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ABSTRACT 

INVESTIGATING PHOTOVOLTAIC SOLAR POWER PRODUCTION USING 

REMOTE SENSING TECHNOLOGY 

Daniel William Czirjak, Ph.D. 

George Mason University, 2019 

Dissertation Director: Dr. John J. Qu 

 

Remote sensing platforms have consistently demonstrated the ability to detect, and in 

some cases identify, specific targets of interest and photovoltaic solar panels are shown to 

have a unique spectral signature that is consistent across multiple manufacturers and 

construction methods. Solar panels are proven to be detectable in hyperspectral imagery 

using common statistical target detection methods such as the Adaptive Cosine Estimator, 

and false alarms can be mitigated through the use of a spectral verification process that 

eliminates pixels that do not have the key spectral features of photovoltaic solar panel 

reflectance spectrum. The Normalized Solar Panel Index (NSPI) is described and is a key 

component in the false alarm mitigation process. After spectral verification, these solar 

panel arrays are confirmed on openly available literal imagery and can be measured using 

numerous open-source algorithms and tools. The measurements allow for the assessment 

of overall solar power generation capacity using an equation introduced that accounts for 
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solar insolation, the area of solar panels, and the efficiency of the solar panels conversion 

of solar energy to power. Using a known location with readily available information, the 

methods outlined in this paper estimate the power generation capabilities within 6% of 

the rated power. 

Airborne hyperspectral imagery, however, does not have the capacity to collect 

data on a regional or global scale that will aid in the assessment of planetary photovoltaic 

solar power generation growth. The recently launched WorldView-3 16-band 

VNIR/SWIR multispectral satellite presents the opportunity to apply methods developed 

for hyperspectral imagery to detect photovoltaic solar arrays and assess solar power 

production over a much larger geographic extent, and can be used to measure progress on 

a global scale within UN Sustainable Development Goal #7: Affordable and Clean 

Energy. Using a target detection process based upon the adaptive cosine estimator (ACE), 

along with an adapted spectral verification routine using both the normalized solar panel 

index and the new normalized ethyl-vinyl acetate index, it is proven that solar arrays can 

be effectively detected using WorldView-3 imagery in vicinity of Palo Alto, CA.  As part 

of the processing algorithm, false alarms are mitigated using both true detection and false 

alarm training libraries based upon in-scene spectral signatures compiled over multiple 

processing iterations.  Using a location within the image scene that has a well 

characterized solar array, the processing algorithm is able to detect the array and estimate 

its solar power generation capacity to within 4% of the array’s rated power production.  

Based upon these results it is likely that this process can be adapted to other geographic 

regions across the globe to assess solar power generation installation and growth.  
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lt is assessed that WorldView-3 VNIR/SWIR imagery and its associated 

processing is capable of detecting photovoltaic solar arrays using spectral detection 

techniques at a level comparable to that of AVIRIS-NG hyperspectral imagery if the 

target solar array is large in size relative to the pixel size of the MSI imagery.  Under the 

right circumstances, smaller, residential-sized solar arrays are detectable with the MSI 

data, but HSI is better suited to this level of detection.  This is primarily due to the higher 

spatial resolution of the HSI data; however, since WorldView-3 data has been released at 

its native spatial resolution of 3.7 meters, it likely that the MSI data performance against 

these smaller solar arrays will increase.  This assessment, however, will need to be re-

evaluated as the spatial resolution restriction has been lifted and a similar study must be 

conducted to evaluate the validity of the conclusions presented here.  

The research presented has definitively shown that remotely sensed data can be 

used to detect photovoltaic solar panels using both hyperspectral and 16-band 

multispectral data.  The process involves the use of many different sources of data and 

provides a framework for developing large scale application of remotely sensed data to 

aid in the observation of progress towards attaining several different UN Sustainable 

Development Goals.  As algorithms and processing techniques advance, this work will 

provide useful information to those who expand on these ideas and implement them in a 

practical manner in future research. 
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CHAPTER ONE - INTRODUCTION 

1.1 Sustainable Development Goal #7 

In 2015, the United Nations adopted 17 sustainable development goals to develop, 

guide and track progress towards a more sustainable future by addressing global 

challenges such as poverty, inequality, environmental degradation and climate change. Of 

those goals, Sustainable Development Goal #7: Affordable and Clean Energy (SDG #7) 

seeks to “ensure access to affordable, reliable, sustainable and modern energy for all” by 

establishing targets to ensure global access to affordable, reliable and modern energy and 

to substantially increase the share of renewable energy around the globe.  Indicators of 

progress towards achieving the targets include an observed increase in the population 

with access to not only energy, but access to energy primarily from clean fuels and 

technology, as well as an increase in the amount of renewable energy as a percentage of 

total global energy production (UN Sustainable Development Knowledge Platform, 

2018).   

The 2018 Renewable Energy Policy Network for the 21st Century (REN21) 

annual global status report indicates that progress is being made towards attaining SDG 

#7, and that photovoltaic solar systems continue to grow in popularity in rural parts of the 

world without reliable energy access.   Of particular note is the growing trend of 

distributed power generation in the developing world, and on the continent of Africa in 



2 

 

particular (REN21, 2018).  Distributed power generation refers to the practice of energy 

consumption at or near the location where the power is generated; an example of which 

would be a photovoltaic solar array placed upon a rooftop where the energy is consumed 

by the individuals living in the structure (US EPA, 2017). The REN21 report states that 

over 50% of Kenya’s off-grid population’s access to electrical power is a result of 

distributed generation at the household or neighborhood level, and other African nations 

such as Tanzania, Uganda, and Ethiopia have seen widespread adoption of distributed 

solar power systems.  At the global scale, the REN21 report states that in 2017 nearly 100 

gigawatts of solar power were added to the power grid, a key indicator of the progress 

being made to achieve SDG #7 (REN21, 2018).   

While progress is being made towards meeting the success criteria for SDG #7, 

current methods to assess growth often rely on government and industry statistics based 

upon infrastructure funding and investment data (REN21, 2018). These methods, 

however, may not account for small distributed generation sites and potentially overlook 

newly emplaced systems that are established using outside funding sources such as those 

funded by non-governmental organizations (NGOs) or crowdfunding (REN21, 2018). In 

order to overcome this potential lack of data, remote sensing techniques may provide an 

opportunity to augment official data through direct observation and provide a more 

complete picture of solar photovoltaic power generation growth in the developing world.  

1.2 Photovoltaic Solar Power Basics 

There are two primary methods currently used to generate solar power. In 

commercial and residential applications, as well as in small-scale utility power generation 
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plants, the solar power generation method of choice is the use of arrays of photovoltaic 

solar cells (also known as solar panels) (NREL, 2015). These solar panels generally 

produce from hundreds of kilowatts up to megawatts of energy (City of Charlottesville, 

2015; Google, 2016). The other method, known as concentrating solar collectors, is much 

different and will not examined in the course of this research.  

Photovoltaic cells are the solar panels one commonly observes along the sides of 

the road powering individual lights, upon rooftops reducing the amount of energy an 

individual household draws from the energy grid (in some cases they can actually provide 

energy back into the grid), and in large numbers upon the rooftops of commercial 

buildings. 

Currently the most common, and generally the least expensive, type of solar panel 

is the polycrystalline silicon solar panel.  These solar panels often appear purple or blue 

and have a blotchy appearance to them.  Polycrystalline solar panels are the ones most 

likely to be seen on a daily basis along the side of the road or on a rooftop.  Nearly as 

common, although slightly more expensive, are monocrystalline silicon solar panels; 

these panels have a generally uniform black appearance and are becoming more common 

as the prices for these panels drop. Figure 1-1 shows an example of the two common 

types of solar arrays with the visible difference in color between the two types readily 

apparent.  These two types of solar panels are the types that are most likely to be 

observed in developing countries and most applicable to the quantification of progress 

within SDG #7 (REN21, 2018). 
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Figure 1-1 Monocrystalline silicon solar panel (left) vs. polycrystalline silicon solar panel (right). 

 

The effectiveness of a solar panel’s ability to convert incoming solar insolation 

into electrical power is a primary difference between polycrystalline and monocrystalline 

silicon solar panels. Polycrystalline solar cells’ efficiency is about 13-16%, while the 

efficiency of monocrystalline solar cells are between 15-20% (Fu et al., 2018).  In 

practical terms, this means that for an equal area of solar panels, assuming no other 

differences in the photovoltaic electric system, the monocrystalline solar panels will 

produce more power than polycrystalline solar panels.  This efficiency determines the 

amount of power a solar array can produce, and knowledge of the expected efficiencies of 

a given array is required to make remote estimates of solar power production.   

While there are two primary types of photovoltaic silicon solar panels, both of 

these solar panel types are built to primarily the same design.  A solar panel is built in a 

layered manner with the base backing layer generally made of a synthetic material and a 

metal frame.  On top of this base layer a thin film of ethylene-vinyl acetate (EVA) is 

placed as an encapsulent to prevent moisture and other contaminants from entering into 

the solar panel (Baidee, et al., 2016).  This EVA layer also enables a strong bond with the 

silicon wafers that are directly responsible for the collection and conversion of incoming 
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solar insolation into electrical power.  Another layer of EVA is placed on top of the 

silicon wafer and the entire object is encased in a tempered glass outer layer.  Figure 1-2 

shows the general construction and layers of a photovoltaic silicon solar panel with layer 

6 being the back of the solar panel and layer 1 being the side facing towards the sun. 

  

 
Figure 1-2 Photovoltaic silicon solar panel construction 

 

1.3 Collecting and Evaluating Photovoltaic Solar Panel Spectral Signatures 

In order to determine if it is feasible to remotely detect photovoltaic solar panels it 

is necessary to collect and analyze the spectral signatures of solar panels.  As a result, 

spectral signatures were collected at several known locations in order to understand the 

spectral signatures of both monocrystalline and polycrystalline solar panels.  Spectra 

were collected with an ASD Instruments FieldSpecPro 3 at locations in both California 
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and Virginia.  At the first location, containing a large ground-mounted solar array at 

Camp Park Army Reserve Training Facility near Dublin, CA, measurements were made 

on a polycrystalline silicon array of 300 watt solar panels manufactured by Hyundai 

Heavy Industries Co shown in Figure 1-3. The manufacturer’s data sheet on the Hyundai 

M300HI solar panel states that the solar panel modules are encapsulated in Ethylene-

Vinyl Acetate and a 3.2 millimeter thick glass panel (Hyundai, 2015).   

 

 

Figure 1-3 Camp Parks, CA solar array ASD collection 

 

An example of the he collected VNIR/SWIR spectra of this solar panel is shown 

in Figure 1-4. 
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Figure 1-4 Hyundai polycrystalline silicon solar panel VNIR/SWIR spectrum from the ASD spectrometer. 

 

The polycrystalline solar panel spectrum show several distinct features throughout 

the entire VNIR/SWIR range of the electromagnetic spectrum (EMS).  In the visible 

portion of the spectrum (0.400 to 0.700 micrometers) one can see that there is overall low 

reflectance, but that there is a noticeable increase in reflectance in the 0.400 to 0.500 

micron range; this relative increase in reflectance is readily apparent to the human eye as 

polycrystalline solar panel modules have a purple-blue color.  From approximately 0.950 

to 1.175 micrometers there is a sharp increase in reflectance and there is a spectral 

shoulder located at 1.585 micrometers with two very distinct and strong absorptions 

located at 1.726 and 1.761 micrometers.  There is also a large decrease in reflectance in 

the SWIR portion of the electromagnetic spectrum with the shoulder located at 2.159 

micrometers and the maximum absorption at 2.305 micrometers.  
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The manufacturer’s data sheet on the Hyundai M300HI solar panel states that the 

solar panel modules are encapsulated in Ethylene-Vinyl Acetate and a 3.2 millimeter 

thick glass panel. To collect a representative spectrum of EVA, it is necessary to collect a 

transmission spectrum of EVA film as it is used as an encapsulant.  As such, light will 

travel through the EVA and reflect off the silicon layer and then travel back towards the 

collection device. To collect the transmission spectrum, a sample of EVA is placed on a 

Spectralon panel that is fabricated to be highly reflective (nearly 100%) from .400 to 

2.500 micrometers and the ASD Point of Contact probe is placed on the EVA 

(Labsphere, 2015).    Figure 1-5 shows the collection methodology used to measure the 

EVA transmission spectrum; a sample of the transmission spectra for EVA is shown 

below in Figure 1-6.   

 

 

Figure 1-5 Collection of EVA sample on Spectralon panel with ASD point of contact probe. 
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Figure 1-6 EVA transmission spectra. 

 

When the spectral signatures of the EVA and the polycrystalline silicon solar 

panel are compared to one another in continuum removed space, it becomes readily 

apparent that the two spectra are nearly identical with regards to spectral features in the 

SWIR.  In particular, the large feature with a spectral shoulder located at 1.585 

micrometers with two very distinct and strong absorptions located at 1.726 and 1.761 

micrometers is present in both the EVA and the solar panel spectrum.  There are 

additional strong absorption features located 1.212 and 2.306 micrometers and an 

absorption doublet at 1.390 and 1.415 micrometers in the EVA that are also noticeable in 

the polycrystalline solar panel spectrum as is shown in Figure 1-7. 
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Figure 1-7 Continuum removed spectral signature comparison of EVA and polycrystalline silicon solar panel 

 

The Renogy monocrystalline solar panel reference spectral signature was also 

measured using an ASD FieldSpecPro3 and is shown in Figure 1-8.  The Renogy 

monocrystalline silicon solar panel is mounted at a residential location in Charlottesville, 

VA, and, as is the case with the Hyundai polycrystalline array, is actively generating 

electricity.  The manufactuers’s data sheet indicates that the Renogy RNG-100d 

monocrystalline solar panel generates 100 watts at Standard Test Conditions. 
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Figure 1-8 Renogy RNG-100D monocrystalline silicon solar panel 

 

Visually the monocrystalline solar panel appears black and the individual solar 

modules are uniform in appearance.  The spectral signatures of the Renogy 

Monocrystalline Solar Panels also indicate this overall lack of reflectance in the visible 

portion of the EMS and, unlike their polycrystalline relatives, there is very little increase 

in reflectance in the blue.  No detailed manufacturer’s datasheet is available for this solar 

panel, but it is highly probable that the Renogy Monocrystalline Silicon solar panel is 

coated with EVA as the large feature with a spectral shoulder located at 1.585 

micrometers with two very distinct and strong absorptions located at 1.726 and 1.761 

micrometers are present in both the EVA and the solar panel spectrum.  Figure 1-9 shows 

the ASD spectra of the Renogy Monocrystalline Silicon Solar Panel. 
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Figure 1-9 Renogy monocrystalline silicon solar panel VNIR/SWIR spectra measured with the ASD 

spectrometer. 

