourly solar irradiation based on a 10-km square grid 

and the typical meteorological year 2 (TMY2: 1961-1990) and year 3 (TMY3: 1991-2005) datasets. Local 

TMY2/3 irradiation data and other variations such as panel tilt, orientation and solar PV system parameters 

can be used to adjust energy production for different rooftops. However, shades and adjacent urban context 

are not modeled in PVWatts. Also, it is difficult to automate the process for a large area as each rooftop 

requires a specification of relevant parameters.  

 Another solar irradiation estimation method uses ESRI’s Solar Analyst plugin. A sky map, proving 

the upward-looking hemispherical viewshed, is first generated for each Digital Elevation Model (DEM) 

pixel in the area of interest. Direct and diffuse components of irradiation are then calculated based on the 

amount of sky that can be seen from a pixel in accordance with parameters such as sun position, sky 

transmissivity, and the specific model used for diffuse irradiation calculation (e.g., a uniform sky or 

standard overcast model). The incorporation of these details in the Solar Analyst tool considers the 

surrounding environment and therefore helps generate more accurate results than the PVWatts method. 

However, for solar irradiation calculation over a long period, the use of fixed ratio of direct and diffuse 

components and sky transmissivity while ignoring seasonal variation and weather conditions may be 

problematic. It has been noted that using Solar Analyst with the default input slightly underestimates the 

annual energy potential (Jakubiec and Reinhart, 2013).  
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 R.sun (Šúri and Hofierka, 2004), implemented in the open source GIS program, GRASS (n.d.), 

resolves some limitations of the Solar Analyst model. This tool allows users the flexibility to specify 

varying ratios of direct and diffuse irradiation in different areas. As a result, R.sun can be used to model 

solar irradiation for areas crossing multiple climate zones. It also takes into account ground reflected solar 

irradiation by considering surface inclination, global horizontal irradiation and ground albedo. In general, 

r.sun is most appropriate for large geographic areas, such as Southeastern Ontario, Canada, Europe and 

Africa where significant variation in the ratio of direct and diffuse components is expected (Šúri et al., 2005; 

Nguyen and Pearce, 2010; Huld et al., 2012). Studies also used r.sun’s sophisticated and flexible algorithms 

to calculate dynamic solar irradiation for small areas. Hofierka and Kanuk (2009) used r.sun to calculate 

solar irradiation for an urban area with 1440 buildings on a selected day with a 15-min time step. Nguyen 

and Pearce (2012) applied r.sun to calculate monthly solar irradiation for an area with 100 buildings using 

a 3-min time step.  

 Besides the methods discussed above, a few solar irradiation studies have created detailed 3D unban 

models and incorporated climatic or system variation to perform solar irradiance simulation on buildings. 

Lukač et al. (2013; 2014) calculated time-dependent direct and diffuse irradiance using the average hourly 

data based on daily meteorological measurements over the previous decade. They considered shadowing 

caused by surrounding solid objects and vegetation and accounted for the time-dependent transparency of 

vegetation by estimating sunlight absorption coefficient based on Leaf Area Index (LAI). Jekubiec and 

Reinhart (2013) performed simulations at an hourly interval in Daysim to calculate the annual point 

irradiation on each building rooftop. They used a 1.5m grid resolution and incorporated climate-specific 

data as well as shade and reflections derived based on a detailed 3-D geometric model. The high spatial and 

temporal resolutions in these approaches have made the results more accurate and precise (Lukač et al., 

2013; Jekubiec and Reinhart, 2013). However, due to the computational complexity and lack of data 

availability, these methods have been mostly applied to small case studies, such as a building, neighborhood 

or community. 
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2.2.2 Suitable areas detection for solar PV potential assessment 

Appropriate methods and tools for detecting areas suitable for solar PV installation may differ 

depending on analysis scales. In macro-scale studies, suitable areas are usually estimated through suitability 

analysis in GIS. Data layers such as slope, land cover, land use, population and distance to main roads are 

overlaid to obtain suitable locations for solar PV farms (Janke, 2010; Nguyen and Pearce, 2010; Lopez et 

al., 2012). In micro-scale studies, GIS and LiDAR data have been used to create 2-D and 3-D urban models 

to depict surrounding environment of building roofs and facades for potential rooftop PV installations 

(Carneiro et al., 2009; Redweik et al., 2013; Kucuksari et al., 2014; Catita et al., 2014). Due to the 

computational complexity and time intensity of such methods, the study area is often small, such as a 

building, neighborhood or community.  

There exist a few studies that assess urban scale solar PV potential. For example, Wiginton et al. 

(2010) proposed a method to determine the rooftop area available for PV deployment in a large urban area. 

They first examined suitable rooftop areas for a sample of 10 census subdivisions to estimate the rooftop 

area per capita, and then used the estimated rooftop area per capita to extrapolate the total suitable rooftop 

area for the entire region. Horváth et al. (2016) used building typologies to estimate solar energy potential 

for large urban areas. The study classified buildings into different types according to roof characteristics 

and building attributes, such as roof geometry and orientation, number of floors, and main building 

dimensions. Solar energy potential for each building type was computed based on samples collected through 

on-site visits. The energy potential for the entire city was then estimated combining all building types. 

Strzalka et al. (2012) used a simple 3-D block model and the associated shadowing simulation to extract all 

suitable rooftop areas for PV installations in the study area. However, only the rooftop on one case study 

building was used for a detailed hourly simulation of the PV power production. They then extrapolated the 

result of the case study building to all suitable roofs in the city. 

 The general idea of these urban scale studies mentioned above was that a single building or a 

sample/group of buildings were first analyzed, and then results based on these pilot building(s) were 
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extrapolated to estimate the solar energy potential for a larger area. Research including all buildings in a 

city or relatively large urban area is limited. In a recent study, Kouhestani et al. (2019) assessed solar energy 

potential for the City of Lethbridge, Canada. Based on high-resolution LiDAR data and GIS tools, they 

modeled all buildings in the study area and estimated the energy production for each building. Yet with 

specific local considerations, additional studies are needed to examine more cities in different regions. In 

addition, with improved and detailed solar potential assessment of a city, it is worthwhile to examine 

whether spatial disparity exists in solar potential and actual solar installation and how they are associated 

with social-economic status (SES). Such an analysis may provide important insights into issues related to 

social equity and help formulate relevant polies and guidelines for future planning.  

In this study, we propose a general framework to assess the citywide solar PV potential based on 

high-resolution (1foot) LiDAR data and GIS tools. We apply our method to a case study area, Tucson, in a 

region with abundant solar energy resource and potential for electricity production. With detailed estimation 

of energy production on all buildings in the city, we explore relationships between SES and solar PV 

potential as well as actual solar installations.  

2.3. Methodology 

 We aim to develop a GIS-based approach to assess citywide solar PV potential.  In particular, high-

resolution LiDAR data are used to accurately depict urban fabric and model surrounding context; 

meteorological data are used to derive temporal variation in solar irradiation. The flowchart outlined in 

Figure 2.1 shows the four phases of the proposed approach, data processing, pre-selection, energy 

estimation and post-processing. 
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Figure 2.1. Workflow of the proposed approach for the solar PV potential estimation. 

The data processing phase extracts building footprints from LiDAR data. Many studies describe 

methods for extracting building footprints from LiDAR data (Haala and Brenner,1999; Morgan and Tempfli, 

2000; Zhang et al., 2006; Tomljenovic et al., 2015), and many software packages can be directly used for 

extracting building footprints from LiDAR data (ArcGIS, n.d.; Textron System, n.d.). The general process 

of extracting building footprints begins by deriving a high resolution digital terrain model (DTM) and a 

digital surface model (DSM). The DTM represents terrain surfaces at ground level with vegetation and 

buildings removed. The DSM provides height information on the Earth’s surface that includes trees and 

buildings. Therefore, buildings and trees can be extracted by subtracting the DTM from DSM. Next, 

buildings and trees are separated by using classification methods (Vosselman and Maas 2010; Matikainen 

et al., 2010). Finally, neighboring building segments are merged to obtain one segment for each building, 

or each building boundary is identified by tracing boundary points and regularizing the shape (Matikainen 

et al., 2010; Tomljenovic et al., 2015). Post-processing of the classification results is possible, for example 

by eliminating small regions mis-classified as buildings. 

In the pre-selection phase, several layers are generated and overlaid to create mask layers. The 

high-resolution DSM which depicts detailed surrounding context such as trees and neighboring buildings 

is used for spatial analyses. Local or regional policy and regulations are analyzed to identify land use 

constraints as well as slope and orientation requirements for rooftops and PV panels. Such information will 

serve as input for slope analysis, orientation analysis and land/parcel use analysis to help locate suitable 
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areas on rooftops. Then, rooftop areas that are in the shadow of surrounding buildings and trees most of the 

day are identified through shade analysis. Overlaying these analyses results in mask layer #1 which contains 

rooftop areas that are free of shade, with appropriate land use codes and suitable slope and orientation for 

solar PV installation.  

Next, an area analysis is conducted to incorporate PV systems capacity conditions. Figure 2.2 

shows an example of the area analysis steps. First, based on mask layer #1, the size of each contiguous area 

on the rooftop is calculated using the average slope of that contiguous area. A minimum contiguous area is 

always required for solar PV array installation, for example 10 m2 (Melius et al., 2013). Therefore, small 

contiguous areas that fail to meet the minimum size requirement will be eliminated. The result of this step 

produces mask layer #2. In the example, two small segments on building 1 in mask layer #1 are not included 

in mask layer #2 (Figure 2.2b) because their sizes are smaller than the required minimum contiguous area 

size. The next step is to determine if the combined area on each rooftop meets the PV system capacity 

requirement based on mask layer #2. If the suitable area on a rooftop is less than the required minimum 

continuous area of a solar PV system, the rooftop will not be considered for solar PV installation. Mask 

layer #3 is the result of this step. In the example, the suitable area on the rooftop of building 3 is insufficient 

for installing a PV system with the minimum capacity. As a result, the final output of the area analysis 

(mask layer #3) only contains building 1 and building 2. Mask layer #3 will serve as an input layer for the 

solar irradiation analysis in the next phase. 

 

Figure 2.2. An example of area analysis process: a) Mask layer #1 is derived from slope, orientation 

and land/parcel use analyses; b) Mask layer #2 eliminates areas that cannot provide the minimum 

contiguous area; c) Mask layer #3 eliminates rooftops on which the total available area cannot meet 

the system capacity requirement. 
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The energy estimation phase calculates solar irradiation using high resolution DSM and suitable 

rooftop areas obtained previously. The spatial context concerning surrounding buildings is captured in DSM. 

The temporal variation in solar irradiation is accounted for by using relevant parameters derived from 

meteorological and solar irradiation data analyses.  

In the final post-processing phase, solar PV potential estimation is refined by considering minimum 

energy production requirement. Due to shade, solar irradiation received by different parts of a rooftop might 

be different. According to the shade analysis in the pre-selection step, roof areas in the shade most of the 

day have been eliminated to reduce the solar irradiation calculation time. However, there might exist areas 

with low energy potential. Therefore, we introduce another round of area analysis in the post-processing 

step to further refine the areas on which energy potential cannot meet the minimum energy production 

requirement. In the end, the overall solar PV potential is calculated. Formulas (1) and (2) provide the 

computation details (Fath et al., 2015; IEA, 2016). The daily solar irradiation in month m on roof r, 𝜂𝑚,𝑟 , 

is calculated as the sum of solar irradiances from sunrise to sunset. Note here that the computation of 

𝜂𝑚,𝑟 considers the surrounding urban context as provided in DSM. Formula (1) computes the annual solar 

PV potential, P, based on all suitable roof areas. Formula (2) estimates the total annual electricity output 

from the PV system, 𝐸. 

𝑃 =  ∑ ∑ 𝐴𝑟𝜂𝑚,𝑟𝑛𝑚𝑚𝑟                   (1) 

𝐸 =  𝑘𝜇𝑃                                            (2) 

Where:     

P = annual solar irradiation 

𝑚 = index of months 

𝑟 = index of roofs 

𝐴𝑟 = suitable area for the PV system installation on roof 𝑟 
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𝜂𝑚,𝑟 = daily solar irradiation received on roof 𝑟 in month 𝑚 (Wh/m2) 

𝑛𝑚 = number of days in month 𝑚 

𝑘= power conversion efficiency coefficient  

𝜇 = performance ratio 

It is to be noted that the framework introduced here provides a general workflow for the citywide 

solar potential assessment. Different applications might adjust components accordingly. For example, if 

minimum energy production requirement is not considered, the post-processing phase can be removed. In 

the current workflow, shade analysis in the pre-selection phase works as a preliminary process for solar 

irradiation calculation. By removing areas on rooftops that are in shade most of the day, the following solar 

irradiation calculation might become less time consuming. However, one could also skip the shade analysis 

if calculation time is a concern, as the post-processing phase helps filter out all rooftop areas with low 

energy production.  

2.4. Case study 

2.4.1 Study area 

 The new method is applied to assess the solar PV potential in the City of Tucson, Arizona. 

Compared to the national average of 80%, in Arizona a higher percentage, 85%, of energy consumption 

was from fossil fuels in 2015, and 55% of the CO2 emission was generated by the electric power sector 

(US EIA, 2015a; US EIA, 2015b). A transition to more renewable and sustainable energy sources is needed. 

The Arizona Renewable Energy Standard and Tariff (REST) requires renewable energy account for at least 

15% of all the regulated utilities by 2025, 30% of which must come from distributed renewable energy 

sources (ACC, 2006). Arizona is one of the states that has the most potential for the solar market. The semi-

arid climate in the region has abundant solar irradiation throughout the year. In terms of solar installations 

and growth projections over the next five years, Arizona has been ranked among top 5 (SEIA, 2017): 
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installations in 2016 were nearly three times those in 2015, and robust growth has been projected in the two 

market segments, residential and utility (SEIA, 2017). Therefore, solar potential assessment in the region 

can provide important insights into future solar energy infrastructure planning.  

 In this study, we focus on the assessment of residential scale solar energy potential. The residential 

sector accounts for Arizona’s second largest end-use energy consumption (EIA, 2015a). The majority of 

Arizona’s residents live in a few urban areas, leaving the rest of the state sparsely populated. The study 

area, Tucson, is the second largest city in Arizona. In 2015, Tucson Electric Power (TEP)’s renewable 

resources produced nearly 700,000 megawatt hours (MWh) of power, surpassing Arizona’s Renewable 

Energy Standard requirement of 5 percent for the year (TEP, 2017). TEP’s renewable energy portfolio 

shows that solar projects provide 83% of the energy capacity among all renewable energy projects (TEP, 

2017).  As for solar projects, 40% of solar energy capacity comes from rooftop solar systems. With more 

than 100,000 of urban households, abundant solar irradiation, and support provided by TEP, Tucson holds 

a great potential for rooftop PV installations to meet the residential energy needs.  