 

The photovoltaic silicon solar wafer was measured separately in a lab 

environment using an ASD FieldSpec4 spectrometer to determine the contributions of the 

silicon solar wafer much in the same way the EVA spectral signature was analyzed.  

Figure 1-10 shows the ASD measurement and the resultant spectral signatures.  The low 

spectral response in the visible and near infrared portions of the EMS as well as the sharp 

rise in the near infrared at approximately 1.0 micrometers are evident; these same spectral 

characteristics are present in the overall spectral signature of the both the polycrystalline 

and monocrystalline silicon solar panels in both Figures 1-4 and 1-9.   In the 1.0 to 2.5 

micrometer range the signature of the silicon wafer is generally flat and largely 

featureless. 



13 

 

 
Figure 1-10 Polycrystalline silicon solar wafer VNIR/SWIR spectra from an ASD 

 

In continuum removed space shown in Figure 1-11, the spectral signature of the 

silicon solar wafer and the Hyundai polycrystalline spectral signature show distinct 

overlap in the visible and near-infrared portions of the EMS while the flat featureless 

SWIR portion of the wafer spectrum does not influence the SWIR region in any 

significant manner.  
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Figure 1-11 Polycrystalline silicon solar wafer VNIR/SWIR spectra from an ASD 

 

An overall comparison of the silicon wafer, the EVA encapsulant, and the 

polycrystalline silicon solar panel in Figure 1-12 shows the spectral features of the silicon 

wafer dominate the solar panel spectral signature in the visible and near-infrared while 

those of the EVA dominate the SWIR.  The strong absorptions present from 1.6 to 1.8 

micrometers that are associated with the EVA material are attributable to carbon-

hydrogen stretching, while the strong overall absorption from 2.0 to 2.5 micrometers are 

carbon-hydrogen combination bands (Workman and Weyer, 2012).   
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Figure 1-12 Continuum removed spectral signature comparison of silicon wafer, the EVA encapsulant and 

polycrystalline silicon solar panel 

 

These silicon wafer and the EVA materials account for the vast majority of the 

spectral features observed in the solar panel spectral signatures.  The unique combination 

of the low reflectance in the visible and near-infrared, the sharp rise in the near-infrared 

and the polymer-related spectral features in the shortwave infrared create a material that 

presents a unique spectral signature that likely is detectable by remote sensing platforms 

to include both hyperspectral and multispectral sensors. Analysis of potential spectral 

confusers and the development of means to compensate and/or mitigate them will be 

addressed in later chapters. Nonetheless, both the monocrystalline and polycrystalline 

silicon solar panels have unique spectral signatures and show the potential for detection 

using spectral remote sensing platforms. 
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CHAPTER TWO – LITERATURE REVIEW, AVAILABLE DATASETS AND 

RESEARCH OBJECTIVES 

2.1 Literature Review 

Literature related to the proposed topic of detecting and estimating solar power 

production using remotely sensed datasets have several distinct themes that are all inter-

related. One of the main themes is measuring solar energy potential using remote sensing 

at a global and regional scale, which is a mature scientific process and has been well 

documented in the literature of the past 10-15 years.  The methods involve using a 

combination of rigorous physical modeling of the radiative transfer equation based upon 

satellite observations and atmospheric physical principles, as well as comparisons and 

approximations based upon both satellite and ground observations. Combinations of the 

two have been shown to be effective at estimating solar irradiance at the Earth’s surface 

and can serve as baseline for estimations of the solar power production potential at the 

regional and global scale (1x1km resolution). Using these methods it is then possible to 

model and predict future solar irradiance and which can then be used to predict solar 

power potential for a given location (Perez, et al., 2002; Perez, et al., 2010). 

 SolarAnywhere (https://www.solaranywhere.com/products/solaranywhere-data/) is 

a tool sponsored by the National Renewable Energy Laboratory to aid design and 

placement of solar power generation sites as it can identify areas within the United States 

with high solar irradiance and low persistent cloud coverage (Perez, et al., 2010).  
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Additional research has been conducted on the national level to compare meteorological 

data for extended periods (on the scale of years) to satellite observations. Using South 

Korea as a study area, research shows that using regression models to compare ground 

and satellite observations, it is possible to accurately estimate annual solar radiation for a 

given period of time (Si-young, et al., 2012).  In India, the process was taken a step 

further, and instead of just estimating solar power potential at a national level, the 

research attempted to identify physical locations where either concentrating solar power 

stations or individual photovoltaic solar power stations would be ideally placed. This 

location research considered solar irradiance values, terrain information such as elevation 

and slope, and human geography factors such as land use and population density.  The 

output is a map showing locations with high solar power potential that can be used to 

help guide the placement of solar power sites (Mahatta, et al., 2014).   

Research in Argentina took the process even further and refined the analysis down 

to the provincial level.  Using both modeled and observed solar irradiance data from 

METEOSAT and high resolution terrain models (30 meter DEM), researchers included 

the addition of temporal information to identify areas of high solar power potential.  The 

output result is a 90 meter gridded dataset showing the solar power potential at a monthly 

interval, as well as time intervals of 8:30 AM local time and 1:00 PM local time over the 

course of a day within the monthly data (Camargo and Dorner, 2016).  

The second theme in the literature is the use of remotely sensed data to assess solar 

energy potential at the micro level (rooftop scale) which has been conducted over the past 

10-15 years, and in many cases relies upon the global and regional solar irradiance data 
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and models derived above.  Incorporating the global radiation data with very high 

resolution digital surface models (loosely defined as those that are able to map individual 

rooftops and trees), it is possible to determine the solar potential at the microscale for a 

city, neighborhood, or even an individual rooftop.  Details such as building heights and 

orientation, vegetation masking and seasonal variations are all accounted for in these 

models to derive highly precise and accurate models of solar power potential (Hofieka 

and Kanuk, 2009; Redweik, et al., 2013).  

Research has even progressed to modelling whether or not it makes sense for a given 

location to emplace fixed solar arrays or those that are sun-tracking and can adjust to 

season variation in solar elevation.  Fixed solar arrays are obviously cheaper and are 

generally emplaced facing south with an angle of inclination equal to the latitude in an 

ideal environment.  Sun-tracking arrays, as the name implies, adjust throughout the day to 

maximize solar energy production and in some cases can even adjust inclination for 

different times of the year.  The research models different emplacement methods and 

were applied to a photovoltaic solar power station to determine the optimal method for 

panel emplacement to meet the requirements of the solar power station, and show that 

these sun-tracking systems can be expected to produce significantly more power than a 

fixed panel system, but that the increase in complexity (and therefore cost) must be 

weighed against the desired outcomes and practical considerations such as budgets and 

timelines (Gueymard, 2008).  

Rooftop characterization and material detection using both hyperspectral and 

multispectral imagery is an area that has also been thoroughly researched. Researchers 
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received a United States patent for a method to assess rooftop materials for use in the 

insurance industry that is enabled by hyperspectral imagery (Swanson and Hemlinger, 

2012).  Other publications discuss methods for the detection and classification of 

rooftops, as well as other materials in significant detail.  These three papers, as well as 

many others not cited, convincingly prove that hyperspectral imagery can be used for 

detection and classification of rooftop materials (Kruse, 2008 and Chisense, 2012). 

The research record is much less populated when attempting to use advanced 

multispectral imagery such as the eight-band VNIR WorldView-2 satellite and the 

sixteen-band VNIR/SWIR WorldView-3 satellite. A technique using spectral, spatial and 

textural information derived from WorldView-2 imagery is used to accurately assess 

locations of impervious surfaces.  This research uses both training data and statistical 

models to detect these surfaces in urban locations but is limited by the spectral 

information contained in the VNIR bands of WorldView-2 (Taherzadeh and Shafri, 

2013).  

One approach to using WorldView-3 data used field spectroscopy measurements 

and multispectral imagery to measure the degradation of concrete and metal roofing 

materials, but does not specifically address other rooftop materials, to include solar 

panels (Samsudin et al., 2016) and another postulated that 16-band WorldView-3 

imagery would be effective at directly detecting hydrocarbon spills using convolved 

hyperspectral signatures and hyperspectral target detection techniques (Asadzadeh et al., 

2016). The research, however, used simulated data and does not directly demonstrate that 

active target detection processes can be effectively used with this dataset.  
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Direct detection of solar panels using remotely sensed data is another area of 

active research.  In these studies, high spatial resolution panchromatic imagery and 

machine learning techniques were employed and were able to detect rooftop solar arrays; 

this technique, however, could be potentially vulnerable to false alarms from other 

rooftop objects such as solar water heaters and skylights as it relies on visible light 

imagery and image morphology which does not include spectral information outside of 

the visible portion of the electromagnetic spectrum (Devarajan et al., 2016). In another 

project thermal infrared imaging sensors mounted on unmanned drones were used at the 

micro level to gather information on the health and operational status of individual solar 

panels within an individual solar power generation site (Kauppinen et al., 2015).  While 

practical at the micro level this methodology is not necessarily applicable to detection of 

solar arrays at a larger scale.  

Recent research from Stanford University published in 2018 actively maps out 

locations of solar arrays in the United States using machine learning techniques, a large 

training dataset and requires current high spatial resolution imagery.  One drawback to 

this approach is that it relies upon a large library of images that represent the many 

different methods in which a solar array can be emplaced and requires a significant 

investment of time and resources to compile.  Additionally, the acquisition of very high 

spatial resolution imagery may not be feasible in all parts of the world as it generally 

requires airborne imagery platforms to collect the required datasets (Yu et al., 2018).  

Overall, however, the research presents an excellent method to reliably detect emplaced 

solar arrays.    
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2.2 Spectral Target Detection Algorithms 

Numerous articles have been written on the subject of spectral target detection 

algorithms and their suitability for detecting certain types of targets based upon spectral 

information within a scene.  Many different target detection algorithms are available 

within common commercial spectral analysis tools and there is even more variety 

available in the literature.  Target detection algorithms can in general be placed into one 

of two classes; ones that use geometric measures to detect targets, and those that use 

statistical measures to detect targets.  

The first class of target detectors uses geometric analysis of spectral vectors and 

common algorithms that use this approach are the spectral angle mapper (SAM) and the 

orthogonal subspace projection (OSP) (Schott, 2007). SAM is commonly used due to the 

fact that image statistics are not necessary and comparison of target and pixel vectors can 

be done in a computationally inexpensive manner. The primary drawback of SAM is that 

it does not adequately model pixel mixing effects (Schott, 2007).   

The second class of target detection algorithms are statistical methods of target 

detection, and this can be further subdivided into two additional classes; one which the 

target of interest is not known within a scene, and one in which the target of interest is 

known.  Within this context, a target is considered known when a high quality reference 

spectral signature of the target is interest is available, either as a result of the collection of 

spectral signatures using a handheld spectrometer such as an ASD VNIR/SWIR non-

imaging portable spectrometer or when an in-scene signature can be extracted from a 

hyperspectral image where the target of interest is known to be present.  When the target 
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is unknown - meaning that the analyst does not have a reference spectral signature of the 

target of interest - the most applicable algorithm is the RX anomaly detection (RXD).  

When the target signature is known, algorithms such as the spectral matched filter (SMF), 

the constrained energy minimization (CEM) and the adaptive cosine estimator (ACE) are 

commonly used for target detection (Schott, 2007).  In most cases, statistical target 

detection algorithms will be able to much better adapt to variations within scene 

brightness and also mixed-pixel effects and as a result statistical target detection 

algorithms generally are more effective at accurately detecting unique targets within a 

scene.   

As a result of the large number of target detection algorithms that are available, 

much research has been conducted to determine which, if any, of the target detection 

algorithms are the most effective for general target detection when the target is known. 

Manolakis et al., (2009) devotes much effort to the topic and comes to the conclusion 

both the Spectral Matched Filter and the Adaptive Cosine Estimator, when properly 

applied, produce acceptable results, and state that while there may be future algorithmic 

developments that will produce better results, these gains will be limited due to 

uncertainties within the overall hyperspectral target detection processing chain. 

While there is no established consensus on the optimal hyperspectral target 

detection algorithm, the adaptive coherence/cosine estimator (ACE) algorithm is accepted 

as one of the most effective (Manolakis, 2009). Beyond the name, however, there are 

several different variations on the ACE algorithm and while all are similar, can produce 

different scores and results. Schott (2007) defines ACE in equation 2.1 as  
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[(𝑡 − 𝑚)𝑇 𝑆−1(𝑥 − 𝑚)]2

[(𝑡 − 𝑚)𝑇 𝑆−1(𝑡 − 𝑚)][
1
𝑁

(𝑥 − 𝑚)𝑇 𝑆−1(𝑥 − 𝑚)]
                (eq 2.1) 

where t is the reference spectral signature, x is the pixel spectral signature, m is the scene 

mean vector and S is the scene covariance matrix (Schott, 2007).   