2.4.2 Data and model implementation 

 A summary of the data and the associated data sources is provided in Table 2.1. In the data 

processing phase, we downloaded parcel data from Pima County Government and collected LiDAR LAS 

files. The LiDAR data were organized by township-range-sections (each one is 1 square mile). A total of 

161 township-range-sections have single family residential parcels (Figure 2.3). The reason of considering 

single family residential only is because TEP restricts solar PV installation to owners of standalone, single-

family homes. During the pre-selection phase, we adopted parameters for residential solar PV installation 

such as slope, orientation, and solar system capacity requirements from TEP (TEP, n.d.). In the solar 

potential calculation phase, we collected hourly solar radiation data (global, direct, and diffuse radiation 

data) as well as monthly meteorological data from 1991 through 2010 from the latest National Solar 

Radiation Database (NSRDB) (NSRDB, n.d.). 
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Table 2.1. Data sources 

Phase Data Source 

Data processing Cadastral data; LiDAR LAS files Pima County Government 

Pre-selection Installation requirements TEP 

Energy estimation Meteorological data NSRDB 

 

 

Figure 2.3. The 161 township sections in Tucson that contain residential areas. 

In the data processing phase, we processed LiDAR LAS files in LiDAR Analyst (Textron System, 

n.d.) on a personal computer. Figure 2.4 shows several zoomed-in data layers created. From the LiDAR 

raw point clouds data (Figure 2.4a), we created 1-foot resolution DSM and DTM. As shown in Figure 2.4b 

and 2.4c, DSM depicts detailed information of trees and buildings while DTM provides the ground 

information with vegetation and buildings removed. Next, with the extracted DTM and DSM, we used the 

Building Extraction tool to derive the building footprints (Figure 2.4d).  
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(a) 

 

(b) 

 
(c) 

 

(d) 

 
Figure 2.4. LiDAR data manipulation (a) LiDAR point clouds; (b) DSM; (c) DTM; (d) Building 

footprints. 

In the pre-selection phase, we analyzed the TEP portfolio to obtain relevant codes and standards 

for residential solar PV installation. Participation of TEP residential solar installation is limited to the 

owners of standalone, single-family homes. TEP requires that all systems shall be installed with a horizontal 

tilt angle between 10 degrees and 60 degrees, and an azimuth angle of +/- 100 degrees of due south. These 

requirements were then translated into the three criteria to be met in the suitability assessment: (1) roof 

slope should be smaller than 60 degrees, (2) the orientation ranges from 80 to 280 degrees, and buildings 

should be single-family houses. Zooming into the same neighborhood as shown in Figure 2.4, Figure 2.5a 

and 2.5b show outputs of slope analysis and orientation analysis.  
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In the shade analysis process, the roof areas that are in the shade of surrounding environment such 

as buildings and trees need to be identified. Different recommendations have been proposed for suitable 

installation area selection when shade is considered. According to California Energy Commission’s guide 

to solar PV system installation, PV arrays should be free of shade between 9AM and 4PM (California 

Energy Commission, 2001). NREL’s guideline gives that at least 80% energy can be produced in the hours 

when a rooftop is directly exposed to sunlight (Melius et al., 2013). In this study, we used December to 

conduct the shade analysis given that compared to other times of the year December has the lowest sun 

angle and therefore produces the largest area in shade. The azimuth and sun angle parameters in December 

at 9AM, 12PM and 4PM were used to analyze areas that were in shade. Figure 2.5c shows the result of the 

shade analysis of 12pm in December, and Figure 2.5d presents areas that are in shade at all three times of 

the day. Roof areas that were in shade at all the three times were not considered for solar PV installation. 

Combining all these analysis results, mask layer #1 was created.  

For the area analysis, two area thresholds were applied. The minimum contiguous area required for 

rooftop solar PV panel installation is assumed to be 10m2 following the NREL’s guideline (Melius et al., 

2013). As a result, areas that are smaller than 10 m2 were removed from mask layer #1 to create mask layer 

#2. The TEP portfolio suggests that homes that accommodate the installation of a solar power system shall 

have a capacity of at least 1.2 kW. Given that 1 kW solar PV system requires roughly 10 m2 of roof area 

for installation (Hofierka and Kaňuk, 2009; Hois, 2013), to meet the system capacity requirement, a roof 

area of at least 12 m2 is needed. Consequently, by removing rooftops that have a total suitable area less than 

12 m2 from mask layer #2, mask layer #3 gives the suitable rooftops for PV system installations. Figure 

2.5e shows the three mask layers generated in the area analysis process. 
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(d) 
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Figure 2.5. Layers created in the pre-selection phase (a) Slope analysis; (b) Orientation analysis; (c) 

Shade analysis; (d) Shade mask; (e) Area analysis mask layers. 

The energy estimation phase focuses on computing solar irradiation based on recent meteorological 

data and solar parameters. As mentioned in section 2, a number of methods can be used to compute solar 

irradiation. In this study, we chose to use ESRI’s Solar Analyst to assess the solar PV potential based on 

monthly solar irradiation estimations. ESRI’s Solar Analyst plugin provides two methods to calculate solar 

irradiation. One is the Area Solar Radiation tool that calculates the irradiation for a continuous raster surface 

and produces an irradiation map for the entire geographic area. This tool is similar to other methods 
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mentioned in section 2 that use a raster DEM/DSM as the calculation input. In contrast, the Points Solar 

Radiation tool, computes the radiant energy only for a given set of locations specified as point features or 

as x,y coordinates in a location table. In this case, one can perform solar irradiation calculations for specified 

locations only, which can save a lot of computation. Given that mask layer #3 contains only a selection of 

suitable rooftop areas for potential PV panel installation, the Points Solar Radiation tool is more appropriate 

for the assessment of solar irradiation. Therefore, we converted the raster data of mask layer #3 to points 

with each point representing an area of 1 m2. Then the Points Solar Radiation function was used to compute 

the radiation level at each point.  

When applying the Points Solar Radiation tool, the slope and aspect at each site are important 

parameters. In this study, the input slope and aspect at each roof point were determined based on whether 

solar PV panels can be installed with a tilt angle and orientation that can achieve optimal yearly energy 

output. On flat roofs, solar PV panels can be installed with the optimal tilt angle and orientation to produce 

the highest yearly electricity. Studies show that panels facing south with the tilt angle equal to the local 

latitude give the optimal yearly output (Gunerhan and Hepbasli, 2007; Benghanem, 2011; Rowlands et al., 

2011). For south-facing slope roofs, we assumed that panels could also achieve the optimal tilt angle by 

adjusting the racking system. Therefore, we set the slope and aspect of roof points on flat roofs and south-

facing slope roofs to 32.4 (Tucson’s latitude) and 180 (facing south), respectively. For slope roofs that face 

other directions, we assumed that solar PV panels were installed parallel to the roof so that the input slopes 

and aspects of those roof points were equal to the corresponding roofs’ slopes and orientations. 

Other input parameters were derived from solar and meteorological data. As for solar and 

meteorological data, NREL has used two historical datasets TMY2 (1961-1990) and TMY3 (1991-2005) 

to calculate solar energy potential. In this study, we used the more recent meteorological data extracted 

from the latest National Solar Radiation Database (NSRDB). The database provides hourly solar data 

(including global, direct, and diffuse radiation data) and monthly meteorological data from 1991 through 

2010. We extracted the most recent 10-year meteorological data (2001-2010) from station #722740 
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(TUCSON INTERNATIONAL AP, AZ) and computed the monthly average (also see Figure 2.6, Table 

2.2). We chose the 15th day of every month as the representative day of the month for calculating daily solar 

irradiation. The 10-year monthly average global, direct, and diffuse radiation data were set to the 15th day 

of each month with two important input parameters estimated -- transmissivity (the ratio of global horizontal 

radiation against the extraterrestrial radiation) and diffuse proportion (the fraction of global radiation flux 

that is diffused). Hourly diffuse proportion from the 2010 data was used to derive the time for sunrise and 

sunset of each month (Figure 2.7, also see start time and end time in Table 2.2).  

Sky size is used to determine the viewshed radius from each site which can be affected by the 

surrounding environment. Increasing the sky size helps improve calculation accuracy but also increases 

computation time considerably. After testing different specifications, we chose a sky size of 500 m2. When 

we further increased the sky size, the total solar irradiation only changed around 0.1 % but the computation 

time increased considerably. With all the parameters specified in the Points Solar Radiation tool, solar 

irradiation was computed for each suitable site. 

 

Figure 2.6. 10-year average monthly diffuse radiation proportion. 
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Figure 2.7.  Hourly diffuse radiation proportion. 

Table 2.2. Parameters used for point solar irradiation calculation 

Month Day number of the year Start time End time Diffuse proportion Transmissivity 

January 15 7 19 0.21 0.64 

February 46 7 19 0.24 0.63 

March 75 6 19 0.21 0.69 

April 106 6 19 0.22 0.71 

May 136 6 20 0.20 0.73 

June 167 6 20 0.19 0.72 

July 197 6 20 0.29 0.61 

August 228 6 19 0.28 0.61 

September 259 6 19 0.22 0.66 

October 289 6 19 0.20 0.69 

November 320 7 19 0.19 0.68 

December 350 7 19 0.21 0.65 

Other parameters: 

Sky size: 500 

Time configuration:  the 15th day of each month  

Time interval: 1 hour 

Calculate directions: 32 

Zenith and azimuth divisions: 16 

              Diffuse model type: standard overcast diffuse model 
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The post-processing phase finalized the suitable area on each rooftop with the consideration of peak 

sun hours. A lower bound of peak sun hours was considered in this study. In winter, due to the lowest solar 

irradiation, solar PV panels produce the least electricity. We calculated the peak sun hours in winter time 

(December to February) and compared it with the peak sun hours requirement. In general, at least 4 hours of 

peak sunlight is best for solar panels (EnergySage, 2019). Based on this recommendation, we further 

eliminated areas with peak sun hours less than 4. Based on the refined suitable areas, we conducted another 

round of area analysis to obtain the final suitable area on each rooftop. After that, we computed the solar 

potential on each rooftop and obtained the total for the whole city.  In particular, in Formula (2) we adopted 

a conversion efficiency of 12% and performance ratio of 64% based on results from the TEP solar test yard 

(Cronin et al., 2011).  

2.5. Results and discussion 

2.5.1 Solar PV technical potential of Tucson urban area 

Based on the requirements of TEP and minimum peak sun hour requirement, analysis results show 

that 81,807 single family homes (73%) in the study area areas are suitable for solar PV panel installation 

with a total suitable rooftop area of nearly 7 km2. These rooftops have an overall annual solar PV irradiation 

of 16 TWh and consequently a total annual electricity output of 1 TWh. Figure 2.8 presents the estimated 

average daily solar radiation for different months. 
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Figure 2.8. Estimated average daily solar radiation for different months 

In practice, suitable areas on a roof might not be fully utilized considering the shape of available 

area and the household electricity usage. Therefore, we also estimated the solar PV installation capacity 

based on the number of households and practical parameters of the residential PV system in Tucson. 

According to TEP, a typical Tucson household consumes 11 MWh of electricity per year, and the average 

residential PV system size in Tucson is 7 kW producing 13 MWh of electricity per year (TEP, n.d.). Based 

on the total number of homes suitable for rooftop PV installation and the average residential system size in 

Tucson, the total potential energy capacity was estimated to be 485MW, which is approximately 16% of 

Arizona’s cumulative capacity in 2016 (SEIA, 2017).   

Among all the single-family residential parcels in each census block, Figure 2.9a presents the 

percent of parcels containing suitable roof areas for solar PV installation. Figure 2.9b shows the average 

suitable rooftop area per suitable household at the block level. In most blocks (61%), more than 75% of 

single-family residential parcels are suitable for solar PV installation. Blocks that have a higher percent of 

suitable parcels and larger rooftop areas are mostly in the northeastern part of the city. The average suitable 

rooftop area per household is 60 m2, which could support a 6kW solar PV system given that 1 kW solar PV 

system requires an installation area of 10 m2 roughly (Hofierka and Kaňuk, 2009; Hois, 2013).  
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(a) 

 

(b) 

 
Figure 2.9. Suitable rooftop area summary at the census block level: (a) Percent of suitable parcels 

in each block; (b) Average suitable rooftop area per household (m2) 

2.5.2 Actual Solar PV installations in the Tucson urban area 

We obtained Tucson’s actual solar PV installation data from TEP. The data contain the addresses 

for all the residential installations from July 2007 to October 2016. The addresses were geocoded using the 

Google Geocoding API (Google Maps Platform, n.d.). A geocoded location point may fall outside a parcel’s 

boundary due to spatial data uncertainty/inaccuracy, so a 30-m buffer was created around each parcel to 

help allocate the installation addresses/points to the associated parcels. Although our analysis indicates that 

most rooftops are suitable for solar PV installation (section 5.1), the actual installation rate is quite low. 

Overall, 3,783 homes installed solar PV systems in the study area with a total capacity of 23MW. In most 

blocks, less than 10% of single-family households installed solar PV panels with an overall average 

installation rate of 3% (Figure 2.10).   
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Figure 2.10. Percent of installations in each block. 

We also analyzed the relationships among residential solar PV potential, actual solar PV 

installations and social-economic status (SES). The block group level social-economic variables including 

income, education, race, and house ownership were obtained from the U.S. Census Bureau. As Hispanic is 

the main minority group in Tucson (43% of total population), we considered percent of Hispanic in our 

analysis. Table 2.3 shows results of the correlation analysis. Significant correlations have been found 

between some social-economic parameters and residential solar PV installation. Actual solar PV installation 

is positively correlated to median household income, percent of population with a bachelor or higher degree, 

and percent of owner-occupied housing units. In terms of residential solar PV potential, we noticed that 

suitable area per household is positively related with median household income, and percent of owner-

occupied housing units. No significant correlation was found between percent of population with a bachelor 

or higher degree and suitable installation area per household. There is a significant positive correlation 

(0.51) between installation per household and suitable area per household, meaning a block group with 

larger suitable area per household tends to have higher percent of solar PV installation. To sum up, income 

and owner occupancy are positively associated with suitable areas for solar PV installation as well as the 
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actual installation. Education level is positively related to the actual installation but not the solar PV 

potential. The ethnic group, however, has no significant relationship with the installation and potential.  