Manolakis defines ACE as shown in equation 2.2 (Manolakis, 2016). 

 

                                                                   
(𝑡𝑇 𝑆−1𝑥)2

(𝑡𝑇 𝑆−1𝑡)(𝑥𝑇 𝑆−1𝑥)
                                          (eq 2.2) 

 

In these two versions of ACE where the numerator is squared, the resultant ACE 

scores range from 0 to 1, with pixels scoring near a 1 being the most similar to the input 

target spectral signature.  The overall distribution of scores within a scene have a beta 

distribution where most of the pixels have ACE scores near 0 meaning that they are not 

spectrally similar to the target signature.  Figure 2-1 shows a typical distribution of ACE 

scores using squared numerator ACE versions.  

 



24 

 

 

Figure 2-1 Typical squared ACE target score distribution 

 

Basener provides yet another variation on ACE shown in equation 2.3 (Basener et al., 

2017). 

                                  
(𝑡 − 𝑚)𝑇 𝑆−1(𝑥 − 𝑚)

√(𝑡 − 𝑚)𝑇 𝑆−1(𝑡 − 𝑚)  √(𝑥 − 𝑚)𝑇 𝑆−1(𝑥 − 𝑚) 
                  (eq. 2.3) 

The most significant difference between this definition of ACE and the previous two is 

that the numerator is not squared, and the end result is a distribution of ACE scores from 

-1 to 1, with the highest scoring pixels close to 1 and the lowest scoring pixels close to -1. 

Basener also discusses the ACE target detection algorithm in terms of geometric 

space and provides an eigenvalue decomposition of the covariance matrix used in the 

many variations of the spectral-space ACE variations.  A thorough explanation of the 

math is provided, and the end result yields a principal components transform for the 

image; applying this transformation is sometimes referred to as “whitening” of the image 
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(Basener et al., 2017; Thieler et al., 2007). In addition to applying the transformation to 

all of the pixels in the image it is also necessary to apply the transformation to the target 

spectral signature as part of the target detection process.  Equation 2.4 shows the 

transform applied to the image pixel spectral signatures 

                                                           𝑌 = 𝑊𝑇(𝑋 − [𝜇])                                                       (eq 2.4) 

where Y is the transformed pixel value, W is the principal components of the image, X is 

the native reflectance values for each band of the image pixel, and [µ] is a vector of the 

mean data values for each band of the image.  The transform for the target spectral 

signature is applied the same manner except that instead of an image pixel being 

transformed, the spectral signature T replaces X in equation 2.4 (Basener et al., 2017). 

The Geometric ACE calculation is shown below where where �̂� is the transformed 

target spectral signature and 𝒙 is the transformed pixel value.  In this calculation, the 

pixel being evaluated and the reference spectral signature are projected as vectors and the 

ACE score is equal to the cosine of the angle between the two vectors (cosθ); in some 

variations of ACE the values are squared, as is the case with the Manolakis and Schott 

ACE variation, and as a result the resulting ACE score equals cos2θ in these instances. 

Equaiton 2.5 shows the geometric ACE as described by Basener et al., (2017). 

                                                          cos 𝜃 =
�̂�𝑇 �̂�

√�̂�𝑇 �̂�  √�̂�𝑇  �̂�
                                                 (eq 2.5) 

where �̂� is the transformed target spectral signature and �̂� is the transformed pixel value 

(Basener, 2017).   

Figure 2-2 shows the typical distribution of ACE scores when using a signed 

numerator or geometric ACE calculation.  This distribution, while not normal, is 
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generally normal in overall distribution of scores and has scores ranging from -1 to 1. The 

near-normal distribution allows for the use of simple statistics such as means and 

standard deviations to enable dynamic target detection thresholds with limited user 

interaction with the dataset during processing. 

 

 

Figure 2-2 Actual geometric ACE target score distribution for a polycrystalline solar panel and WorldView-3 

imagery. 

 

2.3 Research Opportunities 

The literature review reveals several research opportunities.  The first, and most 

significant, is that while there are many published papers that use remote sensing to 

estimate solar power potential, there is a lack of published literature that discusses using 

remotely sensed data to estimate actual solar power production.  The science and research 

on solar energy potential for both photovoltaic and concentrating solar energy power 
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sources is well documented in the literature, and while there are surely improvements in 

the estimation of solar power potential to be made, it will be evolutionary rather than 

revolutionary in nature.  

Current approaches to remote sensing techniques have for the most part failed to 

make the step from assessing potential to actually assessing production capacity.  This 

lack of research presents the opportunity to use remote sensing to accurately and reliably 

estimate solar power production through the detection of photovoltaic solar arrays.  

Detection can likely be accomplished through the use of either hyperspectral or 

multispectral imagery once high quality reference spectral signatures of photovoltaic 

solar arrays are collected.  Quantification of solar power production can be derived based 

upon measurements of the solar arrays and estimations of the solar panel efficiency. 

2.4 Remote Sensing Data Sources 

2.4.1 Hyperspectral Imagery Data 

Hyperspectral imagery is widely available from the National Aeronautics and 

Space Administration’s (NASA) Next Generation Airborne Visible/Infrared Imaging 

Spectrometer (AVIRIS-NG).  This sensor is an airborne imaging spectrometer developed 

by the NASA Jet Propulsion Laboratory that has improved spatial, spectral, and 

radiometric resolution when compared to the original AVIRIS sensor (Hamlin et al., 

2011).  The specifications of the AVIRIS-NG sensor that are relevant to this research are 

shown in Table 2-1 (Hamlin et al., 2011; NASA JPL, 2016). 
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Table 2-1 AVIRIS NG Specifications 

AVIRIS-NG Specifications 

Wavelength Range 380 – 2510 nm 

Spectral Resolution 5 nm +/- 0.5 nm 

Radiometric Resolution Delivered at 14-bit 

Sensor Pitch 27 micron x 27 micron 

FPA 480 (spectral) x 640 (spatial) 

Swath Width 600 pixels 

Spatial Sampling 0.3 m to 4.0 m 

 

The imagery used in this research was collected on April 30, 2015, and covers the 

area in the vicinity of Moffett Field, CA and the surrounding municipalities of Palo Alto 

and Mountain View, CA. Three individual collection passes were analyzed and the 

parameters for these passes are shown are shown in Table 2-2 (2015 AVIRIS-NG Flights, 

2015). 

 

Table 2-2 AVIRIS NG Collection Details 

AVIRIS-NG Collection Details 

Site Name Moffett Field 5 Moffett Field 4 Moffett Field 3 

Collection Date April 30, 2015 April 30, 2015 April 30, 2015 

Run ID # 200426 201352 202209 

Nominal GSD (meters) 4 4 4 

Altitude (MSL feet) 13,750 13,760 13,770 

  

AVIRIS-NG data are delivered by the NASA Jet Propulsion Lab in both 

georeferenced at-sensor radiance measured in microwatts per centimeter squared per 
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nanometer per steradian (μW/sr−1•cm−2•nm−1), known as L1 data, as well as 

georeferenced calibrated surface reflectance data, known as L2 data.  L2 data is 

calibrated using the methods described in Gao et al., (1993).  L2 scaled reflectance data 

are used for this analysis.  

Individual AVIRIS-NG datasets can be many kilometers in length, and in the case 

of the three datacubes used, the average dimensions of a cube were approximately 17.0 

km long x 3 km wide.  As a result, the data cubes were segmented into 10 smaller images 

for data processing and exploitation.  In-scene measurements of the georeferenced pixels 

show that the average ground sample distance (pixel size) for all three scenes is 

approximately 4 meters.  Figure 2-3 shows a subset of the AVIRS-NG that will be used 

in this research. 

 

 

Figure 2-3 AVIRIS-NG imagery of Palo Alto, CA 
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2.4.2 Multispectral Imagery Data 

The most capable multispectral imagery system in terms of spectral resolution is 

Maxar’s WorldView-3 satellite.  This satellite collects in the visible, near-infrared and 

shortwave-infrared portions of the EMS and provides the best opportunity to apply target 

detection techniques developed for hypserspectral imagery datasets in order to spectrally 

detect material of interest on a worldwide scale.  

WorldView-3’s primary sensors include a broadband panchromatic band capable 

of producing 0.31 meter spatial resolution, eight visible and near infrared bands with 1.24 

m spatial resolution, and eight shortwave infrared bands with native resolution of 3.7 

meters (prior to July 2019, Maxar was legally required to release SWIR data at a 

degraded spatial resolution of 7.5 meters; the analysis conducted in this research uses the 

previously available 7.5 meter spatial resolution) (Baugh, 2019). The band center 

wavelengths and VNIR/SWIR spectral response functions are shown Figure 2-4 and 

Table 2-3 indicate where in the VNIR/SWIR portion of the EMS the WorldView-3 

imagery will collect data to derive spectral information (Keuster, 2017). 
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Figure 2-4 WorldView-3 MSI bands in the VNIR/SWIR portion of the EMS (Keuster, 2017) 

 

Table 2-3 WorldView-3 full-width half maximum band centers (VNIR and SWIR Bands) 

WorldView-3 full-width half maximum band center wavelength values (VNIR Bands) in 

micrometers 

Coastal Blue Blue Green Yellow Red Red Edge NIR1 NIR2 

.427 .481 .547 .604 .660 .722 .824 .913 

WorldView-3 full-width half maximum band center wavelength values (SWIR Bands)  in 

micrometers 

SWIR1 SWIR2 SWIR3 SWIR4 SWIR5 SWIR6 SWIR7 SWIR8 

1.209 1.571 1.661 1.729 2.163 2.202 2.259 2.329 

 

While not as capable as a hyperspectral sensor with hundreds of contiguous bands 

within the VNIR/SWIR, WorldView-3’s band selection and placement within both the 

VNIR and SWIR portions of the EMS, as well as the relatively high spatial resolution, 
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enable the potential detection of man-made materials in a similar, but less confident, 

manner as a hyperspectral imaging system.  

For this analysis, a WorldView-3 image consisting of a VNIR image and a SWIR 

image collected on September 2, 2014 in vicinity of Palo Alto, CA is used.  The image is 

100% cloud-free with very few shadows and most, if not all, of the vegetation present 

within the scene is healthy and vibrant.  Table 2-4 provides specific details on the image 

used as well as viewing geometry and GSD while Figure 2-5 provides an overview of the 

WorldView-3 dataset. 

 

Table 2-4 WorldView-3 imagery data description. 

WorldView-3 imagery data description 

Band Image ID GSD 

(m) 

Off-nadir 

angle (degrees) 

Sun elevation 

angle (degrees) 

VNIR  14SEP02155301-M2AS-055317240010_01_P001 1.271 10.4 56.0 

SWIR  14SEP02185301-A2AS-055317240020_01_P001 3.796 10.0 56.0 
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Figure 2-5 WorldView-3 imagery of Palo Alto, CA 

 

2.5 Research Objectives 

Based upon the literature review, the current state of target detection algorithms 

and the available hyperspectral and multispectral imagery datasets, the below research 

topics will be addressed in this dissertation.  

2.5.1 Research Topic #1 

Develop a methodology to routinely identify photovoltaic solar arrays using 

hyperspectral imagery with limited false alarms using AVIRIS-NG data collected near 

Palo Alto, CA in 2015.  In addition to using commonly accepted target detection 

algorithms, develop additional target detection processes to eliminate false alarms.  Once 
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identified in imagery, attempt to remotely estimate the power production capacity of a 

photovoltaic solar array and verify the methodology using known locations within the 

AVIRIS-NG hyperspectral imagery scene.  

2.5.2 Research Topic #2 

Develop a methodology to routinely identify photovoltaic solar arrays using 

WorldView-3 VNIR/SWIR imagery with limited false alarms with data collected in 2014 

in the same study area as used in Research Topic #1.  An initial literature review reveals 

very little to no papers that discuss material detection using standard or non-standard 

target detection techniques commonly used in hyperspectral imagery and their 

applicability to data with a more limited spectral resolution.  It is likely necessary that a 

robust processing methodology is required to accurately and reliably detect solar panels 

using WorldView-3 imagery and this research topic will look to develop a robust 

methodology that incorporates all of the data available from WorldView-3.  Additionally, 

estimation of solar power output developed in Topic #1 will be applied to imagery and 

estimates will again be generated. 

2.5.3 Research Topic #3 

Compare results of Research Topics #1 and #2 in order to determine the ability of 

WorldView-3 imagery to substitute for hyperspectral imagery in the detection and 

verification of photovoltaic solar arrays.  The results of the hyperspectral imagery will be 

used as the “truth” dataset while those from the lower spectral resolution will be used as 

the test dataset when generating statistical metrics to assess the performance of the 

VNIR/SWIR MSI imagery for the detection of solar arrays using WorldView-3 imagery. 
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CHAPTER THREE - DETECTING PHOTOVOLTAIC SOLAR PANELS AND 

ESTIMATING SOLAR POWER PRODUCTION WITH HYPERSPECTRAL 

IMAGERY 

Hyperspectral imagery (HSI) is a type of imagery where electromagnetic energy 

is collected in narrow contiguous wavelengths and stacked together in a three 

dimensional data cube.  The first two dimensions of the data, the spatial coverage of the 

dataset, are often referred to as the x and y dimensions of the data.  The third dimension 

of the data, the spectral dimension, is referred to as the z direction of the dataset. This 

spectral dimension of the data is what is unique about HSI datasets and enables the 

extraction of spectral signatures from the dataset to detect materials of interest based 

upon their distinct chemical and physical characteristics.  

In Chapter 1, handheld spectrometer data of both monocrystalline silicon and 

polycrystalline silicon photovoltaic solar panels were shown to have spectral signatures 

that have potentially unique spectral features and have the potential for detection using 

AVIRIS-NG hyperspectral data (discussed in detail in Chapter 2).  It is necessary, 

however to validate the reference spectra and compare these spectral signatures to the in-

scene spectra of known photovoltaic solar panel arrays.  To accomplish this, three known 

solar panel locations in the Palo Alto and Mountain View, CA area are used as ground 

truth. 
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3.1 Methodology 

3.1.1 Validation of Handheld Spectrometer Data Using Known Locations 

The first is from a small solar array located atop the Baylands Interpretive Center 

on the southern edge of the San Francisco Bay.  Figure 3-1 shows the Baylands 

Interpretive Center, and at that location there is a present that provides detailed 

specifications on the rooftop solar array.  The Sharp solar panels used in this array are of 

the polycrystalline type and encapsulated in EVA (Sharp Solar Electricity, 2008).  

 

 

Figure 3-1 Baylands Interpretive Center and solar array information display 

 

 The AVIRIS-NG imagery of the Baylands Interpretive Center and the associated 

in-scene spectrum show a distinct solar panel spectrum, albeit one with slightly more 

slope in the 0.400 – 0.900 micron range than a library spectrum.  The sharp rise in 
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reflectance values in the NIR and the EVA features in the 1.600 micron range are both 

present in Figure 3-2. 

 

 

Figure 3-2 AVIRIS-NG image and in-scene spectrum of a photovoltaic solar array at the Baylands Interpretive 

Center in Palo Alto, CA 
 

The second known location of a ground-mounted solar array is at GARField Park 

in Mountain View, CA.  The solar panels were confirmed as being present on June 16, 

2016 during a site visit, but no details on the type or capacity of the solar panels were 

obtained (Figure 3-3). 
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Figure 3-3 Reference photograph of the photovoltaic solar array at the GARField Park in Mountain View, CA. 

 

 The in-scene spectrum of the solar array at GARField Park shows quite a bit of 

variation and slope in the 0.400 – 0.900 micron range when compared to reference target 

spectral signatures.  This is likely due to mixed pixel effects as a result of the relatively 

large ground sample distance (GSD) of approximately 4 meters.  The remaining features, 

to include the sharp rise in reflectance values in the NIR and the EVA features in the 

1.600 micron range, are both present, but the NIR increase is much less steep due to the 

probable mixed pixel effects. The in-scene spectrum at GARField Park from AVIRIS-NG 

data is shown in Figure 3-4. 
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Figure 3-4 AVIRIS-NG image and in-scene spectrum of a photovoltaic solar array at the GARField Park in 

Mountain View, CA. 
 

The third location with known solar panel arrays is the roof-top solar array of the 

GooglePlex located in Mountain View, CA.  The in-scene spectrum extracted from the 

image data shows a distinct solar panel spectrum that is very close to a library spectrum, 

particularly in the 0.400 – 0.900 micron range where there is very low reflectance.  The 

EVA feature from the solar panel coating and the sharp rise in the reflectance values near 

1.000 micrometers are also easily distinguishable.   Figure 3-5 shows an airborne 

photograph of the GooglePlex indicating the area of the rooftop from which the in-scene 

spectrum was extracted and Figure 3-6 shows the in-scene spectrum from AVIRIS-NG 

data and was downloaded from the following URL: 

https://en.wikipedia.org/wiki/Googleplex#/media/File:Google_Campus,_Mountain_View

,_CA.jpg. 

https://en.wikipedia.org/wiki/Googleplex#/media/File:Google_Campus,_Mountain_View,_CA.jpg
https://en.wikipedia.org/wiki/Googleplex#/media/File:Google_Campus,_Mountain_View,_CA.jpg
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Figure 3-5 Airborne image of the GooglePlex with area of interest highlighted in yellow. 

 

 

Figure 3-6 AVIRIS-NG image and in-scene spectrum of rooftop photovoltaic solar array at the 

Googleplex in Mountain View, CA 

 

A comparison of the in-scene spectral signature and the reference target spectral 

signatures is shown in Figure 3-7.  It is highly probable that all of the in-scene solar 

arrays use solar panels encapsulated in EVA, as is evidenced by the large feature with a 
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spectral shoulder located at 1.585 micrometers with two very distinct and strong 

absorptions located at 1.726 and 1.761 micrometers.  This fact, along with the very low 

reflectance in the 0.400 – 0.900 micron range and positive slope between 0.950 to 1.175 

micrometers which are present in both the reference spectrum and the in-scene spectrum, 

strongly indicate that the reference spectra are valid across a wide variety of photovoltaic 

solar arrays in many different conditions and environments.  

A comparison of the reference spectra and the AVIRIS-NG in-scene spectra 

indicate that all of the spectral signatures closely match one another.  In continuum 

removed space it is readily apparent that both the reference signature and the in-scene 

signatures share the same spectral features, and it is therefore valid to conclude that the 

reference spectra are acceptable for use in target detection algorithms that require 

signatures for target detection.  In Figure 3-7, in-scene spectra are shown as dashed lines 

while the reference signatures are shown as solid lines in continuum removed space.  
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Figure 3-7 Comparison of reference and in-scene spectra of solar panels in continuum removed space. 

 

Figure 3-8 illustrates several differences between the reference spectra and the in-

scene spectra.  The first is that the overall absolute percent reflectance in the in-scene 

spectra are significantly higher; in the examples cited the in-scene spectrum have an 

albedo twice that of the reference spectra.  Additionally, the positive slope between 0.950 

to 1.175 micrometers for the in-scene spectra are much less pronounced, and in some of 

the spectra there is more of a gradual rise from 0.400 micrometers all the way to the 

inflection point at 1.000 micrometers.   
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Figure 3-8 Comparison of reference target spectra and in-scene known locations in reflectance 

 

3.1.2 Addressing Potential Confuser Materials 

The EVA component of both the polycrystalline and monocrystalline silicon solar 

panel spectrum results in the potential for both automated and manual detection processes 

to detect solar panel arrays as well as other materials with a polyethylene component.  It 

is therefore necessary to consider polyethylene materials as potential confusers for any 

solar panel detection processing routine.  An analysis of the spectral signatures of several 

different common objects made from different types of polyethylene indicate that while 

there are spectral similarities between polyethylene tarps, high-density polyethylene 

(HDPE) plastics and photovoltaic solar panels there are differences that make it possible 

to separate the materials. As shown in Figure 3-9, when observed in continuum removed 
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space, the similarities in the SWIR are readily apparent and indicated by the overlapping 

spectral feature from 1.100 to 2.500 micrometers.   

 

 

Figure 3-9 Continuum removed comparison of photovoltaic solar panels and common polyethylene materials 

 

When the spectra are evaluated in terms of percent reflectance there are, however, 

key differences in terms of both the wavelengths of spectral features in the visible portion 

of the EMS, the amount of variation within the visible and near-infrared portion of the 

EMS, and positive slope change that occurs from 0.950 to 1.100 micrometers.  These 

differences are clearly shown in Figure 3-10.  
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Figure 3-10 Percent reflectance comparison of photovoltaic solar panels and common polyethylene materials 

 

3.1.3 Establishing Detectability of the Solar Panel Spectrum  

Prior to conducting target detection using known target signatures for both 

monocrystalline silicon solar panels and polycrystalline silicon solar panels it is 

necessary to determine whether or not these signatures are detectable in hyperspectral 

imagery.  The signal-to-clutter ratio (SCR) is a statistical metric that be used to estimate 

the target spectral detectability within a hyperspectral dataset and is defined by the 

following equation which is modified from Schott, 2007 shown in equation 3.1 (Schott, 

2007): 

                                                    𝑆𝐶𝑅(𝑡) =  [(𝑡 − 𝑚)𝑇Σ−1(𝑡 − 𝑚)]
1
2                            (eq 3.1)   

where 𝑡 is the target spectrum, 𝑚 is the scene-mean vector and Σ is the covariance matrix.  

The covariance matrix is calculated using all of the valid bands of data after anomalous 

pixels, such as sensor artifacts, have been removed and serves as a statistical 

representation of the background within a hyperspectral imagery scene. Eismann (2012) 
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and Schott (2007) provide an excellent discussion on the calculation of the covariance 

matrix and its applications in target detection for hyperspectral imagery (Eismann, 2012 

and Schott, 2007).  AVIRIS-NG data collected in April, 2015 over Palo Alto and 

Mountain View, CA is used to derive the scene mean spectrum and covariance matrix for 

the SCR.  

 Initially, the SCR is calculated using in-scene spectra derived from three known 

locations of solar arrays within the scene data.  The SCR is calculated for both the full 

scene image data and the segmented sub-images containing the target areas of interest.  

SCR values are shown below in Table 3-1. 

 

Table 3-1 Signal to clutter ratio using in-scene spectra 

In-scene spectra signal-to-clutter ratio 

 Baylands Center GARField Park GooglePlex 

Full Scene 41.570598 26.830698 38.292224 

Segmented Image 47.485101 22.706724 27.126527 

 

The SCR values for the in-scene spectra indicate that the Baylands Interpretive Center, 

the GARField Park, and the GooglePlex rooftop in-scene spectra of solar panels are 

detectable using common statistical target detection methods.  The SCR tends to over-

estimate the detectability of a target spectrum in a given background, but is still a useful 

tool (Schott, 2007).  It is likely that the SCR is lower for the in-scene spectrum at 

GARField Park when compared to the Baylands Interpretive Center and the GooglePlex 

due to the mixing of the spectrum with background. The SCR for target reference spectra 
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for both monocrystalline silicon and polycrystalline silicon solar panels is shown in Table 

3-2. 

 

Table 3-2 Signal to clutter ratio using reference spectra 

Reference target spectrum signal-to-clutter ratio 

 Renogy 

Monocrystalline 

Hyundai 

Polycrystalline 

Full Scene 56.404743 45.907062 

Segmented Image 47.870869 48.008834 

 

Since scene segmentation can vary based upon how the imagery is subset or segmented, 

it is likely that the actual Signal-to-Clutter values for both the in-scene spectrum and the 

reference target spectrum will change with the overall scene content and the resultant 

mean spectrum and covariance matrix will also be different. The end result is that the 

signal-to-clutter ratio for given target spectral signature will vary from scene to scene.  

Using a complex urban scene with many different backgrounds, such as in the AVIRIS-

NG image of Palo Alto, CA, likely provides a worst-case scenario with regards to clutter 

and the SCR scores; as one moves into a more homogenous scene, the distinct spectral 

signature of a photovoltaic solar panel will become more readily detectable.  One can 

therefore conclude that the spectral signatures of both the in-scene and ASD-collected 

reference target spectrum are detectable in hyperspectral imagery datasets across many 

different backgrounds and environments.  

3.1.4 Detecting Solar Panels and Estimating Power Generation 

3.1.4.1 Overall Methodology. The methodology for accurately detecting 

photovoltaic solar panels with limited false alarms and also estimating power generation 
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capabilities is a four step process. The first step involves statistical target detection with 

dynamic thresholding to generate candidate pixels while the second step of spectral 

verification evaluates candidate pixels in order to assess key spectral features of 

photovoltaic solar panels to eliminate confuser materials.  The third step, literal 

verification, uses high spatial resolution imagery to validate the spectral detections and 

the fourth step assesses the power generation capacity of a solar array based on both 

known variables and measurements from the imagery used in literal verification.  The 

steps are outlined in Figure 3-11 and are discussed in detail below. 

 

 

Figure 3-11 Overall processing methodology workflow 

 

3.1.4.2 Statistical Target Detection. For this analysis, the Adaptive Cosine 

Estimator (ACE) target detection algorithm built into ENVI 5.2 is used for target 

detection in order to spectrally detect photovoltaic solar panels.  There are many different 
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iterations on the ACE target detection algorithm, and the version used in ENVI 5.2 is 

shown in equation 3.2 and is shown below: 

                    𝐷𝐴𝐶𝐸(𝑥) =  
[(𝑠 − 𝜇𝑏)𝑇Σ𝑏

−1(𝑥 − 𝜇𝑏)][(𝑠 − 𝜇𝑏)𝑇Σ𝑏
−1(𝑥 − 𝜇𝑏)]

2

[(𝑠 − 𝜇𝑏)𝑇Σ𝑏
−1(𝑥 − 𝜇𝑏)][(𝑥 − 𝜇𝑏)𝑇Σ𝑏

−1(𝑥 − 𝜇𝑏)]
      (eq. 3.2) 

where 𝑠 is the known target spectrum,  𝑥 is the image pixel, 𝜇𝑏 is the scene mean vector 

and Σ𝑏 is the covariance matrix (Halper, 2010).  

As a constant false alarm rate (CFAR) detector based on a generalized likelihood 

ratio test, it is necessary to set a detection threshold in the ACE algorithm to define pixels 

that are classified as positive detections.  Due to the relatively large pixel size, ACE score 

thresholding is done in a non-traditional, dynamic manner for this particular application 

using AVIRIS-NG data with 4m ground sample distance.  Instead of establishing a 

somewhat arbitrary ACE threshold for a scene, the detection and triage of pixels of 

interest is set dynamically based upon the particular ACE scores for that scene.  As 

customary, ACE scores are calculated for every pixel in the scene and additional statistics 

including the mean and standard deviation are calculated on the ACE Rule Image.  These 

values are then used to determine the dynamic ACE threshold during initial data triage.  

Analysis of the distribution of ACE scores for an image shows that the scores skew 

heavily to the lower scoring pixels on the left end of the distribution, as most pixels do 

not spectrally resemble the target of interest, while many less pixels are at the right tail of 

the distribution.  The scores on the right tail of the distribution are the pixels of interest, 

as these are the highest scoring pixels within the scene and the pixels that the dynamic 

thresholding attempts to identify regardless of the actual ACE score.  Figure 3-12 shows 
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a typical ACE statistical distribution where the vast majority of pixels score near 0 while 

a very small portion score higher. 