Table 2.3. Correlation coefficients 

  

Installation per 

household 

Suitable area per 

household 

Median household income       0.66**       0.56** 

Percent of population with a bachelor or higher degree       0.30**   0.09 

Percent of Hispanic  -0.10 -0.07 

Percent of owner-occupied housing units      0.52**       0.61** 

* p-value < 0.05, ** p-value < 0.01 

2.5.3 Validation 

Melius et al. (2013) provided a review on suitability analysis for rooftop solar PV installations, and 

noted that only a few studies included a validation component. In these studies, analysis results have been 

mainly compared or validated against existing solar resource data files or models, installed systems, or 

physical/on-site inspections. Wiginton et al. (2010) compared their building extraction results with existing 

building footprints. However, no validation was conducted for the actual rooftop suitability measurements. 

Jakubiec and Reinhart (2013) compared their results with those given by the Solar Analyst method, flat-

roof-assumption method, and constant-value method. Nguyen and Pearce (2012) measured shadow on the 

digital photos of one building taken at two different times of a day to validate their algorithm results of 100 

buildings in the study area. Latif et al. (2012) used three buildings with existing or planned PV installations 

to validate the suitability map. Some other researchers conducted surveys or site visits to perform the 

validation (Zhang et al., 2009; Bright and Burman, 2010; Jo and Otanicar, 2011).  

For this study, we validated our analysis using the actual solar PV installation data. We found that 

2,737 solar PV systems (72% of the total 3,783) in the city were installed on the suitable roofs we identified. 

At the block level, on average 76% of existing solar systems are installed on suitable roofs, which is found 

to be significantly higher than the 75% of single-family households identified with suitable roofs at the 

block level (section 5.2) based on a one-sided t-test (p-value=0.01). As we imposed winter minimum energy 



42 

 

 
 

production requirement previously which may cause the omission of some actual installations, we removed 

the requirement and conducted the t test again to examine the impact of the requirement. At the block level, 

an average of, 99% of existing solar systems are installed on suitable roofs, which is also found to be 

significantly higher than 98% of single-family households with suitable rooftops (p-value=1.09E-04). The 

tests show that the actual installation is different from a random process and rooftops with suitable 

installation areas have more likely been selected for actual installation.  

2.6. Conclusion 

This study presents a general GIS-based framework to estimate solar PV technical potential for 

large urban areas. High resolution LiDAR data is used for an accurate depiction of rooftops and the 

surrounding environment. Weather variation and optimal tilt angle and orientation of panels are considered 

for calculating solar irradiation and estimating electricity output. In addition, a minimum energy production 

requirement has been introduced to further refine suitable areas for solar PV installations. With improved 

and detailed solar potential assessment of a city, the empirical study explores how SES might impact the 

disparity of solar potential and actual solar installations for providing important insights into issues related 

to social equity and future planning. Results in this study suggest positive correlations between some socio-

economic factors (e.g. income and housing ownership) and solar potential as well as actual solar 

installations. It also showed that the solar technical potential is an indicator for solar system installations. 

With specific local considerations, the proposed research method can be applied to other cities or urban 

areas to help city planners and policy makers plan and deploy future renewable energy.   

The method can be further improved in the future. Shade analysis, for example, could consider the 

impact of tree growth over time. For places with extreme heat in summer, like Tucson in this case study, 

suitable areas that receive shade during the afternoon could be prioritized for installation to increase 

electricity output and lifespan of solar PV panels. Instead of historical meteorological data, projected 

meteorological data can be used to estimate solar potential in future research. In this study, the suitable area 

on each rooftop sets an upper bound for future solar PV installations. In real world applications, due to 
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household energy usage and irregular shapes of suitable roof areas, it may be unlikely to utilize all suitable 

rooftop areas for solar PV system installation. A more realistic potential estimate may include other relevant 

factors including household electricity usage and layout of solar panels considering the shape of limited 

suitable rooftop areas. In this study, we imposed the winter minimum energy production requirement. 

Alternative energy requirements might be needed in other applications. Applying locally practical 

parameters would help obtain more realistic solar potential estimates. Towards more accurate assessment 

of solar PV technical potential, more data could be collected, and advanced spatial analysis methods could 

be developed in the future.  

Considering the generalizability of this study, solar potential on other types of rooftops including 

commercial buildings and multi-family residential buildings that are mostly renter occupied could also be 

assessed. Cities in various regions under different climate conditions and with different SESs can apply the 

method proposed. The study focused on the solar PV potential assessment. To minimize the impacts of 

solar energy on power grids due to the production fluctuation, electricity storage considering battery 

installations points to an important future research direction. 
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Chapter 3 

Spatial layout optimization for solar photovoltaic (PV) panel installation 

 

3.1. Introduction 

Worldwide, electricity consumption has been growing due to continuous economic development 

and population growth (Enerdata, 2018). Despite the increasing popularity of renewable energy (IEA, 

2018a), fossil fuels remain the primary energy sources for producing electricity. The environmental costs 

involved in extracting, transporting and burning fossil fuels has been enormous. In the U.S., it is estimated 

that the electricity production sector alone accounted for 28% of total CO2 emissions in 2017 (EPA, 2019). 

To meet the increasing electricity demand while reducing environment impacts, renewable energy has been 

promoted as an important alternative, with the renewable energy sector expected to grow substantially in 

the near future (IEA, 2018c). Among different renewable energy sources, solar energy offers great potential 

to help meet the increasing energy needs. It is estimated that the worldwide solar PV capacity will expand 

to meet 4% of the global electricity demand (IEA, 2018c).  

In addition to minimal environmental impacts, solar energy has a wide range of benefits. Solar 

energy is widely available and therefore reduces dependence on energy imports. As solar power enhances 

energy diversity and hedges against the price volatility of fossil fuels, it helps improve the security of supply 

and stabilizes the costs of electricity generation in the long term (Bird et al., 2008). Also, for rural areas 

lacking access to electricity, off-grid solar systems are often the most suitable solution for minimum 

electrification (IEA, 2014). Solar PV installations are expanding throughout the world. In Europe, efforts 

led by Germany and Italy, initiated large-scale solar PV deployment. Since 2013, China has led the global 

PV installation market, followed by Japan and the U.S. (IRENA, 2018). Over the next few years, solar PV 

is expected to lead the global renewable electricity capacity growth (IEA, 2018c).  
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Location is a critical factor for PV panel installation, as different locations with varying 

geographical and climate/meteorological conditions greatly affects PV panels’ performance. Suitability 

analysis has been widely used to support the site selection of utility-scale PV installation. Data layers such 

as terrain slope, land cover, land use, population and transportation accessibility are overlaid to obtain 

suitable areas for solar farms (Janke, 2010; Nguyen and Pearce, 2010; Lopez et al., 2012). For residential 

and some non-residential PV systems, rooftops are often the preferred installation sites. In these systems, 

studies have focused on identification of suitable areas on rooftops using detailed 3D models, Light 

Detection And Ranging (LiDAR) data and geographic information systems (GIS) (Carneiro et al., 2009; 

Redweik et al., 2013; Kucuksari et al., 2014; Catita et al, 2014).  

After the identification of suitable locations/areas, design and installation of a solar system can be 

challenging. To achieve the optimal performance of a PV system, multiple factors have been examined, 

including system material technology (Yilmaz et al., 2015; Başoğlu et al, 2015), tilt angle and orientation 

(Lubitz, 2011; Hartner et al., 2015; Martinez-Rubio et al., 2015; Hafez et al., 2017), and tracking 

configurations (Lubitz, 2011; Maatallah et al., 2011; Nsengiyumva et al., 2018; Nadia et al., 2018). Few 

studies have focused on solar PV panels’ spatial layout, although it may affect whether a solar panel system 

can achieve its highest potential. For example, for a solar PV system installed on a building rooftop, it is 

common that the suitable area is limited and irregularly shaped because of obstacles or shadows. It is, 

therefore, important to place solar PV panels to make the best use of the limited suitable area for maximal 

energy generation. This study fills in the research gap by developing a new maximal covering model to 

identify the optimal placement of multiple solar PV panels. Our model has wide applications in residential 

PV system installation. For utility-scale PV installation, the model could be used when land availability is 

limited. 

The rest of this paper is organized as follows. Section 2 reviews the literature on solar PV 

installation optimization and maximal coverage problems. Section 3 introduces the new covering model 

with two different mathematical formulations. Implementation of the model is provided in section 4 with 
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results presented. Discussions about method assumptions, scale effect and future research directions are 

given in section 5. Section 6 concludes the study. 

3.2. Literature review 

3.2.1 Solar PV installation optimization  

Many studies have examined different settings affecting the output of a solar PV system. Among 

others, tilt angle and orientation has been widely studied to obtain the maximum solar irradiation or system 

output (Hafez et al., 2017). Findings indicate that geographical locations and local climate influence the 

optimal tilt angle and orientation of a solar PV system. Studies reported that in the northern hemisphere PV 

panels facing south with a tilt angle equal to the latitude achieved the maximum yearly system performance 

(Gunerhan and Hepbasli, 2007; Benghanem, 2011; Rowlands et al., 2011). Chang (2009) predicted that the 

yearly optimal tilt angle of a south-facing fixed panel was approximately nine-tenths of the latitude when 

latitudes were less than 65°. Duffie and Beckman (2013) suggested the yearly optimal tilt angle of PV 

panels as latitude ±15◦ to achieve the maximum solar incidence, where the plus sign refers to the winter 

season and the minus sign corresponds to the summer. Unlike the aforementioned studies that focused on 

the maximum solar irradiation or system energy output, Hartner et al. (2015) studied the optimal tilt and 

orientation from an electricity system perspective by considering the wholesale market value of PV as well 

as fuel and environmental costs.  

In addition to tilt angle and orientation, studies have shown that different solar tracking systems 

can affect the performance of solar PV panels (Nsengiyumva et al., 2018; Nadia et al., 2018). Studies 

conducted at different geographic locations consistently showed that tracking panels produced more output 

power than fixed panels. For example, Al-Mohamad (2004) conducted a study in Damascus, Syria, and 

found that an azimuth tracking (one-axis) panel produced 20% more daily output power than a fixed panel, 

with much higher productivity (40% more) in the morning and evening. Helwa et al. (2000) reported that 

one-axis and two-axis tracking panels produced 18% and 30% more annual output power, respectively, 

than a fixed slope panel in Widderstall, Germany. A case study conducted in Monastir, Tunisia, (Maatallah 
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et al., 2011) showed that the output power improvement of one-axis and two-axis tracking panels were 

more noticeable for two critical periods around the summer and winter solstice dates.  

Although two-axis tracking panels provide additional flexibility to track direct sunlight for more 

solar irradiation, some studies have found that two-axis tracking systems minimally improve the system 

performance compared to one-axis systems. Huld et al. (2010) conducted an analysis at four different 

locations in Europe and found that only 1 - 4% more annual energy production could be obtained when 

changing an optimized one-axis tracking system to a two-axis tracking system. Lubitz (2011) investigated 

the impact of tracking and tilt angle changes on solar irradiance. Consistent with other research, the study 

found that the greatest solar irradiation was achieved by converting a fixed south-facing panel at the 

optimum tilt angle to single axis azimuth tracking whereas adding a second axis of tracking resulted in a 

relatively small incremental increase in irradiation.  

Another important parameter influencing the performance of a solar PV system concerns the solar 

cell material. Yilmaz et al. (2015) studied three material types--thin film, mono-crystalline and poly-

crystalline silicon--in the region of Kahramanmaras, Turkey. Energy output, cost, annual incomes, 

breakeven points, installation area and weights of each system were evaluated. They concluded that the 

poly-crystalline PV system was optimal for the region in terms of the shortest breakeven point (when the 

economic return of the system is equal to the costs). They also found that thin film panels were more 

competitive in a high temperature environments and had an advantage in terms of weight. However, thin 

film panels occupied more space compared to the other two systems. Başoğlu et al. (2015) compared the 

energy performance for three types of PV modules (crystalline, multi-crystalline and cadmium–telluride 

modules) under İzmit, Kocaeli climatic conditions. They used the evaluation metrics of normalized energy 

of systems, performance ratios, mean array efficiencies and capacity factors. Results showed that cadmium–

telluride modules generated more energy with higher mean array efficiency, performance ratio and capacity 

factor under İzmit weather conditions.  
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All the aforementioned studies examined solar PV system performance based on individual PV 

panels. When the suitable area is limited for PV panel installation, how to optimally design the spatial 

layout of multiple solar PV modules is critical for achieving maximal energy generation. This is an 

especially important concern in urban areas, where the ideal locations for solar PV installations are often 

limited and fragmented due to sunlight blocking by surrounding trees and buildings. It is therefore critical 

to place multiple PV panels in a way that takes the most advantage of the limited space. To fill this research 

gap, this study proposes a new maximal coverage model to support the spatial layout design of PV panels.  

3.2.2 Maximal coverage problem 

In this study, we conceptualize the spatial layout design of multiple PV panels as a facility location 

problem with each PV panel corresponding to one facility. We use rooftop PV panel installation to illustrate 

our method. Due to the surrounding environment, some parts of a rooftop may be in shade during some 

parts of a day when direct sunlight cannot be received. To obtain maximal solar irradiation, solar PV panels 

need to be placed to cover the most suitable areas. In this sense, the problem in this study can be 

conceptualized as a maximal covering problem.  

The first maximal covering location model (MCLP) was formulated by Church and ReVelle (1974). 

The goal of MCLP is to locate a number of facilities to serve (cover) the maximum amount of demand. 

Each facility has a service range. If a demand is located within the service range, it is considered as covered. 

The MCLP has been widely extended and applied to solve real world problems, such as siting emergency 

service facilities (Church and ReVelle, 1974; Current and O’Kelly, 1992; Tong and Murray, 2009), health 

service locations planning (Murawski and Church, 2009), bank branches siting (Pastor,1994; Alexandris 

and Giannikos, 2010), wireless network planning (Shillington and Tong 2011), wildlife corridor design 

(Downs et al., 2014), and essential air service planning (Grubesic et al., 2016).  

The MCLP is stated as follows.  

Maximize           ∑ 𝑔𝑖𝑌𝑖𝑖∈𝐼                 (1) 
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Subject to 

    ∑ 𝑋𝑗𝑗∈𝑁𝑖
≥  𝑌𝑖     ∀𝑖                (2) 

           ∑ 𝑋𝑗𝑗∈𝐽 = 𝑝                            (3) 

            𝑋𝑗 = {0,1}    ∀𝑗                      (4) 

                𝑌𝑖 = {0,1}    ∀𝑖                       (5) 

Where,  

𝐼 = set of demand locations  

𝐽 = set of candidate facility sites 

𝑁𝑖 = set of candidate facilities capable of covering demand 𝑖 

𝑔𝑖 = amount of demand at location 𝑖 

𝑝 = number of facilities to locate 

𝑋𝑗 = 1, if a facility is located at site 𝑗 

        0, otherwise 

𝑌𝑖 = 1, if demand 𝑖 is covered  

        0, otherwise 

The objective function (1) is to maximize the total coverage of demand. Constraints (2) require that 

demand at 𝑖 should not be considered as covered unless it is located within the coverage range of at least 

one facility. Constraint (3) restricts the number of facilities to be located. Constraints (4) and (5) impose 

binary requirements on decision variables. Here 𝑁𝑖 is used to define the potential facilities that can suitably 

serve demand 𝑖.  
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In the MCLP, both demand and candidate facility sites are abstracted as a finite number of discrete 

points. In many real world applications, a facility could be sited anywhere in an area, and demand is 

continuously distributed across the region. In this study, a solar PV panel could be sited almost anywhere 

on a rooftop, and sunlight is continuously distributed across an unshaded area. The PV panel spatial layout 

problem is then a continuous space location problem. Such a problem is often more challenging to formulate 

and solve (Murray et al., 2008a; Wei and Murray, 2015). In some special cases, the problem can be solved 

optimally through an investigation of the nature of the problem. For example, Matisziw and Murray (2009) 

found that the medial axis of a region contains one of the optimal sites for maximally covering the region. 

However, the method assumes a single facility location, uniform demand distribution, and a circular shaped 

service area. For more general problems, a more common method relies upon continuous space 

discretization (Tong and Murray, 2009; Alexandris and Giannikos, 2010). A discretization approach 

involves abstracting continuous demand and infinite number of potential facility locations into a collection 

of finite spatial objects – points, lines, and polygons (Tong and Church, 2012; Kuby and Lim, 2005; Murray 

et al., 2008b). The optimal solution can be obtained by solving the corresponding MCLP.  

Although PV panel layout optimization has the goal of maximizing the coverage of solar radiance, 

the problem is essentially different from the conventional maximal covering problems. First, in 

conventional maximal covering problems, a facility is often abstracted as a point and therefore does not 

impose explicit restrictions on where other facilities can be located.  However, in the PV panel layout 

problem, a facility corresponds to a two dimensional PV panel that occupies a certain amount of area. For 

areas that are already occupied by a PV panel, no other PV panels should be placed. Second, conventional 

maximal covering models mainly focus on identifying the optimal facility sites. In the PV panel layout 

design, in addition to site selection, the optimal orientation of each panel needs to be determined. In addition, 

orientation of multiple adjacent panels may vary depending on the practical alignment requirements. Third, 

different from many maximal covering problems where demand coverage evaluation involves a much larger 

area than the facility site, in our problem the area to be served by a PV panel is restricted to the area of the 
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panel. All these necessitate development of a new maximal covering model to achieve PV panel layout 

optimization.  

3.3. Methodology 

3.3.1 Discretization  

In this study, we assume that rooftops are rectilinear and the PV panel edges are parallel to the 

rooftop edges. In fact, when an entire rectangular rooftop is suitable for PV panel installation, having a 

solar panel parallel to the rooftop edges leads to the maximal coverage of the rooftop (Huang and Korf, 

2013). Given a rectilinear rooftop, two solar panel orientations are thus considered (also see Figure 3.1). 

Figure 3.1 illustrates the procedure we use to discretize the rooftop and identify the candidate PV panel 

sites. Given that the PV panel layout problem is a continuous problem where a panel can be placed 

anywhere on a rooftop and the solar radiance is continuously distributed, Step 1 involves a discretization 

approach to partition the rooftop into a number of grids. These grids will serve as possible candidate sites 

for the PV panel placement. Based on the length and width of a solar panel, we choose a grid size which is 

a common divisor of the length and width. In doing so, when placed horizontally or vertically, each PV 

panel covers an integer number of grids.  In the example shown in Figure 3.1, a rectangular solar PV panel 

has a size of 𝑙 x 𝑤 (unit: grid, assume that 𝑙 > 𝑤).  

We note that due to the surrounding environment, the suitable area on a rooftop might consist of 

one or multiple irregularly shaped segments. Therefore, areas outside these segments will not receive 

sufficient solar radiance and therefore should be excluded from the coverage assessment. To achieve this, 

in Step 2 we create a bounding box around these segments to capture the area that receives solar radiance. 

Based on the bounding box, candidate PV panel sites can be refined.  Assume we use a panel’s upper-left 

corner to reference its location. While placement of a panel in the bounding box always results in solar 

radiance coverage, a panel with its reference location outside the bounding box may likely receive some 

coverage. In Step 3, a cushion area is generated to include such candidate panel sites. The width of the 
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cushion area is at maximum (𝑙-1) grids considering the two orientations of a solar PV panel. In doing so, 

we restrict the candidate PV panel sites to grids in the bounding box plus its cushion area. The last step 

(Step 4) further refines the candidate panel sites by examining whether placement of a panel falls outside 

the rooftop. If a solar PV panel with both of the two orientations falls partially outside the rooftop boundary, 

the grid will be removed from the candidate panel site set. As the example shown in Figure 3.1, grids in the 

first row and first column of candidate site array are eliminated because they are outside the rooftop 

boundary. When a solar panel is located in the last (𝑤-1) rows and the last (𝑤-1) columns of the candidate 

site array, there exists at least one orientation with the panel fully inside the roof boundary. Therefore, no 

grids are removed from the last (𝑤-1) rows and the last (𝑤-1) columns of the candidate site array. 

 
Figure 3.1. Workflow to discretize a rooftop and obtain candidate PV panel locations. 

3.3.2 Conflict zone delineation 

Unlike the conventional maximal covering problems in which demand can be covered by multiple 

facilities, in our problem, area on a roof cannot be covered/occupied by more than one panel because solar 

PV panels do not overlap with each other. To achieve this, we define a conflict zone for each panel to 
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specify the area where other panels cannot be placed. Depending on the racking systems used for PV panels 

installation, conflict zones may vary with the way panels are aligned. While some racking systems involve 

installing rails with heavy-duty brackets (footers), others may use special footers without rails. Currently 

long rails have been commonly used for PV panel installation (Stapleton and Neill, 2012). In such a system, 

solar panels with the same orientation are mounted on the same rail. Panels can also be installed with 

different orientations when railless racking or rail racking with short rails is applied, although the system 

installation is often more time consuming and costly (Burdick and Schmidt, 2017). 

 Incorporating the alignment requirement, we consider four scenarios for constructing a panel’s 

conflict zone: no alignment, vertical alignment, horizontal alignment, and all alignment. In this study, the 

alignment requirement is restricted to immediately adjacent panels. As we mentioned earlier, alternative 

alignment requirements may lead to different conflict zones. Figure 3.2 illustrates the four alignment 

scenarios and the associated conflict zones. In Figure 3.2, the adjacent zones combine the conflict zone and 

reference locations of immediately adjacent panels. No alignment scenario imposes no restriction on how 

panels are aligned. The vertical alignment scenario requires that panels are vertically aligned where panels 

on the same vertical rails have the same orientation. Similar to the vertical alignment scenario, horizontal 

alignment scenario aligns panels horizontally. The all alignment scenario requires the same orientation for 

all panels in the adjacent zone. As shown in Figure 3.2, when no alignment is imposed, there is more 

flexibility in placing panels, which gives the smallest conflict zones among the four scenarios. When all 

panels are required to have the same orientation (the all alignment scenario), the least flexibility in 

organizing neighboring panels leads to the largest conflict zone.  
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Figure 3.2. Conflict zone construction for a sited panel. 

3.3.3 Model 

Based on the candidate sites for PV panel placement and the associated conflict zones, we introduce 

a maximal PV panel coverage problem (MPPCP) to identify the optimal spatial layout of solar PV panels. 

The problem is constructed using two formulations: Model 1 evaluates coverage based on whether an area 

is covered, whereas Model 2 computes coverage directly based on sited panels. 

Model 1 

Maximize            ∑ 𝑌𝑖𝑖∈𝐼                                                                (6) 

Subject to 

 ∑ ∑ 𝑋𝑗𝑘𝑗∈𝑁𝑖𝑘𝑘∈𝐾 ≥  𝑌𝑖                     ∀𝑖                (7) 

𝑛𝑋𝑗𝑘 + ∑ ∑ 𝑋ℎ𝑞ℎ𝜖𝛷𝑗𝑘𝑞
𝑎𝑞𝜖𝐾 ≤ 𝑛        ∀𝑗, 𝑘             (8) 

∑ 𝑋𝑗𝑘𝑘𝜖𝐾 ≤ 1       ∀𝑗                                              (9) 

∑ ∑ 𝑋𝑗𝑘𝑘𝜖𝐾𝑗𝜖𝐽 = 𝑝                                               (10)   
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𝑋𝑗𝑘 = {0,1}          ∀𝑗, 𝑘                                         (11) 

𝑌𝑖 = {0,1}             ∀𝑖                                             (12) 

Where 

𝐼 = set of areas to be covered, 𝑖 =  1, … , 𝑚𝐼 

𝐽 = set of candidate PV panel sites, 𝑗 =  1, … , 𝑚𝐽   

𝐾 = set of orientations, 𝑘 =  1, … , 𝑚𝐾   

𝐴= set of alignment scenarios, 𝑎 = 1, … , 𝑚𝐴 

𝑁𝑖𝑘 = set of candidate sites at which a panel with orientation k is capable of covering area 𝑖  

𝛷𝑗𝑘𝑞
𝑎  = set of candidate panel locations with orientation 𝑞 that conflict with the panel at 𝑗 with 

orientation 𝑘 under alignment scenario 𝑎 

𝑛 = a large number 

𝑝= number of panels to locate 

𝑋𝑗𝑘 = 1, if panel with orientation 𝑘 is located at 𝑗, 

          0, otherwise 

𝑌𝑖 = 1, if area 𝑖 is covered  

        0, otherwise 

The objective function (6) maximizes the total suitable area to be covered on a rooftop. Constraints 

(7) specify that an area is considered as covered only when a panel with a certain orientation is sited to 
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provide the coverage. Constraints (8) ensure that solar PV panels do not overlap. Here, we use a fixed large 

number for 𝑛 to simplify the data preprocessing. One can also set 𝑛 to be the number of candidate locations 

in set 𝛷𝑗𝑘𝑞
𝑎 , as in Murray and Church (1996a). If panel A with orientation 𝑘 is located at 𝑗, another panel B 

cannot be placed in the conflict zone of panel A. According to the constraints, when 𝑋𝑗𝑘 = 1, all the panels 

in the conflict zone (𝛷𝑗𝑘𝑞
𝑎 ) with orientation 𝑞 and alignment scenario 𝑎 cannot be sited. Constraints (9) 

require that a panel located at site 𝑗 should have only one orientation. Constraint (10) specifies the number 

of panels to be sited. Constraints (11) and (12) impose binary requirements on decision variables. The model 

identifies the optimal locations for placing a number solar PV panels with a consideration of alternative 

panel orientations and alignment scenarios.  

As we noted previously, unlike the conventional maximal covering problems where demand can 

be served by multiple facilities, our problem limits an area to be covered by one panel given that no overlap 

of panels is allowed. That is, there is a one-to-one demand-facility relationship. Therefore, instead of using 

the variable 𝑌𝑖, the total coverage can be evaluated directly based on the panels sited (𝑋𝑗𝑘). For each 𝑋𝑗𝑘, 

we can pre-calculate the total coverage achieved (𝑒𝑗𝑘) if a panel with orientation k is sited at j. The overall 

system coverage is simply the sum of all 𝑒𝑗𝑘. In doing so, we can remove constraints (7). We then have the 

new model (Model 2) as follows. 

Model 2 

Maximize  ∑ ∑ 𝑒𝑗𝑘𝑋𝑗𝑘𝑘𝜖𝐾𝑗∈𝐽                                                        (13) 

Subject to 

𝑛𝑋𝑗𝑘 + ∑ ∑ 𝑋ℎ𝑞ℎ𝜖𝛷𝑗𝑘𝑞
𝑎𝑞𝜖𝐾 ≤ 𝑛        ∀𝑗, 𝑘             (14) 

∑ 𝑋𝑗𝑘𝑘𝜖𝐾 ≤ 1       ∀𝑗                                              (15) 



58 

 

 
 

  ∑ ∑ 𝑋𝑗𝑘𝑘𝜖𝐾𝑗𝜖𝐽 = 𝑝                                                (16)   

𝑋𝑗𝑘 = {0,1}          ∀𝑗, 𝑘                                          (17) 

With additional notation, 

𝑒𝑗𝑘 = coverage of a panel at site 𝑗 with orientation 𝑘  

3.4. Application  

3.4.1 Data preparation 

 We used one residential rooftop in the City of Tucson for implementing our models (Figure 3.3). 

LiDAR data with one foot resolution was used to derive the rooftop parameters including slope, orientation 

and surrounding environment. Given the fine resolution of the LiDAR data, we adopted the same resolution 

for discretizing the roof area, resulting in grids of one square foot partitioning the entire rooftop. The rooftop 

parameters were then used to calculate solar irradiation received within each grid. Based on the solar 

irradiation level, areas suitable for PV panel installation were delineated as shown in Figure 3.3. As for 

candidate PV panels, we rounded up the dimension (65 inches X 39 inches) of a typical residential solar 

PV panel (Brightstar Solar, 2014) and obtained a panel size of 6 feet X 4 feet for the unit consistency. 
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Figure 3.3. The study rooftop and candidate PV panel sites. 

The suitable area on the study rooftop consists of three separate segments. Segment 1 could be 

treated separately from the other two segments due to the large spatial separation between them. Given that 

a solar PV panel could be placed to cover part of both segments #2 and #3, segments #2 and #3 should be 

considered simultaneously. This gives us two regions (also see Figure 3.3): region I contains segment #1 

with a suitable of 123 grid cells, and region II consists of segments #2 and #3 with a total of 306 grid cells. 

Candidate PV panel sites were obtained using the method illustrated in Figure 3.1, resulting in a total of 

204 and 703 candidate sites for regions I and II respectively. Based on all the candidate panel sites, the 

suitable area that can be covered was computed using the two orientations in Figure 3.1. For each candidate 

site, we also derived the conflict zone according to method introduced in Figure 3.2. The models were built 

and solved using Xpress-IVE version 8.2 (FICO Xpress Optimization Suite, 2017) on a PC with 8GB RAM 

and a 2.20GHz CPU. 

1 

2 

3 
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3.4.2 Results 

  Assuming a no alignment requirement, Figure 3.4 plots the coverage achieved when a varying 

number of panels are sited (p). According to Figure 3.4, a total of 26 PV panels are needed to provide 99.8% 

coverage of the suitable area on the rooftop. The figure shows a decreasing marginal coverage gain with an 

increase of p. When the overall coverage is high, it is especially challenging to achieve additional coverage. 

For example, to provide the last 3% coverage 5 (20%) more panels are needed.   

 

Figure 3.4. Coverage tradeoff curve. 