 

 

Figure 3-12 Overall processing methodology workflow 

 

The top scoring pixels based on a standard deviation metric, regardless of the 

actual score, are passed through the initial ACE data triage as candidate pixels to the 

spectral verification step for additional analysis.  For this application, pixels with ACE 

scores falling outside 6 standard deviations from the mean are selected for additional 

analysis using the spectral verification techniques described below.  This dynamic ACE 

thresholding is beneficial, particularly when dealing with relatively large GSD pixels, due 

to the fact that instead of arbitrarily assigning a threshold, the data provides the 

thresholding values and allows for the passing of more candidate pixels to the spectral 

verification process.  The higher GSD of the pixels means that it is likely that there will 
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be some pixel mixing occurring that will prevent many, if not most, of the actual targets 

within a scene from having a high scoring ACE value that indicates a high confidence 

spectral match to the input reference target spectrum. 

3.1.4.3 Spectral Verification. In order to effectively separate false alarms from 

true detections that the ACE target detection algorithm identifies as possible targets it is 

necessary to perform a spectral verification process on pixels that pass through the ACE 

detection algorithm at the set threshold. The pixels that pass the initial ACE threshold are 

referred to as candidate pixels. The spectral verification step attempts to limit false alarms 

by comparing the spectrum of the candidate pixel with a reference target spectral 

signature.  Multiple rules are applied to candidate pixels in order to further differentiate 

between false alarms and true detections, and a pixel must pass all of the verification 

steps in order to be classified as a target pixel.  The thresholds are defined by the user as 

part of the spectral verification process and, as a result, the threshold may be adjusted 

based upon the user knowledge of a dataset or training information. Figure 3-13 depicts 

the spectral verification process and the four distinct steps a candidate pixel must pass in 

order to be declared a target. 
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Figure 3-13 Spectral verification steps 

 

The first of the spectral verification rules analyzes the absolute reflectance values 

of the candidate pixel in the visible and near-infrared range.  In reference spectral 

signatures for both types of solar panels the reflectance value generally does not reach a 

level greater than 0.10 over this range, while the in-scene spectrum of solar panels have a 

reflectance value that ranges from 0.10 to 0.20.  As a result, candidate pixels must have a 

mean reflectance value of less than 0.25 in order to pass this verification rule.  This rule 

is intended to eliminate highly reflective materials over the 0.425 – 0.900 micron range 

such as uniformly bright objects within a scene such as glint and brightly colored HDPE 

objects while accounting for variation in scene illumination and manufacture of solar 

panels, as well mixed pixels with both photovoltaic solar panels and background material 

present.    

The second rule that a candidate pixel must pass is intended to filter out pixels 

that have low overall reflectance values in the 0.425 – 0.900 micron range but have a 
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wide standard deviation.  Spectral signatures that meet these criteria are often green or 

blue colored objects.  The standard deviation is then normalized by the mean spectral 

value from the first rule in order to have a consistent value range in order to develop a 

programmatically applicable threshold criterion.  Objects where the standard deviation is 

less than 25% of the mean over the 0.425 – 0.900 micron range are passed through this 

second rule.   

The third rule that a candidate pixel must pass is an overall SWIR albedo test.  It 

is widely known that water is a very strong absorber of shortwave energy, but based on 

the previous two rules, it is possible for puddles of water to be nominated as they tend to 

be dark and have low variation in the visible and near infrared.  To pass this rule, the 

mean value of the 1.2 – 2.5 micron range must be greater than 0.075.  At this value it is 

likely that all water pixels will be filtered out due to their low reflectance in this portion 

of the EMS.   

The final rule threshold that a pixel must pass is a normalized index routine that 

checks for positive slope between 0.992 micrometers and 1.153 micrometers.  The 

Normalized Solar Panel Index (NSPI) evaluates pixels to look for the steep increase in 

reflectance that occurs in all observed solar panel signatures.  The NSPI is shown in 

equation 3.3: 

                                               (𝜌1.153  −  𝜌0.992) / (𝜌1.153  +  𝜌0.992)                           (eq 3.3) 

 

where 𝜌1.153 is the AVIRIS-NG reflectance value at Band 155 and 𝜌0.992 is the AVIRIS-

NG reflectance value at Band 123. 
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In the case of in-scene spectra, the slope can be less dramatic than is observed in 

reference spectra and, as a result, it is necessary to define a threshold value that will 

account for the in-scene variability of solar panel spectra.  Table 3-3 shows the NSPI 

values for the two reference signatures and the three in-scene target signatures previously 

discussed. 

 

Table 3-3 NSPI values of reference and AVIRIS-NG in-scene solar panel signatures 

NSPI values for reference and AVIRIS-NG in-scene solar panel spectra 

 Hyundai 

Poly 

Renogy 

Mono 

Baylands 

Center 

GARField 

Park 

GooglePlex 

Band 155 .09912 .11707 .20491 .24411 .28179 

Band 123 .04263 .03959 .12927 .17600 .16580 

NSPI .39851 .49457 .22634 .16212 .25914 

 

The results indicate that it is necessary to set the NSPI threshold value low in 

order to not filter out known solar panel locations.  The NSPI threshold for this analysis 

is set to 0.075, or slightly less than half of the lowest NSPI value from the reference and 

in-scene spectral values.  Slight variations in this value are unlikely to have a significant 

impact on the results from this step of the spectral verification process; however, if one 

sets the threshold too high, it is likely that pixels that contain solar panels will be filtered 

out.  Many pixels with mixed target and background content, such as the solar panel 

spectra observed at GARField Park, will have values much less than what one would 

expect based upon reference spectral signatures, and it is therefore necessary to keep the 
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NSPI value low to ensure that mixed candidate pixels are not removed by the spectral 

verification process.  

3.1.4.4 Literal Confirmation. A candidate pixel that makes it through the spectral 

verification steps is then nominated as a target pixel for literal confirmation by a user 

with high resolution imagery from any number of sources. Ideally, the imagery used will 

be in the same datum and coordinate system as the AVIRIS-NG dataset (NAD83 UTM) 

and be temporally coincident with the HSI dataset.  In many cases the most current and 

accessible imagery available for literal confirmation are Google Earth and ArcGIS 

Online, and pixels assessed as possible targets are exported as a shapefile (.shp) in order 

to be ingested into either of the two widely accessible tools with freely available high 

spatial resolution visible imagery.  

3.1.4.5 Estimating Solar Power Generation. It is widely assumed that for a given 

location the amount of incoming solar radiation for a full sun hour is 1000 watts per 

meter squared (w/m2) (Silicon Valley Power, 2016). The value of 1000 w/m2 is also used 

as input incoming solar radiation for the standard test conditions (STC) used to evaluate 

solar panels in a common manner (Myers, 2009) 

Since one knows the efficiency of a solar panel and how much incident energy is 

upon the solar panel under STC, the only variable missing that is needed to determine the 

amount of power a solar array is capable of producing is the area of the array itself.   

Airborne hyperspectral data provide the location of solar panels while high spatial 

resolution imagery provides the ability to confirm the presence of a solar array and to 

also accurately measure the size of the array. Current generation airborne hyperspectral 
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imagery has a GSD of roughly 4m, and at this spatial resolution it is unlikely that one can 

derive accurate measurements of solar arrays with hyperspectral imagery alone. With 

accurate measurements from high spatial resolution imagery, equation 3.4 can calculate 

the estimated solar power generation capacity of a given solar array:  

                                                         𝑃𝑠  =  (𝑎𝑠 ∗  𝑒𝑠) ∗  (𝐼𝑠 ∗  𝑠)                                       (eq. 3.4) 

where 𝑃𝑠 is the solar power generation potential in watts, 𝑎𝑠 is the area of solar panels in 

square meters, 𝑒𝑠 is the solar panel efficiency, 𝐼𝑠 is the incident energy on the solar panel 

in w/m2, and 𝑠 is a dimensionless solar insolation scaling factor.  

In this equation one can determine estimated solar power production capacity of a 

solar array by multiplying the area of the solar panel array in question (derived from 

imagery) in squared meters by the estimated efficiency of the solar panels; for this 

equation, the solar panels will be assumed to be 15% efficient polycrystalline silicon 

solar panels unless there is information on the efficiency of a solar panel being observed 

within an image.  When there is not reference information, the value of 15% is chosen as 

the constant as this efficiency falls in the high range of efficiencies for polycrystalline 

solar panels and the lower end for monocrystalline solar panels (Fu, 2016).  This term is 

then multiplied by the amount of incident energy upon the solar panels (1000 watts/m2 

per the STC values) times a user defined scaling factor.  This scaling factor can be used 

to modify the incident energy value to account for potential variations in weather 

conditions or other concerns that the user may have with using the STC value of 1000 

watts/m2 as the input solar radiation. For example, the Photovoltaics for Utility Scale 

Applications (PVUSA) Test Conditions (PTC) assume a different set of input conditions 
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and can potentially result in a more realistic power generation values (Myers, 2015).  The 

dimensionless scalar can be adjusted to account for the potential differences in expected 

power output based upon published PTC values for solar arrays, and the scalar value 

could range from .80 to .95 (GoSolarCalifornia, 2017).  

3.2 Results 

Using a 3 x 1.6 km subset of the Moffett Field 3 imagery dataset described earlier, 

the ACE target detection algorithm was applied using both the Hyundai polycrystalline 

silicon solar panel spectrum and the Renogy monocrystalline silicon solar panel 

spectrum.  Table 3-4 shows the target detection scores and results using the ACE/Spectral 

Verification processing technique using a dynamic ACE threshold of six standard 

deviations from the mean ACE score value for the reference solar panel spectral 

signatures. 

 

Table 3-4 Target detection and spectral verification results 

Target detection results 

 Hyundai 

Polycrystalline 

Renogy 

Monocrystalline 

Max ACE Score .58717 .70478 

Std. Dev ACE Threshold .06869 .07458 

Candidate Pixels 1491 1408 

Possible S.P. Pixels 32 32 

 

Figure 3-14 shows the region of the Palo Alto, CA imaged using AVIRIS-NG; 

one can readily identify the mixed land use/land cover indicative of a urban area, while 

Figure 3-15 shows the ACE detection rule image for the Renogy monocrystalline silicon 
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solar panel reference spectrum with all of the candidate pixels visible (those with an ACE 

score higher than .074 which are pixels that are greater than six standard deviations from 

the mean ACE score).  Figure 3-16 shows the pixels identified as probable solar panels 

after performing spectral verification.  For ease of identification of pixels of interest, the 

regions assessed as probable solar panels by the detection routine are circled in red on all 

three graphics.  

 

 

Figure 3-14 AVIRIS-NG imagery of Palo Alto, CA with areas of interest annotated 
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Figure 3-15 Renogy monocrystalline silicon solar panel ACE rule image displaying candidate pixels 

 

 

Figure 3-16 Pixels assessed as possible solar panels after spectral verification 
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After reprojecting the output of the spectral verification process and overlaying 

the resultant shapefile onto imagery available from Gogole Earth, literal confirmation of 

the three sites shows that the assessed locations of solar panels using hyperspectral 

imagery and the described target detection techniques are successful.  Figure 3-17 shows 

the output shapefile overlaying the Baylands Interpretive Center.  Figure 3-18 shows 

results corresponding to the Environmental Volunteers EcoCenter in Palo Alto.  Figure 3-

19 shows overlays location in the Palo Alto Wastewater Treatment Plant.  Press reporting 

from 2012 confirms the placement of a solar array on the EcoCenter, but confirmation 

other than literal imagery is not available for the wastewater treatment plant solar array 

(KDEQ, 2012).   
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Figure 3-17 Pixels assessed as possible solar panels after spectral verification corresponding to a confirmed solar 

array on the Baylands Interpretive Center 
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Figure 3-18 Pixels assessed as possible solar panels after spectral verification corresponding to a confirmed solar 

array on the Environmental Volunteers EcoCenter 
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Figure 3-19 Pixels assessed as possible solar panels after spectral verification corresponding to a highly probable 

solar array at the Palo Alto Wastewater Treatment Plant 

 

3.3 Analysis and Discussion 

3.3.1 Target Detection Results and False Alarm Assessment 

These results indicate that users are able to detect solar arrays using VNIR/SWIR 

hyperspectral imagery and to separate them from other spectrally similar confuser 

materials.  All of the detected arrays correspond to physical locations where solar arrays 

were confidently identified using high spatial resolution imagery obtained from Google 

Earth. All of the detected pixels in the study area correspond to known arrays and there 

were no false alarms within the study area. 

The process of spectral verification effectively triaged the pixels detected by the 

standard ENVI ACE algorithm and reduced the amount of candidate pixels by almost 

98%, and both visual and a manual spectral analysis of the study area indicates that no 
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large solar arrays were excluded from the final pixel count of 32 detected solar array 

pixels.  It is possible, however, that single pixel or subpixel solar arrays were not detected 

given the approximately 4 meter GSD of the AVIRIS-NG imagery and the inherent 

limitations of the ACE algorithm at sub-pixel fill amounts. 

3.3.2 Estimation of Solar Power Generation at a Known Site 

Hyperspectral imagery and literal imagery allows a confident assessment of the 

locations of solar arrays and open source tools such as Google Earth enable assessment of 

the size of a given solar array using the built-in measurement tools.  Equation 3.4 

provides the ability to assess the solar power production capacity of a detected solar array 

assuming one knows the efficiency of the solar panels and that it is possible to make 

accurate measurements of the observed solar arrays. 