Assuming the no alignment scenario, Figure 3.5 shows the spatial layout of PV panels for p = 26 

(Figure 3.5a) and p=15 (Figure 3.5b). According to Figure 3.5a, 8 panels are needed to completely cover 

the suitable area (123 sq. ft) in region I and 18 panels are needed to cover 99.7% of the suitable area (306 

sq. ft) in region II.  It’s impossible to provide complete coverage for region II as the last grid cannot be 

covered by any of the candidate sites on the rooftop. Based on the estimation that a 1 kW solar PV system 

requires about an area of 100 sq. ft for installation (Hofierka and Kaňuk, 2009; Hois, 2013), a system with 

the installation area of 428 sq. ft would have a solar PV capacity of approximately 4.3 kW. According to 

Tucson Electric Power (TEP, n.d.), a typical Tucson household consumes 11MWh of electricity per year, 

and 1kW of solar PV system produces approximately 1.9 MWh electricity per year. A 4.3 kW system can 
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then meet 74.3% of a typical Tucson household electricity consumption. Using the same calculation, the 

15 solar PV panels plotted in Figure 3.5b can achieve approximately 60% of a typical Tucson household’s 

electricity needs. 

(a) 

 

(b) 

 

Figure 3.5. Spatial layout of solar PV panels (a) 99.8% coverage with p = 26; (b) 79.7% coverage 

with p = 15. 

 

Figure 3.6. Coverage achieved under the four different alignment scenarios when p ≥ 11. 
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Figure 3.6 shows the coverage achieved based on the four different alignment scenarios. When p < 

11, all the four alignment scenarios give the same total coverage. When p is greater, the all alignment 

scenario provides the lowest coverage, whereas the no alignment scenario gives the highest coverage. For 

example, while 32 PV panels are required in the all alignment scenario to cover 99.5% of the suitable area 

on the rooftop compared to 25 panels needed in the no alignment scenario to achieve the same coverage. 

This is as expected as the no alignment scenario imposes the least restriction on how neighboring panels 

should be placed and therefore leads to a higher possibility in achieving better coverage. As a result, if a 

railless racking system is employed, solutions with a no alignment requirement (no alignment scenario) can 

help achieve the highest coverage. With a rail racking system, the layout based on the vertical alignment or 

horizontal alignment scenario would be preferred, with relatively high coverage. In this application, the 

highest coverage of 99.8% can be achieved for the no alignment scenario (26 panels) and vertical alignment 

scenario (27 panels) compared to that of 99.5% for the horizontal alignment scenario (30 panels) and all 

alignment scenario (32 panels). Figure 3.7 shows the optimal spatial layout of PV panels under different 

alignment scenarios when achieving the highest coverage.  
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(a) 

 

(b) 

 
(c) 

 

(d) 

 
Figure 3.7. PV panel placement for achieving the highest coverage. (a) no alignment: 99.8% 

coverage with p = 26; (b) vertical alignment: 99.8% coverage with p = 27; (c) horizontal alignment: 

99.5% with p = 30; (d) all alignment: 99.5% with p = 32. 

We applied both Model 1 and Model 2 to solve the test problem. Table 3.1 summarizes the objective 

function values (coverage) obtained by solving each model along with the solution time and solution quality. 

As shown in Table 3.1, both models give the same solution when p < 22. When p ≥ 22, Model 2 becomes 

very challenging to solve. We imposed a maximum solution time of 5 hours and reported the best solutions 

found with the associated optimality gap. While Model 1 has additional 𝑚𝐼  (number of demand sites) 
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decision variables and constraints compared to Model 2, solving Model 1 appears to be much faster, 

especially for large values of p.  As shown in Table 3.1, Model 1 solved in less than 7 seconds, whereas 

Model 2 required significant more time with an increase of p.  Additional decision variables and constraints 

introduced in Model 1 help reduce solution space and make Mode 1 more computationally tractable. 

Table 3.1. Total coverage, model solution time and optimality gap. 

Number of panels (𝑝) 
Total coverage (sq. ft) Solution Time (s) Optimality gap 

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 

1 24 24 1.3 0.7 0 0 

2 48 48 1.9 1.5 0 0 

3 72 72 1.3 1.7 0 0 

4 96 96 1.3 1.7 0 0 

5 120 120 1.3 1.5 0 0 

6 144 144 1.4 1.6 0 0 

7 168 168 1.6 1.6 0 0 

8 192 192 1.5 1.7 0 0 

9 215 215 1.6 2.4 0 0 

10 238 238 1.6 3.2 0 0 

11 261 261 1.6 2.4 0 0 

12 283 283 1.6 3.2 0 0 

13 304 304 1.6 3.6 0 0 

14 323 323 1.6 4.1 0 0 

15 342 342 1.6 6.5 0 0 

16 357 357 1.6 8.0 0 0 

17 372 372 1.7 88.2 0 0 

18 387 387 1.7 49.0 0 0 

19 401 401 1.7 80.8 0 0 

20 410 410 1.7 1,855.4 0 0 

21 417 417 2.9 6,964.9 0 0 

22 422 421 2.3 18,000.0 0 3.5% 

23 425 422 2.8 18,000.0 0 5.1% 

24 426 426 5.9 18,000.0 0 6.9% 

25 427 427 6.3 18,000.0 0 9.1% 

26 428 427 4.0 18,000.0 0 11.1% 

 

3.5. Discussion 

Our research focuses on identifying the optimal spatial layout of PV panels to maximize the 

coverage of the suitable area. In this study, the suitable area on a rooftop is assumed homogeneous. In future 

studies, heterogeneity of a suitable area could be considered. For example, different parts of a suitable area 
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might receive different amount of solar irradiance due to the variation in hours and time of day they are 

exposed to sunlight. A parameter, 𝑔𝑖, could be introduced in objective function (6) in Model 1 to reflect the 

variation:  

Maximize            ∑ 𝑔𝑖𝑌𝑖𝑖∈𝐼                                                     (18) 

Similarly, in Model 2, coverage 𝑒𝑖𝑘 could be evaluated based on the variation in 𝑔𝑖 to account for 

the heterogeneity.  

Different tilt angles and spacing requirements can influence the projected area of a panel on a 

rooftop and therefore the occupied area of the rooftop. In this study, we assume that PV panels are installed 

parallel to the rooftop. For flat roofs, tilt angles could be adjusted to achieve the system optimal. In this 

case, a row spacing between panels is often required for maintenance purposes and to avoid shading from 

panels in the vicinity (Wirth and Schneider, 2015). For these applications, the effective occupancy of a 

panel on a rooftop differs from the panel’s actual dimension and will need to be preprocessed before 

implementing the MPPCP. 

As the PV panel layout design is essentially a continuous problem, one can place a panel at any 

location on a rooftop with any orientation. In this study, only two orientations of solar panels were 

considered. This is based on the important assumption that the edges of a panel are parallel to the edges of 

a rooftop. While an introduction of more orientations is straightforward in the MPPCP, it would involve 

more complex data preprocessing, including the cushion area specification, candidate sites identification 

and conflict zone construction. Figure 3.8 illustrates the cushion area delineation for a northwest oriented 

panel. As the orientation of the solar panel no longer coincides with the way the rooftop is partitioned, we 

use a point to reference the panel’s location. As Figure 3.8 shows, the cushion area of the panel is quite 

different from the one derived based on panels with horizontal or vertical orientations (Figure 3.1).   
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Figure 3.8. Illustration of the cushion area delineation for siting a northwest oriented panel. 

This study imposes the alignment requirement to immediately adjacent panels. For panels that are 

one or multiple grids away, the alignment requirement is not required. Such an assumption affects the 

conflict zone delineation and, therefore, the solutions. For example, the solution for p =18 under the all 

alignment scenario (Figure 3.9) gives several separated groups of solar panels, with each group complying 

with the alignment requirement. Such an adjacent requirement can be relaxed to include non-adjacent panels 

when considering the spacing requirement for installing certain types of panels. To achieve this, a maximum 

gap between panels can be used to help define the conflict zone so that the alignment requirement can be 

also imposed on panels that are not necessarily immediately adjacent to each other. 

 

Figure 3.9. Spatial layout of PV panels under the all alignment scenario when p = 18 
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As solving Model 1 is much more efficient compared to Model 2, Model 1 is more suitable for real 

world applications. For Model 2, the solution time becomes a concern when 𝑝 is large. Our case study 

indicates that for the rooftop residential PV panel installation Model 1 can be solved in seconds. Whether 

the model becomes challenging to solve large scale non-residential problem instances remains a question 

for future research.  Heuristic algorithms might be needed to solve such large sized problems. However, 

while a heuristic method could drastically reduce computation time, the optimal solution is often not 

guaranteed. 

Given the continuous problem nature, we applied the discretization approach to quantify coverage 

and identify candidate PV panel sites. As a result, the solution may depend on how the continuous surface 

is discretized, as is the case with the conventional maximal covering location problems (Murray and 

O’Kelly, 2002; Alexandris and Giannikos, 2010; Tong and Church, 2012; Tong, 2012). In general, less 

uncertainty/error is associated with finer grids used to discretize continuous space (Tong and Church, 2012). 

In our study, fine grids of 1 sq. ft were used to partition the rooftop. For applications that use coarse grids 

to partition a continuous area, sensitivity analysis might be needed to assess the solution quality. 

Our empirical study suggests that one should consider the tradeoff between benefits and costs when 

determining the number of panels to be installed. A simple payback calculation could be performed by 

dividing the PV system cost by the average annual savings. For a general reference, a solar PV system costs 

about $2/W with self-installation, while it may cost $3/W-$5/W with professional installation (Burdick and 

Schmidt, 2017). The current Solar Investment Tax Credit (ITC) provides a 30% federal tax credit for solar 

installations (DOE, 2015). Additional cost reduction may apply when local rebate programs or incentives 

are available. Take a Tucson typical household for instance. To meet the 100% electricity consumption, the 

total installation cost of a 6kW system is approximately $8,400 - $21,000. Based on a typical Tucson 

household annual electricity bill of $1,320 (EIA, 2018), the payback time would be 6 -16 years depending 

on the installation costs. 
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3.6. Conclusion 

Different from studies that focus on optimal tilt angle and orientation, solar tracking systems and 

PV cell materials of PV panel systems, we provide a study on the optimal layout design of solar PV panels. 

The maximal PV panel coverage problem (MPPCP) is introduced with two mathematical formulations to 

obtain the maximum coverage of suitable area. Different panel orientations and alignment requirements are 

considered in the problem. Though Model 1 involves more decision variables and constraints than Model 

2, test results show that solving the problem using Model 1 is significantly less time consuming, especially 

when more panels are involved. Results also show that adding solar PV panels leads to a decrease in 

marginal coverage gain. In real-world applications, the tradeoff between costs and benefits need to be 

carefully considered. In addition, given the same number of panels, optimal coverage can be obtained when 

a no alignment requirement is imposed compared to the poor coverage generated under the all alignment 

scenario. That is, a railless racking system with a no alignment requirement can help achieve the highest 

system output. As for rail racking systems, vertical alignment or horizontal alignment installations can be 

applied to achieve a relative high system performance. Besides the residential rooftop installation, our 

approach can be extended and applied to non-residential applications at various scales. 
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Chapter 4 

Locating alternative fuel stations for maximizing coverage and ensuring 

sufficient spacing: a case study of CNG truck fueling 

 

4.1. Introduction 

Many optimization models have been proposed for planning a network of refueling/recharging 

stations for the various types of alternative-fuel (alt-fuel)/electric vehicles that are now hitting the market. 

A number of review articles have summarized the relevant literature by focusing on hydrogen infrastructure 

planning (Agnolucci, 2007; Dagdougui, 2012), electric vehicle network modeling (Jing et al., 2016) and 

alt-fuel station placement (Ko et al., 2017). Station location models differ across many dimensions. Some 

models are tailored to the particularities of certain energy sources and vehicle types, such as how long they 

take to recharge, whether they can be recharged at home, and whether they can make use of more than one 

kind of energy (see Rahman et al. (2016) for a review). Some models focus on urban-scale location, while 

others deal with the range issues that come with national or international networks (Agnolucci and 

McDowall, 2013; Kuby et al., 2016). There are also uncapacitated models suited for the early stages of 

planning, while others incorporate capacities for later stages with higher level of demand (Hosseini and 

MirHassani, 2015; Upchurch et al., 2009). Choosing an appropriate model depends on factors including 

type of energy and vehicle, study area, assumptions about driver behavior, stage of roll-out, resources 

available for modeling, and data availability. 

Station location models have characterized fuel demand differently. Three approaches have been 

proposed and widely studied based on: nodes (Brey et al., 2014; Nicholas and Ogden, 2006), arcs (Boostani 

et al., 2010; Lin et al., 2008), and origin-destination (OD) pairs (Kuby and Lim, 2005). In particular, node-

based approaches characterize demand based on the number of drivers or vehicles in a zone, facility, or 

town. Node-based demand has been operationalized using total population, vehicle ownership statistics, or 
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demographics of the residents (Ko et al., 2017). Commercial and personal vehicle counts are available from 

census data, vehicle registration data, and industry or fleet data. The underlying assumption is that drivers 

need or prefer to fill or charge close to their homes or commercial facilities (Ogden and Nicholas, 2011). 

However, in many cases drivers may not refill or recharge at infrastructure close to home, especially for 

long distance trips (Kelley and Kuby, 2013; Funke et al., 2015; He et al., 2019).  

Arc-based approaches characterize demand using traffic flows on the corresponding road segments. 

Such flow information is collected by a wide range of agencies and made available in the form of annual 

average daily traffic (AADT). In contrast to node demand, arc demand represents vehicles refueling or 

recharging while in use. For example, Lin et al. (2008), in their “fuel travel-back” model, use vehicle-miles 

traveled (VMT) data on arcs based on the notion that “where you drive more is where you more likely need 

refueling.” Most arc-based approaches evaluate demand on each individual arc separately: multi-arc 

dependency (e.g., whether two arcs share some common flow) is not explicitly considered. As a result, arc-

based models may count the same trips multiple times due to the ignorance of the interdependence of 

multiples arcs.  

Many arc-based fuel station location models have some implicit mechanism to reduce the double-

counting problem by discouraging stations from being located on adjacent arcs, even if those arcs are among 

the busiest in the network. In Lin et al.’s (2008) fuel-travel-back model, arc VMT is aggregated to nearby 

demand nodes, and then a p-median problem (PMP) locates stations and allocates demand nodes to their 

nearest stations to minimize total travel time. In the STREET model, an engineering tool used to locate 

hydrogen stations in California, travel volumes on arcs are considered when narrowing down the candidate 

sites to those with high vehicle travel density (Stephens-Romero et al., 2010). In a second stage, a set-

covering type of model is used to find the minimum number of facilities needed to completely cover the 

city considering travel time maximums to the stations. Boostani et al. (2010) propose another set cover 

model using the driving range as the cover distance. The model employs a hierarchy of arcs, where higher-

level arcs can cover lower-level arcs, but the reverse is not allowed. Sathaye and Kelley (2013) determine 
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charging station density on “corridors,” which are treated as long arcs. The model does not choose specific 

locations but requires that all corridors must satisfy a minimum density requirement. 

Several multi-objective station location models have combined an arc demand objective with a 

node demand objective to partially address the double-counting issue. Goodchild and Noronha (1987) 

combine a PMP objective (i.e., minimal travel distance) with another objective maximizing total VMT of 

arcs on which stations are placed. The PMP element discourages clustering of stations on nearby arcs but 

does not prevent it. Brey et al. (2016) employ similar PMP and VMT maximization objectives, but add an 

explicit constraint to account for overlapping demand that can occur when several candidate sites (e.g., 

existing gasoline stations) are located on the same heavily traveled arc. Their constraint allows multiple 

stations on an arc as a function of the total number of stations to be built and the number of existing stations 

on the arc.  

In contrast to node or arc-based demand abstraction approaches, OD flow-based approaches (Capar 

et al., 2013; Kuby and Lim, 2005; Wang and Lin, 2009) characterize fueling demand as vehicles traveling 

on multiple arcs linked as paths between OD pairs. Station models abstracting demand as OD pairs are 

grounded in flow-capturing and flow-intercepting models (Berman et al., 1992; Hodgson, 1990) and the 

flow refueling location model (FRLM) (Kuby and Lim, 2005). Unlike the single-arc based models that use 

demands consisting of single independent arcs, the multi-arc, path-based models require trip data in the 

form of an OD flow matrix. These models have two advantages over arc-based models. First, they can 

check explicitly whether vehicles can complete OD trips without running out of fuel (Zeng et al., 2010; 

Kuby and Lim, 2005). Second, path-based models are better at capturing the interconnection between arcs 

that may be lost in arc-based station models and, therefore, can avoid double-counting the same demand as 

it traverses a path along a sequence of arcs (Hodgson, 1990). The performance of these models relies heavily, 

however, on the accurate description of all the trips (including at least origin, route taken, destination, flow 

volume) in the system, which is often very challenging due to data availability and cost. As a result, the OD 

flow-based approach is unsuitable for applications when data required are not available or too coarse.    
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This research focuses on the arc-based approach given the detailed, and widely available data sets. 

The study aims to improve some of the shortcomings of arc-based station location models by implicitly 

addressing some of the strengths of OD flow-based modeling. Like several existing arc-based models, the 

models proposed in this study use arc traffic volumes, in the form of AADT, to represent the demand. The 

objective is to maximize the number of unique vehicles passing by or near selected stations. A flexible pre-

processing step is developed to estimate this key data input, which includes a service area and a fractional 

correction factor that discounts the demand of vehicles that have to detour to the station and reduces double-

counting of AADT on arcs within the service area. The key contribution is a station spacing parameter that 

provides the analyst flexibility in spreading new stations away from each other and from existing stations. 

Although the approach is arc-based and as such does not explicitly examine the multi-arc path flows, greater 

station spacing can help reduce the double-counting problem and increase the ability of vehicles to make 

multiple, non-redundant refueling stops on longer trips.  

In addition, the paper addresses the potential interaction of the station service area definition and 

station spacing parameters by proposing two different models. The first is more suitable for early stages of 

planning when stations are spread out over a region and service areas do not overlap. The second addresses 

coverage overlap issues during later stages when a denser station network is formed. A case study is 

provided for planning a network of compressed natural gas (CNG) fueling stations for heavy-duty CNG-

powered trucking in the Southwest United States. 

4.2. Methodology 

A list of the notation to be used in this research is provided below. 

𝑖 index of arcs 

𝑗 index of candidate sites 

𝑓𝑎 the AADT observed on arc 𝑎 

𝐿𝑎 the length of arc 𝑎 

𝑤𝑗 the AADT served by station 𝑗 
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𝑝 the number of stations to be located 

𝐷 minimum distance allowed between any two stations  

𝑅 station service radius 

𝑑𝑗𝑘 distance between site 𝑗 and site 𝑘 

𝛷𝑗 set of sites too close to site 𝑗 = { 𝑘 | 𝑑𝑗𝑘 ≤ 𝐷}    

𝑛𝑗 number of sites too close to site 𝑗;   𝑛𝑗 =  |𝛷𝑗| 

𝜆𝑖𝑗 the amount of AADT on arc 𝑖 that is assigned to a station at site 𝑗 

𝑁𝑖 set of sites 𝑗 that can serve arc 𝑖 = {  𝑗 | 𝑑𝑖𝑗
𝑚𝑖𝑛 ≤ 𝑅 } 

Decision variables 

𝑥𝑗 Whether a station should be located at 𝑗 .  𝑥𝑗 = 1  if site 𝑗  is selected; otherwise   

𝑥𝑗 = 0. 

𝑦𝑖𝑗 Whether AADT on arc 𝑖 can be served by a station at site 𝑗. 𝑦𝑖𝑗 = 1 if AADT on arc 𝑖 is 

served by a station at site 𝑗; otherwise 𝑦𝑖𝑗 = 0. 

In this section, two arc-based spatial optimization models are proposed to answer the question: 

where are the optimal locations for alt-fuel stations on a highway network? The objective is to maximize 

the number of unique vehicles served by these stations. One important constraint ensures a sufficient degree 

of spacing between stations. The AADT maximization objective locates stations to serve high-traffic arcs 

while the minimum spacing requirement spreads them out to reduce double counting of AADT and to 

increase the possibility for drivers to use stations like “stepping stones” or “relays.” To partially address 

the issue of multi-arc dependency issue that arc-based models normally have, this paper introduces a pre-

processing step to estimate the number of unique vehicles covered by a station.  

4.2.1 AADT coverage problem 

4.2.1.1 AADT coverage estimation 

This study assumes that alt-fuel stations have a certain service area, and that they can provide fuel 

for vehicles on highway segments that fall within their service area. Given the AADT on each highway 

segment (arc) and a fuel station’s service area, a method is needed to estimate the daily number of unique 

vehicles operating within the service area. This number would be overestimated if one were to simply sum 
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the AADT on all arcs within the service area. As mentioned previously, ignoring the dependency of arcs 

may count individual vehicles multiple times if their travel also involves other arcs in the service area either 

belonging to the same highway or involving turns onto different highways. Without a highly detailed dataset 

of routes to, from, and through the service area, it is difficult to estimate the number of unique vehicles 

accurately from AADT data. To partially address this issue, this research develops the following estimation 

method and considers two cases based on whether the candidate station site is located at an intersection or 

not. 

For each candidate station, a service area is delineated based on a network driving distance 

threshold. Next, all arcs that intersect any part of the service area are identified. Case 1 considers the 

scenario where a station is located on one link (Figure 4.1, Case 1). In this case, it can cover all AADT on 

the arc that is nearest to it and a fraction of the AADT on peripheral highways. When a station is located at 

an intersection (Case 2), it can cover the average AADT on the intersected arcs and a fraction of the AADT 

on other highways. For all other peripheral highway arcs in the service area, the maximum value of AADT 

among arcs that belong to the same highway is used to estimate the number of vehicles traveling on that 

highway that could refuel at the candidate station. The model uses the maximum value rather than the sum 

to avoid duplicative counting: summing the arc flows would become increasingly problematic as a given 

road is subdivided into a greater number of discrete arcs. For example, in Figure 4.1 the maximum flow 

among all the segments on highway C, max(𝑓𝐶1, 𝑓𝐶2, 𝑓𝐶3, 𝑓𝐶4), will be considered because flows on these 

segments involve many vehicles traversing multiple segments and a sum would count these vehicles 

multiple times. For vehicles that change their routes to highway B or C, the associated demand will be 

accounted for as part of the flows on the corresponding highway. 
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Figure 4.1. Two cases of estimating unique vehicles passing near a candidate fuel station. 

The parameter α, a fraction between 0 and 1, is an adjustment factor to discount the number of 

unique vehicles on peripheral highways that would refuel at the station. Its value is based on two 

considerations. First, some of the vehicles on the peripheral highways may also use the arcs that pass 

directly by the station, and flows on these arcs have already been considered in the estimation. In this case, 

α reduces duplicative counting of this AADT. Second, some drivers may be unwilling to detour to the 

station, if they have better refueling options down the road. In this case, α discounts AADT on non-adjacent 

highways due to a reluctance to detour. As shown in Figure 4.1, vehicle flows on parts of highways A, B, 

C, and D can be served by a station. In Case 1, the number of unique vehicles served by the station located 

mid-arc on Arc A1 is approximated by the AADT on arc A1 plus the partial AADT on highways B, C and 

D: 𝐴𝐴𝐷𝑇𝐶𝑎𝑠𝑒1 = 𝑓𝐴1 + α[max(𝑓𝐵1, 𝑓𝐵2, 𝑓𝐵3) + max(𝑓𝐶1, 𝑓𝐶2, 𝑓𝐶3, 𝑓𝐶4) + max ( 𝑓𝐷2, 𝑓𝐷3)] . In Case 2, the 

number of unique vehicles served by the station at the intersection of highways A and B is the average 

AADT on the four intersected highway arcs A1, A2, B2, and B3, plus the partial AADT on highways C 

and D:  𝐴𝐴𝐷𝑇𝐶𝑎𝑠𝑒2 =
𝑓𝐴1+𝑓𝐴2+𝑓𝐵2+𝑓𝐵3

2
+ α[ max(𝑓𝐶1, 𝑓𝐶2, 𝑓𝐶3, 𝑓𝐶4) + max (𝑓𝐷1, 𝑓𝐷2, 𝑓𝐷3)]. In both cases, 

all arcs on the peripheral highways are included when they are either completely or partially in the station’s 

service area. To avoid duplicative counting, however, this study does not consider arcs that are part of the 

highway passing by the station (in Case 1) or belong to the intersection highways (in Case 2) but are not 
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the segments nearest to the station. Such arcs are A2 and A3 in Case 1 and A3, B1 and B4 in Case 2. This 

is because the formula gives either full consideration to their contiguous arc(s) that are nearest to the station 

or partial consideration to arcs that involve turns. For example, in Case 1, flows on A2 are not included 

because in most cases they continue on A1 or turn onto B2 or B3 and all of these segments have already 

been considered in the estimation.  The net result of this method is a set of estimated 𝑤𝑗 weights for the 

service areas of candidate sites j, which are used in the objective function of the AADT coverage model in 

the next section. 

4.2.1.2 AADT coverage model 

The AADT coverage model is developed to maximize the total vehicle traffic covered by selected 

alt-fuel stations. In this model, one of the most important considerations is that stations should not be located 

too near to each other. That means the minimum allowable distance between any two stations, D, should 

be—at minimum—greater than twice the service radius R, that is, D > 2R, so that there will be no 

overlapping service areas and the number of vehicles will not be counted as covered by multiple stations. 

The model is as follows: 

Maximize  ∑ 𝑤𝑗𝑥𝑗𝑗𝜖𝐽                           (1) 

s.t. 

∑ 𝑥𝑗𝑗𝜖𝐽 = 𝑝                                        (2) 

𝑛𝑗𝑥𝑗 + ∑ 𝑥𝑘𝑘𝜖𝛷𝑗
≤ 𝑛𝑗      ∀𝑗               (3) 

𝑥𝑗 ∈ {0,1}                                           (4) 

The objective function (1) is to maximize the sum of AADT that can be served by alt-fuel stations. 

Constraint (2) defines the number of stations to be located. Without constraints to prevent stations from 

being too close to each other, the model would select stations that serve the most vehicles first, followed 
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by the second most, and so on until p stations are selected without considering that some selected stations 

may cover similar areas. If there is a high density AADT area with numerous candidate sites, stations would 

tend to be clustered in that area, leading to overlapping service areas. This would make it invalid to perform 

the coverage assessment as in (1) because flows would be double counted when they fall within the service 

areas of multiple stations. Clustered stations would also fail to facilitate long-distance trips that require 

multiple refueling stops en route. Therefore, constraints (3) are introduced to impose proximity constraints 

that spread stations away from other stations across the highway network. Φj is the set of other candidate 

sites with D of site j. If 𝑥𝑗 is equal to 1, constraint (3) forces ∑ 𝑥𝑘𝑘𝜖𝛷𝑗
 to be zero (Murray and Church, 

1996b), i.e., none of the candidate sites that are within D of site j will be selected for siting.  

Constraints (3) do not explicitly enforce that other stations will be available within driving range 

of station j to ensure inter-station connectivity for long-distance trips requiring multiple refueling stops as 

required by path-based FRLM. Nevertheless, by setting a value of D large enough that a driver would 

consider refueling again after traveling D miles, and by also imposing the spacing constraint on the distance 

between new and existing stations (see Section 2.3), the model will try to locate stations in the higher-

volume uncovered gaps of the network at sufficient distances from other stations to be potentially useful 

for relay purposes. If a sufficiently large number of stations is located, the model is expected to cover high-

volume demand while spreading out to fill in the coverage gaps thus serving the purpose of meeting the 

fueling needs of long-distance trips in an implicit way.  

4.2.2 AADT assignment problem 

A second, more complicated model is proposed to handle an AADT coverage assessment issue that 

can arise when service areas overlap. Overlapping service areas are currently not a significant problem 

given the scarcity of alt-fuel stations, the low demand at stations, and the lack of basic coverage in many 

areas. In the future, however, as more vehicles are purchased and more stations are built in busy areas, 

station service areas will inevitably start to overlap. In the coverage model introduced previously, it is 
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assumed that D > 2R. When D < 2R, it may involve significant double counting to assess coverage by 

station j independent of other nearby stations, as in the first model. Next, the more general situation is 

introduced where the two service areas can overlap. The new model involves both a different method of 

AADT estimation and a different mixed-integer programming (MIP) model. The AADT coverage method 

is adapted to an allocation method that assigns arcs to open stations to avoid double counting. 

4.2.2.1 AADT allocation-based flow estimation 

Figure 4.2 shows an example of overlapping service areas of candidate station sites S1 and S2 based 

on the network distance. Using the AADT coverage estimation method introduced above, the estimated 

number of unique vehicles would be 𝐴𝐴𝐷𝑇𝑆1 = 𝑓B2 + 𝛼[max(𝑓𝐴1, 𝑓𝐴2)]  and 𝐴𝐴𝐷𝑇𝑆2 = 𝑓𝐴2 +

𝛼[max(𝑓𝐵2, 𝑓𝐵3)]. Under the assumption that D > 2R, stations S1 and S2 cannot be selected simultaneously. 

If D < 2R , however, the situation in Figure 4.2 could arise and the AADT on arcs A2 and B2 could be 

double-counted, depending on which AADT are largest on each continuous highway. 

 
Figure 4.2. Estimating arc-based AADT when service areas overlap. 