3.3.2.1 Measurement Validation. Prior to making an accurate estimation of solar 

power generation of solar array one must assess the accuracy of the measurement 

method; in this case, measurements made in Google Earth.  This validation was done 

using a standard metric tape measure at locations near the Baylands Interpretive Center, 

and the results are compared to the measurements derived from Google Earth for the 

same locations.   Table 3-5 shows the results of the measurement validation, Figure 3-20 

shows the location of the accuracy assessment and Figures 3-21 thru 3-24 show the 

measurement methodology.  The overall difference in measurements is less than 7.5cm 

and this small error is considered acceptable for estimation purposes. 
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Table 3-5 Target detection and spectral verification results 

Measurement accuracy assessment at Baylands Interpretive Center 

Measurement 

Location 

Google Earth 

measured 

distance (cm) 

Tape 

measured 

distance (cm) 

Measured 

difference 

(cm) 

% 

Variation 

Bike Lane Line #1   591.53 596.7 5.17 0.09 

Bike Lane Line #2 154.27 147.0 7.27 4.71 

 

 

Figure 3-20 Reference location for measurement validation 
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Figure 3-21 Google Earth in-scene measurement of longest line 

 

 
 

Figure 3-22 Ground measurement of location in Figure 3-21 
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Figure 3-23 Google Earth in-scene measurement of widest line 

 

 
Figure 3-24 Ground measurement of location in Figure 3-23 
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3.3.4 Estimated Solar Power Production 

The Baylands Interpretive Center has four solar arrays located on the rooftop, and 

dataplates at the center state that the array produces 17.9 kilowatts of power.   The solar 

panels are Sharp 142 watt and 72 watt solar panels, and the Sharp 142 watt solar panel 

manufacturer’s data sheet states that these solar panels have an efficiency of 12.31% 

(Sharp Solar Electricity, 2008).  Figure 3-25 shows the dataplate with specifics of the 

array. 

 

 

Figure 3-25 Dataplate at the Baylands Interpretive Center 
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Filling in equation 3.4, the efficiency of the solar array (𝑒𝑠) is 12.31% and the 

incoming solar radiation (𝐼𝑠) is 1000 watts/m2 per STC.  As a result of using STC, the 

scaling factor (𝑠) is set to one; this leaves the only variable as the area measurements of 

the solar arrays themselves as unknowns.  Measurements and the estimated power 

production for each array based upon equation 3.4 are shown in Table 3-6. Figure 3-26 

shows a representative measurement for the upper left solar panel array from Google 

Earth. 

 

Table 5 Estimated solar power production at Baylands Interpretive Center 

Estimated Solar Power Production at Baylands Interpretive Center  

Solar Array Location Estimated Area 

(square meters) 

Estimated Power 

Production (kW) 

Upper Left 33.3 4.099 

Lower Left 37.7 4.640 

Upper Right 32.4 3.988 

Lower Right 34.0 4.185 

Estimated Total Power 

(kW) 

 16.912 
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Figure 3-26 Baylands Interpretive Center solar array measurement 

 

The calculated solar power generation of the Baylands Interpretive Center is 

approximately 94% of the rated power output, and this does not include the 5% 

measurement error determined through ground measurements near the solar array.  

Additionally, due to the fact that the solar panels are clearly inclined and the imagery is 

collected at nadir (or near nadir), there is a compression effect that occurs in the 

measurements perpendicular to the inclination pivot point.  This compression can be 

calculated as the cosine of the inclination angle, and in this example will cause the width 

calculations to be slightly compressed.  The actual amount of compression will vary with 

the local inclination angle, but based upon imagery of the solar array in question it is 

estimated that the array is inclined at no more than 5 to 15 degrees as is shown in Figure 

18.  
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3.4 Chapter Summary 

Photovoltaic solar panels are shown to have a unique spectral signature that is 

consistent across multiple manufacturers and construction methods, and as a result are 

readily detectable in hyperspectral imagery.  Solar panels are proven to be detectable 

using common statistical target detection methods such as the Adaptive Cosine Estimator 

and false alarms can be mitigated through the use of a spectral verification process that 

eliminates candidate pixels that do not have the key spectral features of a photovoltaic 

solar panel reflectance spectrum.  A difference index, the Normalized Solar Panel Index, 

is described and is a key component in the process to mitigate false alarms.  Once 

detected, these solar panel arrays are confirmable on openly available literal imagery and 

can be measured using numerous open-source materials.  The measurements allow for the 

assessment of the overall solar power generation capacity using an equation introduced 

that accounts for solar insolation, the area of solar panels, and the efficiency of the solar 

panels conversion of solar energy to power. Using a known location with readily 

available information on the solar array power output, the methods outlined in this paper 

estimate the power generation capabilities within 6% of the rated power.  These small 

differences can be accounted for in measurement errors, as well as other factors such as 

the inclination of solar array from the image tangent plane.  

Authors Note:  

The information in this section was published in the Journal of Applied Remote 

Sensing under the title “Detecting Photovoltaic Solar Panels Using Hyperspectral 

Imagery and Estimating Solar Power Production” in April 2017. 
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and estimating solar power production,” J. Appl. Remote Sens. 11(2), 026007 (2017), 

doi: 10.1117/1.JRS.11.026007. 
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CHAPTER FOUR – ESTIMATING SOLAR POWER PRODUCTION USING 

WORLDVIEW-3 MEASUREMENTS 

Chapter 3 clearly demonstrated that an airborne hyperspectral imagery system and 

associated algorithms can routinely detect photovoltaic solar arrays and assess solar 

power generation capacity.  Hyperspectral imagery, however, does not have the capacity 

to collect data on a regional or global scale that will aid in the assessment of planetary 

photovoltaic solar power generation growth. The recently launched WorldView-3 16-

band VNIR/SWIR multispectral satellite presents the opportunity to apply methods 

developed for hyperspectral imagery to detect photovoltaic solar arrays and assess solar 

power production over a much larger geographic extent.   

WorldView-3’s reduced spectral resolution, as well as the reduced spatial 

resolution, presents challenges in the target detection process that require additional 

processing steps to eliminate false alarms and to ensure confident automated detection of 

solar arrays.  One benefit of the WorldView-3 imagery, however, is that in addition to the 

multispectral data a high spatial resolution panchromatic image is co-collected which 

enables more efficient literal confirmation.  

4.1 Methodology 

4.1.1 Known Locations 

Much in the same manner that was used in Chapter 3, several known locations are 

used as reference for determining the detectability of solar panel arrays using 
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methodologies derived from hyperspectral imagery target detection processes.  Three 

locations of known solar arrays are the Baylands Intrepretive Center in Palo Alto, CA; 

GARField Park in Mountain View, CA; and the GooglePlex campus, also located in 

Mountain View, CA are located within the WorldView-3 imagery scene (Czirjak, 2017). 

Using these known locations, it is possible to determine the effectiveness of 16-band 

WorldView-3 material detection processing routines to reliably detect and verify the 

locations of photovoltaic solar panel arrays within the study area. Figure 4-1 is a true-

color composite image of a portion of the full WV-3 scene where Baylands Interpretive 

Center, GARField Park and the GooglePlex respectively annotated as points 1, 2 and 3. 

 

 

Figure 4-1 WorldView-3 imagery of Palo Alto, CA with known in-scene locations annotated 
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4.1.2 Detectability Assessment Using WorldView-3 Data 

Czirjak (2017) demonstrated that both monocrystalline silicon and polycrystalline 

silicon photovoltaic solar panels have a unique spectral signature in both handheld 

ground spectrometer data and airborne hyperspectral imagery.  When combined with a 

material detection algorithm, the panels are readily detectable and the results were 

validated using known locations of solar arrays.   In order to determine if the spectral 

signature of a solar panel retains the key detection features in WorldView-3, MSI data it 

is necessary to convolve the measured spectral signatures of the solar panels with the 

spectral response functions of WorldView-3 available from Maxar (WorldView-3, 2016).  

Figure 4-2 shows the results of the solar panel spectral signature spectrally subsampled to 

WorldView-3 spectral bands for both the monocrystalline and polycrystalline solar panels 

when compared to the hand-held spectrometer signature. 
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Figure 4-2 Comparison of ASD and WorldView-03 convolved spectral signatures 

 

 

As the ASD signature is reduced from thousands of individual data points to the 

16 bands of the WorldView-3 VNIR/SWIR data (refer to Figure 2-4 for the spectral 

response of the WorldView-3 data) many of the small spectral features in the original 

signature are no longer present after the convolution.  The reduced spectral fidelity in the 

dataset makes it more likely that materials with similar spectral signatures will confuse 

with solar panel arrays during the target detection process.  Distinctive spectral 

characteristics, however, such as the overall low reflectance in the visible and near-

infrared shape and the sharp rise in reflectance in the near-infrared remain.  The 

polyethylene feature near 1.729 micrometers remain present and the associated double 

absorption and multiple shoulders, now manifest  as a single strong absorption feature 

with a shoulder at 1.661 micrometers. Features such as the small absorptions in the 1.0 to 

1.5 micrometer range are unresolved and the absorptions in the 2.3 to 2.5 micrometer 
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range are not present in the signatures, but the key features used for detection of solar 

panel arrays using target detections algorithms remain present in the spectral signature.   

4.1.3 In-Scene Spectral Signature Analysis at Known Locations 

In order to determine the overall detectability of solar panels in a WorldView-3 

image, the imagery must first be co-registered and calibrated from digital number to 

radiance, with the required calibration coefficients for this conversion published by 

Maxar (Kruse et al., 2015). Co-registration was performed with the MITRE Corporation 

HyperMap software specifically developed to co-register the VNIR and SWIR bands of 

WorldView-3 imagery using the concept of mutual information registration (Miecznik et 

al., 2017).  As part of this process the VNIR data are downsampled to the native spatial 

resolution of the SWIR data.  After conversion to radiance, the data are then 

atmospherically corrected to reflectance using the QUAC algorithm in ENVI (Bernstein 

et al., 2012). Using the reflectance data, the signal-to-clutter ratio (SCR) modified from 

Schott (2007) shown in equation 3.1 is used to estimate the detectability of known solar 

arrays with in-scene signatures from WorldView-3 imagery as well as HSI spectral 

signatures convolved to the spectral bands of WorldView-3.  As the SCR is not a target 

detection algorithm, but a metric used to assess the uniqueness of a specific target 

signature from a specific image scene, the SCR in and of itself cannot be used for target 

detection.  The SCR shown in Table 4-1, however, does provide an estimate of the 

uniqueness of a target spectral signature for a given image dataset, and can be used to 

estimate the likelihood that a target will be detectable within a scene.  
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Table 6 Signal to clutter ratio using reference and WorldView-3 in-scene solar panel signatures 

SCR values for reference and WorldView-3 in-scene solar panel spectra 

 Hyundai 

Poly 

Renogy 

Mono 

Baylands 

Center 

GARField 

Park 

GooglePlex 

SCR Value 4.397729 4.613297 6.177877 8.100262 10.509465 

 

 The results of the SCR indicate that there is limited distinguishability between 

the in-scene solar panel spectra and the background clutter within the scene.  The use of 

ASD-collected reference signatures downsampled to the spectral response function of 

WorldView-3 dataset does not appreciably increase the estimated detectability of solar 

panel spectral signatures within a WorldView-3 dataset.  As Schott (2007) states, the 

SCR often overstates the detectability of a spectral signature within a scene and the SCR 

can only be used as an estimate of the detectability of a spectral signature within a scene 

(Schott, 2007). 

Based on the SCR results which indicate that many objects within the scene are 

spectrally similar to the target materials of interest it is likely necessary to use more 

sophisticated target detection techniques designed to increase detectability of target 

materials within a complex imagery scene.    This is due to the fact that the SCR is 

dependent upon both the scene mean for each spectral band within an image as well as 

the image covariance matrix (Schott, 2007).  Using a complex urban scene with many 

different backgrounds, such as in the WorldView-3 image of Palo Alto, CA, likely 

provides a worst-case scenario with regards to clutter and the SCR scores; as one moves 

into a more homogenous scene, the spectral signature of a photovoltaic solar panel will 

become more readily detectable. 
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4.1.4 Detecting Solar Arrays Using WorldView-3 Imagery 

Figure 4-3 outlines the workflow used to detect photovoltaic solar panels and 

estimate their power output using WorldView-3 16-band MSI that accounts for the low 

overall spectral variability within the scene (as shown by the SCR values), and uses both 

traditional statistical target detection methods as well as spectral feature-based analysis 

and training data.  The process consists of three empirical tests that a pixel must pass 

(target detection using the ACE algorithm, Spectral Verification, and Training Library 

Comparison) and one subjective test (Literal Confirmation).  Each step in the process 

reduces the amount of candidate pixels in order to reduce false detections while true 

detections are maintained throughout the process.  Each sub-process in the algorithm 

depicted in Figure 4-3 is discussed in detail in the following paragraphs. 

While there is no established consensus on the optimal hyperspectral target 

detection algorithm, the adaptive cosine estimator (ACE) is accepted as one of the most 

effective and is used as the initial target detection algorithm to identify potential pixels of 

interest within the scene (Manolakis et al., 2009).  
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Figure 4-3 Comparison of ASD and WorldView-03 convolved spectral signatures 

 

4.1.4.1 The ACE Target Detection Algorithm. The differences in the Adaptive 

Cosine Estimator (ACE) are thoroughly discussed in Chapter 2 and of the many 

variations on the theme that is the ACE algorithm, previous research on the different 

hyperspectral detection algorithms has shown that when the many different versions of 

the ACE algorithm are compared, the geometric ACE target detection algorithm 

(equation 2.5) has been shown to be more successful in detecting target materials within a 

cluttered hyperspectral imagery scene when compared to other detection algorithms 

(Basener, 2011).  Based on this research as well as the fact that the geometric ACE 

produces an approximately normal distribution which will enable effective automated 

thresholding using simple statistics such as the mean and standard deviation, the 

geometric ACE algorithm is used as the initial target detection routine in this processing.  



81 

 

4.1.4.2 WorldView-3 Spectral Verification Process.  Pixels that have a geometric 

ACE score higher than a user-defined threshold are classified as candidate pixels and are 

subjected to a set of rule-based spectral verification processes.  This spectral verification 

process was first outlined in Czirjak (2017) and has been modified to adjust for 

differences between hyperspectral and multispectral datasets. It should be noted that 

while target detection is performed in whitened space, the spectral verification process 

takes place in the native spectral reflectance domain.  Figure 4 shows the five spectral 

verification steps that a pixel must pass; if the pixel does not meet the defined criteria for 

any one verification step the candidate pixel is removed from consideration as a target; 

each of the steps is discussed in detail below in Figure 4-4. 

 

 

Figure 4-4 Spectral verification decision tree 

 

Mean VNIR Bands Threshold. The first threshold, Mean VNIR Bands, is intended 

to eliminate pixels that are uniformly bright in the VNIR bands of WorldView-3, as the 
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reference spectral signatures for photovoltaic solar panels shown in Figure 4 indicate that 

these have low reflectance in the VNIR portion of the EMS. 

VNIR Bands Standard Deviation Threshold.  The second threshold, VNIR Bands 

Standard Deviation, removes pixels that have a significant standard deviation between 

VNIR bands; a relatively high standard deviation is likely indicative of materials that 

have colors such as blue, green or red, and visual and spectral inspection of the solar 

panel arrays show that they are uniformly dark blue, purple or black depending on the 

type of silicon solar panel being analyzed.  

Normalized Solar Panel Index (NSPI). The Normalized Solar Panel Index 

(equation 3.3 from Czirjak (2017) is modified as shown in equation 4.1 to account for 

bands of WorldView-3 (Czirjak, 2017). 

                                                  (𝜌1.209 − 𝜌0.922) / (𝜌1.209 + 𝜌0.922)                                (eq. 4.1) 

 

While it uses different wavelength values that correspond to Band 8 (0.922 

micrometers) and Band 9 (1.209 micrometers) of WorldView-3, the NSPI is likely still 

effective at identifying pixels within an image that have a sharp increase between these 

two bands which is a strong indicator of a photovoltaic monocrystalline silicon or 

polycrystalline silicon panel within a pixel of interest. The NSPI is calculated for both 

known in-scene and reference spectral signatures and is shown in Tables 4-2 and 4-3.  

Based off the values from the NSPI calculations the threshold is set at 0.05 (half of the 

lowest NSPI value from the known solar array locations) in order account for mixed 
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pixels that have both solar arrays and other materials such as vegetation within the 7.5 

meter pixels. 

 

Table 7 NSPI values for WorldView-3 QUAC-derived reflectance in-scene solar panel signatures 

NSPI values for WorldView-3 QUAC-derived 

reflectance in-scene solar panel signatures 

 Baylands 

Center 

GARField 

Park 

GooglePlex 

Band 8 1518 3379 2300 

Band 9 2287 4214 3989 

NSPI .2021 .1099 .2685 

 

Table 8 NSPI values of reference spectral signature resampled to WorldView-3 bands 

NSPI values of reference spectral signature 

resampled to WorldView-3 bands 

 Hyundai 

Polycrystalline 

Renogy 

Monocrystalline 

Band 8 .03232 .03097 

Band 9 .08845 .09648 

NSPI .4647 .5139 

 

Normalized –EVA Index. The Normalized-EVA (ethylene vinyl acetate) Index (N-

EVA) is introduced in the spectral verification process to ensure that candidate pixels 

exhibit the strong absorption located at 1.729 micrometers and its associated shoulder at 

1.661 micrometers observed in both reference solar panel and WorldView-3 in-scene 

spectral signatures.  For WorldView-3 datasets, this spectral feature is manifested in 

Bands 11 and 12.  For a spectral signature that exhibits the characteristics of a solar panel 

with an EVA coating, an N-EVA Index value greater than 0.10 is expected, as this 
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indicates that Band 11 is a spectral shoulder while Band 12 is an absorption feature.  The 

N-EVA Index is given in equation 4.2. 

 

                                                 (𝜌1.661 − 𝜌1.729) / (𝜌1.661 + 𝜌1.729)                                 (eq. 4.2) 

 

The N-EVA is calculated for both known in-scene and reference spectral 

signatures and is shown in Tables 4-4 and 4-5.  Much like the NSPI values for 

WorldView-3 imagery, the N-EVA Index threshold is set relatively low; following the 

logic of setting the threshold value at half of the lowest value of the reference locations, 

the N-EVA Index threshold is set to 0.06. 

 

Table 9 N-EVA Index values for WorldView-3 QUAC-derived reflectance in-scene solar panel signatures 

N-EVA Index values for WorldView-3 QUAC-derived 

reflectance in-scene solar panel signatures 

 Baylands 

Center 

GARField 

Park 

GooglePlex 

Band 11 2348 4628 3927 

Band 12 1580 3621 2821 

N-EVA .1955 .1221 .1639 

 

Table 10 N-EVA Index values of reference spectral signature resampled to WorldView-3 bands 

N-EVA Index values of reference spectral signature 

resampled to WorldView-3 bands 

 Hyundai 

Polycrystalline 

Renogy 

Monocrystalline 

Band 11 .0857 .0899 

Band 12 .0451 .0441 

N-EVA .3108 .3418 
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Mean SWIR Bands Threshold. The final threshold is a simple mean value of the 

SWIR bands that is in place to ensure that pixels that pass through the spectral 

verification process have a reflectance value greater than 0.075 in the SWIR.  This check 

is put in place to reduce pixels over water or other noisy and/or shadowed pixels that may 

inadvertently pass through the other spectral verification steps. 

4.1.4.3 Training Library Comparison. Pixels that meet all spectral verification 

criteria are then further evaluated using user-developed training libraries that consist of 

both known true targets within the scene, referred to as the True Detection Library, as 

well as one consisting of only obvious false alarms which have passed the spectral 

verification process, known as the False Alarm Library. For the True Detection Library, 

the user can initially populate this library with in-scene spectral signatures from known 

locations with solar arrays, while the False Alarm Library must be populated with in-

scene spectral signatures derived from an initial processing run where the spectral 

verification routine is conducted and the results are analyzed using literal confirmation 

techniques.   

The pixel spectrum is compared to the training library spectral signatures using 

correlation, and an R-squared value is calculated to provide an assessment of the fit 

between the two signatures.  Correlation is calculated using equation 4.3 shown below 

(Devore, 2008).  

                                                     𝑅 =  
∑(𝑋𝑖 − �̅�)(𝑌𝑖 −  �̅�)

√∑(𝑋𝑖 −  �̅�)2  √(𝑌𝑖 − �̅�)2
                                 (𝑒𝑞. 4.3) 
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where 𝑿𝒊 is the data from the pixel being examined, �̅� is the mean of the pixel 

spectrum, 𝒀𝒊 is the data from a spectral signature in the training library and �̅� is the mean 

of the training library signature.  Once correlation is calculated, the R-squared fit metric 

is simply the square of the correlation coefficient calculated in equation 4.3.  

Applications of the correlation coefficient are discussed in Rodgers and using the R-

squared fit metric for measuring spectral similarity is further described in Halper 

(Rodgers and Nicewander, 1998; Halper et al., 2012).  As R-squared fit values become 

closer to 1, the spectral signature of the pixel and spectral signature in the training library 

become more similar. 

Each candidate pixel that is passed through the spectral verification process is compared 

to both the True Detection Library and the False Alarm Library using the R-squared fit 

metric; if any pixel scores a greater R-squared score against any one spectral signature in 

the False Alarm Library than to all of the spectral signatures in the True Detection 

Library, then that pixel is no longer considered as a target pixel.  Pixels that meet the R-

squared threshold requirements are considered a likely spectral target detection and are 

passed to the final step in the target detection process.  

4.1.4.4 Literal Confirmation. Pixels that pass through the final training library 

filtering are then output to a shapefile and are passed to the final step in the target 

detection process: literal confirmation.  Since a high spatial resolution panchromatic 

image is nearly always collected with the lower spatial resolution VNIR and SWIR MSI 

imagery from WorldView-3, literal confirmation is a comparatively simple task.  The 

user must assess the validity of the spectral detections with the co-collected panchromatic 
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imagery and when complete can choose to add a pixel’s spectrum to the True Detection 

Library or the False Alarm Library which will enable enhanced target detection results in 

additional processing iterations.  The True Detection and False Alarm libraries can be 

built over time from multiple scenes, but for this analysis true detection and false alarm 

signatures were collected only from the Palo Alto, CA scene described in Chapter 2.  

4.1.5 Solar Power Estimation 

Once a solar array is confirmed using high spatial resolution panchromatic 

imagery one can easily measure its dimensions using widely available tools and use these 

measurements to assess the solar power output using the equation first proposed in 

Czirjak (2017) and shown in equation 3.4. Most solar panels have efficiency ratings that 

range from 12 – 20% depending on the specific materials and construction methods, and 

in many cases the specific ratings of a solar panel can be researched via manufacturer’s 

specification sheets (Fu, et al., 2016).  When this information is not known one can 

estimate a solar panel efficiency of 15% and this has been demonstrated to be an effective 

surrogate value for power production estimation (Czirjak, 2017). 

4.2 Results 

4.2.1 Initial ACE Detection and Spectral Verification Results 

Using the WorldView-3 16-band VNIR/SWIR dataset previously described, the 

ACE target detection algorithm was applied using both the convolved Hyundai 

polycrystalline and the Renogy mononcrystalline solar panel spectral signatures.  Figure 

4-5 shows a subset of the ACE detection rule image for the Hyundai polycrystalline 

silicon solar panel spectral signature set to the established ACE threshold value of three 



88 

 

standard deviations from the mean ACE score.  In this figure all of the areas shaded in 

grey are pixels that do not meet the defined ACE threshold.  Within the set of nominated 

candidate pixels it is likely that both true detections and false alarms are present within 

the subset, as the ACE detection algorithm by itself is not able to fully separate the two. 

 

 

Figure 4-5 WorldView-3 ACE detection rule image 

 

Overall ACE score distributions are shown in Figure 4-6 and clearly depict a 

near-normal distribution of scores for both the monocrystalline and polycrystalline silicon 

solar panel spectral signatures used in the target detection routine.  
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Figure 4-6 ACE score distributions for monocrystalline (blue) and polycrystalline (purple) silicon solar panel 

spectral signatures 
 

After the spectral verification process is run on the candidate pixels nominated by 

the ACE algorithm, the process reduces the number of pixels of interest (referred to as 

‘Possible S.P Pixels in Table 16) by half.  Table 4-6 shows the target detection scores and 

the results for the solar panel detection processing routine previously described.  

 

Table 11 Initial Target detection and spectral verification results 

Target detection results 

 Hyundai 

Polycrystalline 

Renogy 

Monocrystalline 

Max ACE Score 0.97 0.96 

Std. Dev ACE Threshold 0.78 0.78 

Candidate Pixels 2174 1711 

Possible S.P. Pixels 1219 824 
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4.2.1.1 Literal Confirmation Results. In this initial data processing iteration, over 

1200 pixels were identified as pixels that have both passed the ACE thresholding and the 

spectral verification process using the polycrystalline solar panel target signature.  Many 

of these pixels, however, do not pass the final processing step of the overall detection 

algorithm – literal confirmation.  Since high spatial resolution panchromatic imagery is 

collected nearly concurrently with the VNIR/SWIR multispectral imagery, and both 

images are georeferenced, it is easy to correlate pixels of interest to high spatial 

resolution imagery and also evaluate the spectral signatures of the same pixel.  Figure 4-7 

illustrates a location where a pixel has passed through the target detection algorithm, but 

it does not correspond to an actual location of a solar panel as confirmed by the co-

collected panchromatic imagery based upon both literal and spectral analysis.  Pixels 

highlighted in red are possible solar panels as reported by the processing routine while 

those in green are those pixels that passed the ACE thresholding, but did not pass through 

the spectral verification process. 
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Figure 4-7 Literal confirmation process 

 

4.2.2 Training Library Development 

As shown in the literal confirmation step, there are many instances where a pixel 

is incorrectly designated as a target of interest by the automated processing routine.  

Through the process of spectral verification, literal confirmation and further analysis of 

the spectral signature in question it is possible to discern several classes of false alarm 

spectral signatures that are collected into a spectral library.  This spectral library is used 

as the False Alarm Training library that is referred to when the overall target detection 

algorithm was presented.  True detection are validated in a similar manner and placed 

into the True Detection Library. 

 The False Alarm Library is shown in Figure 4-8 and the True Detection Library is 

shown in Figure 4-9.  Examples of the materials that are included in the false alarm 

library include edges of buildings, highway pavement, shadowed areas in courtyards, and 

parking lots while spectral signatures from known solar array locations including the 
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Baylands Interpretive Center, GARField Park and the GooglePlex are placed in the True 

Detection Library.  These two libraries are compared to every candidate pixel and only 

pixels that pass the R-squared threshold requirements previously defined are passed 

through in the second iteration of the photovoltaic solar panel target detection routine.  

 

 

Figure 4-8 False alarm training library 
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Figure 4-9 True detection training library 

 

4.2.3 Updated Results Using Training Library Comparison 

Re-processing the WorldView-3 imagery with the addition of the training library 

comparison check produces the results shown in Table 4-7.  The training library 

comparison further reduces the number of pixels of interest, and those pixels that pass 

through the training library comparison are now considered to be probable solar panels as 

they have passed through three different algorithmic processing steps to spectrally detect 

the most likely solar panels within the scene.  