Table 4.1 and Figure 4.2 illustrate the assignment strategies used in this study. On the highway 

nearest to the station, the arc closest to the station is selected and its AADT is completely allocated to the 

station. Similar to the flow estimation approach used earlier in Figure 4.1, other arcs on the same highway 

will not be considered and therefore no AADT from these arcs will be assigned to that station. For the 

peripheral highways, the allocation of an arc’s AADT to a station is based on the length of the arc, La, as a 

fraction of the length of all the arcs on the same highway that fall at least partly within the station’s service 
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area. For example, in Figure 4.2, A1 and A2 are two peripheral highway segments in station S1’s service 

area. According to the allocation-based flow estimation, 𝛼max (𝑓𝐴1, 𝑓𝐴2)
𝐿𝐴1

𝐿𝐴1+𝐿𝐴2
  AADT from arc A1 to S1 

and 𝛼max (𝑓𝐴1, 𝑓𝐴2)
𝐿𝐴2

𝐿𝐴1+𝐿𝐴2
 AADT from arc A2 are allocated to S1. When S2 is also sited, the allocation-

based flow estimation approach allocates 𝛼max  (𝑓𝐵2, 𝑓𝐵3)
𝐿𝐵2

𝐿𝐵2+𝐿𝐵3
  AADT from B2 to S2 and 

𝛼max  (𝑓𝐵2, 𝑓𝐵3)
𝐿𝐵3

𝐿𝐵2+𝐿𝐵3
  AADT from B3 to S2. Although the estimation model assigns the flow estimates 

for A1, A2, B2 and B3 to both S1 and S2, the optimization model (see below) will allow the traffic on each 

arc to be assigned to only one station. As a result, the allocation-based flow estimation prevents the flow 

from being double counted when multiple stations are available to serve the same arcs.  

It can also be noted that if S2 is not selected for siting, both A1 and A2 could be served by S1 and 

the corresponding total demand will be 𝛼 max(𝑓𝐴1, 𝑓𝐴2)
𝐿𝐴1

𝐿𝐴1+𝐿𝐴2
+ 𝛼 max(𝑓𝐴1, 𝑓𝐴2)

𝐿𝐴2

𝐿𝐴1+𝐿𝐴2
 

= 𝛼 max(𝑓𝐴1, 𝑓𝐴2), which is exactly the same as the amount given by the flow estimation method shown in 

Figure 4.1. Therefore, the flow estimation approach in Figure 4.1 is a special case of the allocation-based 

flow estimation approach in Figure 4.2. The net result of this method is a set of estimated 𝜆𝑖𝑗 weights for 

arcs 𝑖 assigned to candidate sites 𝑗, which are used in the objective function of the AADT allocation model 

in the next section. 

Table 4.1. Allocation-based flow estimation using the example network in Figure 4.2. 

To Station S1 To Station S2 

From Arc AADT assigned From Arc AADT assigned 

A1 𝛼max (𝑓
𝐴1

, 𝑓
𝐴2

)
𝐿𝐴1

𝐿𝐴1 + 𝐿𝐴2
 A1 0 

A2 𝛼max (𝑓
𝐴1

, 𝑓
𝐴2

)
𝐿𝐴2

𝐿𝐴1 + 𝐿𝐴2
 A2 𝑓𝐴2 

B1 0 B1 N/A 

B2 𝑓𝐵2 B2 (𝑓𝐵2, 𝑓𝐵3)
𝐿𝐵2

𝐿𝐵2 + 𝐿𝐵3
 

B3 0 B3 (𝑓𝐵2, 𝑓𝐵3)
𝐿𝐵3

𝐿𝐵2 + 𝐿𝐵3
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4.2.2.2 AADT allocation model 

The objective of the AADT allocation model is the same as that of the AADT coverage model, 

namely to maximize the AADT representing the number of unique vehicles that can be served by selected 

stations. The model is as follows: 

Maximize:  ∑ ∑ 𝜆𝑖𝑗𝑦𝑖𝑗𝑗𝜖𝐽𝑖𝜖𝐼   (5) 

s.t. 

∑ 𝑥𝑗𝑗𝜖𝐽 = 𝑝                           (6) 

𝑥𝑗 ≥ 𝑦𝑖𝑗                     ∀𝑖, 𝑗𝜖𝑁𝑖    (7) 

∑ 𝑦𝑖𝑗𝑗∈𝐽 ≤ 1                       ∀𝑖   (8) 

𝑛𝑗𝑥𝑗 + ∑ 𝑥𝑘𝑘𝜖𝛷𝑗
≤ 𝑛𝑗      ∀𝑗 (9) 

𝑥𝑗, 𝑦𝑖𝑗 ∈ {0,1}   (10) 

The objective function (5) is to maximize the AADT to be served by selected stations. Constraint 

(6) requires p new stations to be located. Constraints (7) prevent allocation of AADT to a site j with no 

station sited (𝑥𝑗 = 0). Constraints (8) ensure that AADT on an arc is allocated to only one station to avoid 

double counting. Constraints (9) are proximity constraints similar to constraints (3). One can note that 

although the new allocation model allows stations to have overlapping service areas, constraints (9) are still 

useful to prevent the over-concentration of stations in certain regions/areas. Finally, constraints (10) are 

integrality constraints, although as usual in location-allocation models, the 𝑦𝑖𝑗 allocation variables can be 

relaxed and still solve as binary integers.  
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When the coverage and allocation models apply the same minimum allowable spacing assumption, 

D > 2R, the solutions of the two models should be consistent given that the flow estimation in the coverage 

model is a special case of the allocation model. Comparing the above two models, the AADT allocation 

model avoids the flow overestimation issue that might occur in the solutions of AADT coverage model 

when the service areas of alt-fuel stations can overlap (D < 2R). However, when the minimal distance 

between stations is larger than the diameter of an alt-fuel station’s service area (D > 2R), the AADT 

coverage model has computational efficiency advantages since it is much simpler and does not involve the 

assignment decision variables and the associated constraints as the allocation model.  

4.2.3 Existing stations 

Planning of new alt-fuel stations must take into account the location of existing stations. This is 

true for the AADT coverage method, the AADT allocation method for cases where service areas can overlap, 

and, quite frankly, every alt-fuel station planning effort unless starting with a completely blank slate. The 

most common approach to including existing facilities in these models is to represent them as binary 

variables with a lower bound of 1, and to set p to the number of existing plus new stations. This traditional 

approach will not work very well for the proposed model, because existing stations may be too close to 

each other and thus violating the mandatory spacing constraints (3) and (9). For some alt-fuels such as 

biodiesel, CNG, and LNG, the existing stations were sited at corporate or government fleet bases such as 

shuttle or taxi companies, utilities, bus depots, delivery vans, and so on. These stations provided central 

refueling at their depot and have additional pumps outside their fence for the general public and other fleets. 

Such stations may be clustered in industrial and commercial areas, in violation of the mandatory spacing 

constraints. In such cases, using lower bounds of 1 for existing station location variables would lead to 

infeasible solutions.  

This study applies a different work-around for existing facilities. When considering the service 

provided by existing CNG stations, the minimum distance requirement 𝐷 is applied to restrict candidate 

sites from being too close to existing CNG stations. Quite simply, any candidate sites for new stations that 



82 

 

 
 

are closer than 𝐷  to an existing station are eliminated as potential candidate sites. This preprocessing step 

is performed in generating the final set J of candidate sites but does not prevent existing sites from being 

too close to each other. Also, for demand, this study identifies the arcs and the associated AADT that have 

been served by existing stations in advance and in the models excludes them from being covered by the 

new stations. In this way, the demand covered by the new stations is the additional flows that have not been 

served by the existing alt-fuel station network. 

4.3. Case study 

The case study develops a regional network of CNG fueling stations for heavy-duty trucking. 

Trucking is a suitable early market for natural gas vehicles because of price and maintenance advantages, 

high intensity of traffic, high fuel consumption, noise benefits, and reduction of particulates, sulfur oxides, 

and CO2 compared with diesel (Hwang et al., 2015; Jaffe et al., 2015; Scheitrum et al., 2017). CNG trucks 

and refueling infrastructure are currently more advanced than competing alt-fuel heavy-duty platforms such 

as liquefied natural gas, biodiesel, electric, and hydrogen, though it is unclear which fuel will perform best 

for trucking in the long run (Osorio-Tejada et al., 2017). In the case of US freight, the main federal OD 

flow dataset is the Freight Analysis Framework (FAF), which is much coarser geographically than arc-

based AADT data, especially in the Southwest, with six of the eight largest US states by area (Texas, 

California, New Mexico, Arizona, Nevada, and Colorado). In this case, AADT data may better reflect the 

demand for refueling as an accumulation of countless OD pairs with unknown flow volumes, as compared 

with OD flows to/from a single point in New Mexico, for instance. Also, for long-distance trucking, 

minimum thresholds for spacing of new stations will help provide basic coverage of more roadways. Thus, 

CNG trucking in the Southwest US makes an appropriate case study for the proposed AADT maximization 

models, but the models are generalizable to other regions and fuels where OD data are unavailable or 

unsuitable.   
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4.3.1 Study area and data 

The study area consists of the 11 states in the southwestern region of the United States from 

California on the west to Kansas, Arkansas, and Louisiana on the east (Figure 4.3). Three data layers are 

mainly used in this study. First, the set of existing stations is based on the existing and planned CNG stations 

accessible by Class 8 trucks according to Alternative Fuels Data Center as of October 31, 2016. Second, 

the candidate sites are the diesel truck stops provided by AllStays Pro that do not currently have CNG 

pumps as of December 2016. Third, the AADT flows for trucks (AADTT) on interstate and non-interstate 

strategic highways were obtained from the USDOT Freight Analysis Framework (FAF) for 2012.  

Most existing CNG stations are clustered along high-volume highways and in major cities. There 

remain, however, numerous gaps where trucks cannot complete their OD trips between metropolitan areas 

considering reasonable driving ranges (Figure 4.3). The goal of this case study is to analyze how to fill 

these gaps using AADT data and a limit D on how close stations can be to other stations. 

 
Figure 4.3. Study area and data layers. 
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4.3.2 Model implementation and scenarios 

The truck stop data set contains 957 truck stops, which serve as the candidate sites. The highway 

network consists of 6,145 total unique arcs, with 2,889 arcs falling at least partly within a candidate station’s 

service area. These 2,889 arcs serve as the input of potential demand for both models. This study assumed 

a 3-mile service radius of each CNG station, which is consistent with the distance that people are willing 

to detour for commercial vehicle refueling in other studies (Kelley and Kuby, 2017; Suzuki, 2008). The 

fractional correction factor α is set to 0.5 to discount for the need to detour to the station and to avoid 

double-counting of AADT. Sensitivity analysis on α is provided in Section 4.3. 

Both models are solved for p = 10 and 20 new CNG stations. Several distance thresholds D were 

also used to restrict new stations from being too close to each other and to ensure that candidate station sites 

are at a certain distance from existing stations. The coverage model used D = 20, 50, and 100 miles for 

minimum spacing requirements, while the allocation model that deals with overlapping service areas used 

D = 0 and 2 miles. For each of these six p-D combinations in the coverage model (for D > 2R), two scenarios 

were considered, with and without accounting for the service provided by existing CNG stations. The 

scenario assuming no existing stations is illustrative of the problem facing new fuels with no existing 

infrastructure. For instance, at this time (February 2019) there are no operating hydrogen stations in 10 of 

the 11 states in the study area. For the four p-D combinations for the allocation model, the study considered 

scenarios that take the locations of existing stations into account, because the second model is more suitable 

for a later planning stage when many stations already exist, and new stations are allowed to have service 

overlap. 

It is important to note that when the distance threshold D is also applied to the locations of existing 

stations, fewer candidate sites remain feasible as D increases (Table 4.2). For the AADT allocation model, 

D=0 implies that no minimum spacing requirement is imposed, and therefore all 957 existing diesel station 

candidate sites are considered. When D = 100 miles, the number of candidate facility sites decreases to 227 

diesel stations located in the long gaps between existing CNG stations. 
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Table 4.2. Distance thresholds and corresponding numbers of feasible candidate sites when 

considering service already provided by existing stations (R =3 miles). 

 
AADT Coverage Model 

(D > 2R) 

AADT Allocation Model 

(D < 2R) 

D (miles) 20 50 100 0 2 

Number of feasible 

candidate sites 
757 425 227 957 865 

The two models were built and solved using Xpress-IVE version 8.2 (FICO Xpress Optimization 

Suite) on a PC with 8GB RAM and a 2.20GHz CPU. Without considering the existing stations and assuming 

D =20, the AADT coverage model has 757 binary variables and 758 constraints and solves in less than 1 

second on average. The average time to solve the AADT allocation model assuming D=0, with 2,765,730 

binary variables and 2,768,620 constraints, was 89 - 99 seconds.  

4.4. Results 

4.4.1 Solutions to the AADT coverage model 

Solutions to the coverage model are mapped in Figure 4.4. For each combination, new station 

locations are depicted with larger blue dots for the scenarios where stations cannot be built within D miles 

of existing CNG stations, and with smaller orange dots for the scenarios in which existing stations are not 

considered. The model tends to select sites that can capture high AADT first unless they are too close to 

each other due to the maximum spacing constraint D. In the p =10 scenarios that do not consider service 

provided by existing CNG stations (see orange dots in Figures 4.4a, 4.4c, and 4.4e), the coverage model 

selects mostly urban highway intersections that serve heavy traffic areas—Stockton, Los Angeles, and 

Bakersfield in California; Salt Lake City, UT; Denver, CO; Dallas, San Antonio, and Houston in Texas; 

Oklahoma City, OK; and Little Rock, AR. When the number of new CNG stations increases to 20 (Figures 

4.4b, 4.4d, and 4.4f), additional locations are selected on I-35 and I-10. With small minimum spacing (𝐷=20 

miles in Figures 4.4a and 4.4b), new sites selected are noticeably more clustered in areas with high truck 

AADT, such as Southern California, Dallas, and the Texas-Louisiana Gulf Coast. 
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In scenarios that omit candidate sites within D of existing locations of CNG stations, the model 

tends to select different stations than in scenarios that do not consider existing locations. With a relatively 

small D of 20 miles (Figures 4.4a and 4.4b), new sites are mainly clustered along I-35 (Texas), and I-10 

(California, East Texas, and Louisiana). When D is raised to 50 miles (Figures 4.4c and 4.4d), most new 

sites are still located in Texas, Louisiana and Arkansas, but instead of clustering along the busiest highways 

they are more dispersed across different highways. When p increases from 10 (Figure 4.4c) to 20 (Figure 

4.4d), more new sites are spread along I-10, I-20 and I-30. For D = 100 miles, some new stations are located 

on less busy major highways to meet the longer distance threshold constraint. In this application, the optimal 

stations with D =100 miles are well positioned to function as relay stations that extend the reach of trucks 

coming from areas already served by existing stations. By limiting the AADT dataset to only interstate and 

other strategic national highways, the model provides solutions that address long distance travel fueling 

needs even though it does not explicitly require path-level coverage (Figure 4.4e and 4.4f). 
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Figure 4.4. Solutions to the AADT coverage model with and without considering the service 

provided by existing CNG stations: (a) D = 20, p = 10; (b) D = 20, p = 20; (c) D = 50, p = 10; (d) D = 

50, p = 20; (e) D = 100, p = 10; (f) D = 100, p = 20. 
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4.4.2 Solutions to the AADT allocation model 

When D > 2R, solutions to the AADT allocation model are identical to the solutions to the AADT 

coverage model with the same parameter settings. For D < 2R, Figure 4.5 compares coverage and allocation 

model solutions when 10 and 20 new CNG stations are located considering service provided by existing 

CNG stations with D = 0 and 2 miles. The case D = 0 is an extreme case equivalent to imposing no 

restriction on how close new stations can be to each other and to existing CNG stations. The corresponding 

coverage model selects the station with the highest AADT first, followed by the second most, and so on 

until 10 or 20 stations are selected. If 10 stations are located, 7 main cities are selected including: Stockton, 

Bakersfield and Los Angeles, CA; Salt Lake City, UT; Little Rock, AR; and San Antonio and Houston, TX. 

When the number of new CNG stations increases to 20, only three additional metropolitan areas are selected: 

Oklahoma City, OK; Dallas, TX and Lafayette, LA. Numerous service areas overlap, resulting in significant 

double-counting of AADT coverage. 

In contrast, the AADT allocation model was designed for the possibility that selecting nearby 

stations may provide redundant coverage. When D =2 miles, solutions to the allocation model present a 

more dispersed distribution of new sites. At most locations where AADT were overestimated by the 

coverage model, the allocation model often selects only one site from each cluster of sites in the solutions 

of the coverage model (see zoomed-in maps in Figures 4.5a and 4.5b). In solutions to the allocation model, 

however, some site clusters remain, resulting in overlapping service areas (e.g., see the zoomed-in map of 

Denver, CO in Figure 4.5d). However, the traffic flow on each individual arc in the overlapping areas was 

not double counted because the flow on each arc was allocated to one station only. 
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Figure 4.5. Solutions to the AADT allocation model considering service provided by existing CNG 

stations: (a) D = 0, p = 10; (b) D = 0, p = 20; (c) D = 2, p = 10; (d) D = 2, p = 20. 

Figure 4.6 graphs the effects of several interacting assumptions when D≤2R and D>2R. When 

D≤2R (Figure 4.6a) the coverage model produces its highest objective function values. However, after 

removing the double-counting using the method introduced in section 2.2.1, the actual coverage tends to be 

lower. That is, when D≤2R, there is a gap between what the coverage model thinks it covers and what it 

actually covers due to its inability to discount for redundant coverage. As a result, the solutions provided 

by the coverage model are inferior compared to those provided by the allocation model. When D ≥2R, more 

computationally intensive allocation model is not needed to prevent double-counting and both models 

produce the same solutions.  
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Combining Figures 4.6a and 4.6b leads to several generalizations. First, as the spacing requirement 

D gets larger, the model is more constrained and naturally coverage of AADT by new stations decreases. 

The decay is more obvious when D≤2R. Second, for the same D, AADT coverage drops when service 

provided by existing locations is taken into account for spacing purposes. Again, the model is more 

constrained, as shown by Table 4.2. Third, all models cover more AADT with p =20, but not twice as much 

as with p =10 because the best sites have been taken. This effect is typical of diminishing marginal returns 

when locating more and more facilities. None of these generalizations is surprising, but they confirm that 

the models are performing as expected. 

 

Figure 4.6. AADT coverage for all scenarios: (a) Comparison of coverage and allocation models for 

D<=2R considering existing stations; (b) Comparison of coverage with and without existing stations 

for D>2R. 

4.4.3 Sensitivity analysis 

The pre-processing step assumes a 3-mile service radius of each CNG station and a 0.5 fraction 

correction factor to avoid double-counting of AADT. The 3-mile service radius is consistent with the 

distance that people are willing to detour for commercial vehicle refueling in other studies (Kelly and Kuby, 

2017; Suzuki, 2008). However, the fractional correction factor α may have a great impact on the amount of 

coverage a station provides. This section tests whether and to what extent different values of α affect the 

assessment of a candidate station’s coverage and the corresponding solution. With existing stations 
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considered, it also examines the solutions based on a sensitivity analysis using alternative values of α (0.3; 

0.5; 0.7) for D=20, 50, and 100 miles.  

Sensitivity results indicate that solutions using different values of α remain either the same or 

similar with a large number of same sites selected. Table 4.3 summarizes the similarity of the stations found 

in different solutions as α varies. Figure 4.7 maps the solutions to the problems when D = 20 miles, 50 

miles and 100 miles. According to Table 4.3, 80% of optimal sites were identical in the D=20 miles, p=20 

scenario and D = 50 miles, p = 10 scenario, and 90% were identical in the other four scenarios. Table 4.3 

shows the consistency across varying p’s tested. This suggests that the demand approximation approach 

introduced in this study is quite robust. 

Table 4.3. Percentage of identical stations found based on varying α values. 

                        p 

 D (miles) 
10 20 30 40 50 

20 90% 80% 77% 83% 88% 

50 80% 90% 87% 83% 84% 

100 90% 90% 83% 98% 100% 
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Figure 4.7. Solutions to the AADT coverage model with different values of α: (a) D = 20, p = 10; (b) 

D = 20, p = 20; (c) D = 50, p = 10; (d) D = 50, p = 20; (e) D = 100, p = 10; (f) D = 100, p = 20. 

Figure 4.8 shows an example of optimal sites for D = 100 miles and p =10 that changed when 

different values of α are assumed (see also Figure 4.7e). When α increases from 0.3 to 0.5, the AADT 

covered by Station 1 on I-40 in Arkansas increases (Figure 4.8a) due to less discounting given to flows on 
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peripheral arcs, while the AADT covered by Station 2 on I-5 in California stays the same (Figure 4.8b) as 

there are no peripheral arcs in the service area. With α = 0.5 and 0.7, the AADT covered by Station 1 

exceeds that of Station 2, and the model replaces the latter with the former. 

 

Figure 4.8. An example of site selection change for D = 100 miles and p = 10 with different values of 

α: (a) site on I-40 in Arkansas; (b) site on I-5 in California. 

4.5. Discussion  

Environmental concerns have expedited the development of the alt-fuel vehicle industry, but the 

deployment of alt-fuel vehicles remains at an early stage. This is in part due to scarcity of refueling facilities 

(Ko et al., 2017). This study presents an approach to strategically locate alt-fuel stations to maximize 

coverage of existing AADT. The objective function used in this study helps promote sustainable 

transportation with the assumption that adoption of alt-fuel vehicles will increase with the improved 

accessibility of alt-fuel infrastructures (Lim and Kuby, 2010). Other studies have incorporated alternative 

objectives, such as network equilibrium (He et al., 2014) and social and environmental costs in terms of 

travel costs, energy usage, and air quality (Mirchandani et al., 2014; Liu and Wang, 2017).  

The models proposed here attempt to factor in some of the multi-arc, inter-station relationships 

typically found in path-based models in a model where individual stations serve local arc demands only. 

While the FRLM and other flow-based models explicitly take into account whether OD trips can be 
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completed without running out of fuel, oftentimes OD data are not readily available or are much coarser 

geographically than arc-based AADT data. In the case of US freight, the Freight Analysis Framework (FAF) 

provides OD flows only among a very small subset of major metropolitan areas. Even large metropolitan 

areas such as Los Angeles-Long Beach-Riverside are lumped together as a single zone. Also, some large 

rural states are represented as a single “Rest of State” zone. Choosing a single centroid for such zones (such 

as New Mexico, the 4th largest state by area), is impossible. In such cases, AADT data may better reflect 

the demand for refueling, as an accumulation of countless different OD pairs with different flow volumes, 

while using station spacing requirements to substitute for explicit path-based analysis. Thus, these models 

take the simpler approach of maximizing AADT while providing a minimum spacing requirement D that 

can be used to make sure that stations are only located where they can fill in gaps of the existing 

infrastructure network. The goal here is not error-free estimation of fuel demand coverage but to develop a 

simple and flexible tool that locates stations where traffic volumes are known to be high and stations are 

not too close together. 

For promoting long-distance connectivity, analysts should consider the interaction of four 

assumptions: the spacing requirement D, the number of stations p, and the sets of arcs and candidate sites. 

By limiting candidate sites and arcs to major long-distance corridors, stations will be channeled onto those 

corridors. By setting D large enough, stations will be spaced far enough apart to be useful as “stepping 

stones” for refueling long trips. Finally, by setting p high enough, stations can be forced closer together 

(but still at least D miles apart) to promote connectivity from station to station.  To illustrate this use of the 

coverage model, let us revisit the earlier solutions for D=100 miles. With 10 stations, there continued to be 

some sizable gaps that compromise connectivity, such as a 677-mile gap on I-80, a 664-mile gap on I-70 

and I-35, and a 580-mile gap on U-90 in Texas (Figure 4.9a). Forcing more stations onto the network packs 

them tighter together and reduces the longest gaps (Figure 4.9b). With D=100, no station can be placed in 

any gap less than 200 miles long. The ability to place a station in gaps longer than that, however, depends 

on where candidate sites are available. Figure 4.9c illustrates this with the optimal solution for 50 stations, 
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where stations have been packed in so tightly that some stations have had to shift away from high-AADT 

locations. As shown in Figure 4.9d, total coverage increases at a decreasing rate as p increases and 

eventually levels off and declines as a few more stations are packed into the network and other stations are 

moved away from good sites to accommodate the spacing requirements. This exercise illustrates the 

interplay of D, p, the network, and the candidate sites in using the AADT coverage model to fill all gaps in 

the coverage. 

 

Figure 4.9. Solutions to the AADT coverage model with D = 100 miles: (a) p = 10; (b) p = 20; (c) p = 

50; (d) AADT coverage graph. 
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4.6. Conclusions 

In this paper, two new optimization models have been developed and tested to maximize the arc 

flow volume covered by a given number of new alt-fuel stations located sufficiently far away from other 

stations. Accompanying each MIP model is a proposed method of estimating the number of unique vehicles 

passing each station or traveling on nearby highway arcs. The AADT coverage model is used when new 

alt-fuel sites should not be too close to each other, which will mostly be the case as coverage is extended 

to poorly covered areas. The second model—the AADT allocation model—is applicable when new sites 

are allowed to have some service area overlap, that is, if decision makers place several alt-fuel stations in a 

small area to provide service for a large volume of vehicles passing through the area.  

There is a need for an arc-based approach when OD flow data required by path-based models are 

not available or are too geographically aggregated to accurately model where paths are coming from and 

going to. Similar to other arc-based stations models, the AADT maximization models in this study are 

subject to overestimation due to their inability to track each vehicle across multiple arcs. For potential 

overestimation within a candidate site’s service area, the model introduces a fractional α factor for 

discounting the AADT on highways that do not pass directly by the station. To limit double-counting a 

vehicle’s demand between stations, the model relies on the minimum spacing requirement D to force 

stations farther apart. While no AADT-based method can perfectly estimate the number of unique vehicles 

in the vicinity of a station, the goal of combining AADT maximization with minimum spacing constraints 

is to develop a simple approach to locating stations where they can capture a high level of non-duplicative 

demand and fill in the gaps in the station network. In this sense, the α and D parameters address in a 

simplified way some of the shortcomings that arc-based models have relative to path models.  

Future work can improve on the flow estimation approaches proposed in this study. The methods 

proposed here to estimate the number of unique vehicles accessible to any station are exogenous to the 

associated optimization models; different methods for estimating the AADT objective function coefficients 

could be explored and substituted for those proposed here. More appropriate values of the current service 
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radius and distance constraints between new sites and from existing stations could be based on discussion 

with decision makers and stakeholders. Since highway segments between highway intersections are 

regarded as unique arcs even if they are contiguous and belong to the same highway, a future step could be 

to adjust the highway network data by preventing contiguous arcs that belong to the same highway and 

have similar AADT from being defined as different unique arcs. Multi-objective models could also consider 

other metrics, such as fleet coverage or connectivity, which might work well in tandem with AADT 

maximization. Finally, the coverage and allocation models introduced here combining AADT 

maximization with minimum spacing need to be tested on metropolitan-scale networks. 
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Chapter 5 

Conclusion 

 

The energy sector is crucial for sustainable development considering prosperity, health and 

environment. To achieve the outcomes of the UN energy-related SGDs, great transformations are needed 

in the way we produce and consume energy. Spatial optimization has long been contributing to different 

fields, such as GIScience, location modeling, transportation, economic geography, and political geography. 

This study shows that spatial optimization has great potential to contribute to energy related research, 

including identifying the optimal spatial arrangements of energy infrastructures, evaluating and improving 

existing system performances, and promoting future decision makings. In addition to the applied focus on 

energy related studies, this study contributes to the spatial optimization field by developing new location 

analysis methods and spatial optimization models.  

Future work could be conducted from three aspects. First, current approaches can be improved by 

accounting for additional factors and using region specific parameters. For future solar potential 

assessments, changing surrounding environment (e.g., tree growth), different minimum energy production 

requirements under different climate, and detailed characteristics and attributes of roofs and buildings could 

be considered and incorporated. Heterogeneity of demand coverage, additional panel orientations, and more 

alignment scenarios can be further studied in the MPPCP. For the alt-fuel stations location study, more 

locally appropriate service radius and distance constraints can be used based on discussion with decision 

makers and stakeholders in different regions.  

Second, the spatial optimization methods and algorithms proposed in this dissertation could be 

improved in the future. In the spatial layout design of solar PV panels, the MPPCP can be expanded to 

incorporate more orientations and alignment scenarios with advanced geometry processing algorithms and 

heuristic algorithms for problem solution. In the alt-fuel station location problem, multi-objective models 
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could be developed to include other important metrics, such as fleet coverage or connectivity, which might 

work well in tandem with AADT maximization. 

Third, issues related to scale should be considered in future studies. In the MPPCP, the solution 

may depend on how the continuous surface of a suitable area is discretized. For applications that use coarse 

grids to partition a continuous area, sensitivity analysis might be needed to assess the solution quality. The 

coverage and allocation models introduced in the alt-fuel station location may also be impacted by how 

transportation networks are constructed. The inclusion of additional network links (e.g., other principal 

arterials) and alternative definitions of arcs in the network should be considered to examine the impacts due 

to scale.   
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