 

 

 



94 

 

Table 12 Target detection and spectral verification results using training libraries 

Target detection results 

 Hyundai 

Polycrystalline 

Renogy 

Monocrystalline 

Candidate Pixels 2174 1711 

Possible S.P. Pixels 1219 824 

Probable S.P Pixels 998 705 

 

4.2.4 Estimation of Solar Power Generation at a Known Location 

The solar array located atop the Baylands Interpretive Center consists of four 

distinct solar panel arrays and can produce 17.9 kilowatts from a total of 136 individual 

panels that are either Sharp 142 watt or 72 watt solar panels, which have an efficiency 

rating of 12.31% (Sharp Solar Electricity, 2008; Czirjak, 2017).  This solar array was 

successfully detected using both the monocrystalline and polycrystalline silicon solar 

panel signatures and confirmed through literal analysis of the panchromatic imagery and 

is shown in Figure 4-10.  
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Figure 4-10 Baylands Interpretive Center multispectral detection and literal confirmation 

 

Using equation 3.4, the efficiency of the solar array (𝑒𝑠) is 12.31% and the incoming solar 

radiation (𝐼𝑠) is 1000 watts/m2 per STC.  As a result of using STC, the scaling factor (𝑠) is 

set to one; the only remaining variable is the area of the solar array and this can be 

calculated from the co-collected high spatial resolution WorldView-3 panchromatic 

imagery.  Measurements for the four solar arrays, as well as the estimated solar power 

production for the individual arrays and the overall system are shown in Table 4-8. 

Figure 4-11 shows a representative measurement from the upper left solar panel array 

from WorldView-3 panchromatic imagery (shown as a red polygon) performed using 

tools within ENVI 5.2.  
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Table 13 Estimated solar power production at Baylands Interpretive Center 

Estimated Solar Power Production at Baylands Interpretive Center  

Solar Array Location Estimated Area 

(square meters) 

Estimated Power 

Production (kW) 

Upper Left 35.7 4.396 

Lower Left 37.9 4.671 

Upper Right 32.4 3.998 

Lower Right 34.2 4.209 

Estimated Total Power (kW)  17.274 

 

 

Figure 4-11 Baylands Interpretive Center solar array measurement 

 

The estimated solar power production for the Baylands Interpretive Center solar array is 

within 4% of the actual rated solar power production.  This level of accuracy is likely due 
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the ability to collect highly accurate and precise measurements from the WorldView-3 

panchromatic imagery. 

4.3 Analysis and Discussion 

4.3.1 Results Assessment 

The results presented in the previous section show a significant decrease between 

the amount of probable solar panels detected using the monocrystalline solar panel 

spectral signature when compared to the amount of pixels detected using the 

polycrystalline solar panel spectral signature.  Using known locations as references, the 

differences between the results from the two spectral signatures are analyzed below.    

The Baylands Interpretive Center is a known location where solar panels have 

been verified during a site visit to the location in May, 2016.  In the case of the 

polycrystalline solar panel spectral signature, four pixels are detected by the automated 

processing routine as probable solar panel locations, whereas when using the 

monocrystalline solar panel spectral signature only three pixels were detected and is 

shown in Figure 4-12(a).  While this only represents a single pixel difference, if this 

result were extrapolated to many different sites where the monocrystalline spectral 

signature only produces 75% of the pixel detections that the polycrystalline signatures 

highlight, the difference in probable solar panel pixels between the two spectral 

signatures can at least be partially accounted for. 

At a different known solar panel location, GARField Park, (Figure 4-12(b)) shows 

that while the polycrystalline solar panel spectral signature detected five pixels at the site, 

the monocrystalline solar panel spectral signature detected no pixels at the site.  This 



98 

 

same scenario takes place at several other locations within the scene where the 

polycrystalline solar panel signature detected pixels and the monocrystalline solar panel 

spectral signature did not detect any pixels at all.   

Conversely, the polycrystalline spectral signature produced several pixels that 

during literal confirmation were deemed to be false alarms, while the monocrystalline 

produced comparatively few false alarms. Figure 4-12(c) provides an example where the 

polycrystalline solar panel spectral signature produced a false alarm whereas the 

monocrystalline solar panel spectral signature did not.  
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Figure 4-12 (a) Polycrystalline detections (left) vs. monocrystalline detections (right) at Baylands Interpretive 

Center. (b) Polycrystalline detections (left) vs. monocrystalline detections (right) at GARField Park. (c) 

Polycrystalline false alarm (left) vs. monocrystalline no detection (right) in Palo Alto, CA 
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The variation in results is dependent on the input target spectral signature and 

how that signature interacts with the overall image.  From this observation we can 

conclude that the more spectral variability present in the input target spectral signatures 

the more robust the detection results will be, but at the same time may experience an 

increase in false detections.  A large target detection library consisting of many different 

spectral signatures of solar arrays will therefore have a greater probability of detecting 

solar arrays within a scene, and as the process is iterated multiple times and the training 

library grows, the overall true detection to false alarm rate will likely be reduced.  

4.3.2 True Detection versus False Alarm Assessment 

In order to assess the viability of the described target at a larger scale, a study area 

of approximately 40km2 was identified along the southern edge of San Francisco Bay; 

this area contains all three of the known solar arrays previously discussed and also 

contains many other arrays visible on high spatial resolution imagery.  In Figure 4-13 the 

study region is outlined in blue; true detections validated via literal analysis are shown in 

yellow and false detections are shown in red.  For the study area outlined, the false 

detection rate is less than 4%; overall results are shown in Table 4-9. 
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Figure 4-13 Study area outlined in blue; validated true detections are shown in yellow while false alarms are 

shown in red 

 

Table 14 MSI solar array detections within the defined study area 

WorldView-3 MSI Study Area September 2014 

 Total  Detections Verified                  

Target Detections 

Verified    

False Alarms 

Solar Arrays 87 84 3 
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These results indicate that this method of detection of solar arrays has the 

potential to correctly identify locations of solar arrays with a low false alarm rate in 

cluttered urban environment. The results also indicate that these techniques have the 

ability to scale upwards and can be used to detect solar arrays in large image footprints 

with a high degree of confidence.   

4.3.3 Addressing the Initial Research Topics 

Using WorldView-3 16 band VNIR/SWIR and panchromatic imagery, it is 

proven that photovoltaic solar panel arrays are detectable using reference spectral 

signatures resampled to the WorldView-3 spectral response functions. The geometric 

ACE target detection routine effectively nominates pixels of interest, but is not robust 

enough to eliminate false alarms in the 16-band dataset.  As a result, several additional 

data triage techniques are implanted to reduce false alarms and identify solar panel 

locations based upon spectral information in the target pixel.  A spectral verification 

process that includes the normalized solar panel index (NSPI), as well as the new 

normalized ethyl-vinyl acetate index (N-EVA Index), effectively nominates candidate 

pixels for further examination and false alarm mitigation.  After nomination, candidate 

pixels are then compared to training libraries for both true detections and false alarms 

developed from an initial iteration of the target detection routine.  A correlation metric is 

used to compare every nominated pixel to both the true detection and the false alarm 

training libraries, and those pixels that meet the processing threshold are then confirmed 

using literal analysis of the co-collected high spatial resolution panchromatic imagery. 
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Pixels identified as false alarms in the literal verification process can then be included in 

the false alarm training library to further reduce the overall false alarm rate for the 

detection process. 

The Baylands Interpretive Center in Palo Alto, CA, with its well documented 

solar array as the primary ground truth site, shows that the WorldView-3 solar array 

detection algorithm correctly identified the array on imagery and the estimated solar 

power generation equation was able to calculate the estimated power to of the solar array 

to within 4% of the array’s rated power. 

4.3.4 Monitoring Progress on SDG #7 

Based upon these results it is shown that remote sensing using multispectral 

imagery with worldwide access and specialized data processing can be used to help 

assess progress within Sustainable Development Goal #7: Affordable and Clean Energy.  

Specific indicators such as the proportion of the population that has access to electricity 

(Indicator 7.1.1) and the proportion of the population with primary reliance on clean fuels 

can technology (Indicator 7.1.2) can be directly baselined using the proposed techniques 

(UN Sustainable Development Knowledge Platform, 2018).  Once the baseline has been 

established, changes to the amount of employed solar arrays can be actively monitored, 

and progress towards SDG #7 can be assessed. One can also estimate the amount of solar 

power being produced and from this it is possible to assess the amount of renewable 

energy as a proportion of the overall energy consumption (Indicator 7.2.1) (UN 

Sustainable Development Knowledge Platform, 2018).  These remote sensing techniques 

to detect solar array locations and to estimate power production from these arrays can be 
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of particular use to governments and aid agencies as decisions are made about 

distribution of scarce resources and the development of programs to further increase 

access to reliable electricity throughout the world. Since satellite imagery has global 

access and routine recollection opportunities, imagery collection and analysis at routine 

intervals can provide detailed information on changes in volume of emplaced solar arrays 

in developing countries and can be used to directly observe and quantify progress within 

SDG #7. 

4.4 Chapter Conclusion 

The results of this research show that WorldView-3 16-band VNIR/SWIR 

multispectral imagery can be used for spectral analysis and that the target detection 

algorithms developed for hyperspectral imagery are applicable to lower spectral 

resolution datasets with some limitations and requirements for additional processing 

steps.  The processing steps effectively reduce false alarms and produces a false detection 

rate of less than 4%.  Once detected, it is shown that it is possible to estimate the solar 

power generation capacity of a solar array to within 4% of the rated power output using 

co-collected high spatial resolution panchromatic imagery and previously validated 

techniques for estimating solar power production from an array.  

As individuals, non-governmental organizations, and government agencies fund 

and install a growing number of distributed generation solar arrays in developing 

countries the ability to reliably detect solar arrays and to quantify solar power production 

on a global scale becomes more valuable.  Remotely sensed data provides a technique 

that is directly applicable to attempts to assess progress in the United Nations Sustainable 
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Development Goal #7: Affordable and Clean Energy and observe the associated 

indicators.  These processes can be used establish a current baseline of emplaced solar 

arrays in an area of interest, and to also monitor growth and/or change in the amount of 

deployed solar arrays over time.  Direct observation of growth and change using 

WorldView-3 16-band VNIR/SWIR multispectral imagery can supplement other sources 

of data to provide a more complete picture of access to clean, renewable energy at a 

global scale.  
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CHAPTER FIVE - A RELATIVE ASSESSMENT OF TARGET DETECTION 

CAPABILITY BETWEEN WORLDVIEW-3 AND AVIRIS-NG IMAGERY 

Chapters 3 and 4 have shown that photovoltaic solar arrays are detectable using 

both airborne hyperspectral imagery from NASA Jet Propulsion Laboratory’s AVIRIS-

NG and satellite imagery from Maxar’s WorldView-3 satellite using both the 

visible/near-infrared (VNIR) and shortwave infrared (SWIR) datasets.  In both instances, 

the photovoltaic solar arrays were routinely detected using both reference spectral 

signatures collected with an ASD handheld spectrometer as well as in-scene spectral 

signatures derived from known target locations within the scene.   

There are distinct differences in both the spatial resolution and spectral resolution 

of the two sensor systems. AVIRIS-NG data used for this research is nominally 4 meters, 

while the WorldView-3 data is spatially degraded from a SWIR native spatial resolution 

of 3.7 meters to the available spatial resolution of the SWIR data, 7.5 meters (note that on 

8 July 2019 Maxar began releasing SWIR data at the native spatial resolution of the data) 

(NASA JPL, 2016; Kruse, 2015).  For consistency of the spectral data, the VNIR data 

from Worldview-3 is also resampled to the spatial resolution of the SWIR dataset. 

AVIRIS-NG has 480 contiguous spectral bands ranging from 380 to 2510 nanometers 

with 371 usable bands after removing those in atmospheric absorption regions within this 

range (NASA JPL, 2016).  In contrast, WorldView-3 has 16 non-contiguous spectral 
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bands specifically placed in the VNIR/SWIR portion of the electro-magnetic spectrum 

(Kruse, 2015). 

While having less capability from both a spatial and spectral perspective, 

WorldView-3 is a more capable system in the sense that it has worldwide collection 

capability, while an airborne HSI system has limited collection capability and requires 

significant infrastructure and expense for an individual flight campaign.  Additionally, 

WorldView-3 provides a high temporal resolution and, as a result, can be used for long 

term observations at a location over a period of weeks to years.  

The analysis discussed in the following pages provides a comparison of the 

detection capabilities between airborne AVIRIS-NG hyperspectral imagery and satellite 

based WorldView-3 imagery over a spatially coincident area at the southern end of the 

San Francisco Bay encompassing the cities of Palo Alto and Mountain View, CA.  The 

WorldView-3 imagery was collected in September 2015 whereas the AVIRIS-NG data 

was collected in April 2015. 

5.1 Methodology 

5.1.1 Relative Comparison Utility 

 Rather than conducting an absolute evaluation of the detection capabilities of 

photovoltaic solar arrays with either AVIRIS-NG hyperspectral imagery or WorldView-3 

multispectral imagery, the purpose here is to conduct a comparative analysis between the 

two systems.  This comparative analysis is a useful metric as WorldView-3 data is 

available on a worldwide basis, whereas airborne hyperspectral imagery has limited 
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geographic coverage and can be used to help assess the ability of VNIR/SWIR 

multispectral imagery to serve as a surrogate for hyperspectral imagery.   

5.1.2 Study Areas 

In order to accomplish this comparative analysis it is first necessary to establish 

areas of interest within the scene.  Two areas of interest within the spatially coincident 

extents are identified. The first area, measuring about 22 square kilometers, is primarily 

residential and the second area, measuring 40.4 square kilometers, is a commercial region 

along the San Francisco Bay.  Figure 5-1 illustrates the study areas with Area 1: 

Residential outlined in red and Area 2: Commercial outlined in blue.  The background 

imagery for Figure 5-1 is the high spatial resolution WorldView-3 panchromatic imagery 

collected in September 2014.   
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Figure 5-1 Residential study area (red) and commercial study area (blue). 

 

5.1.3 Relative Comparison Methodology 

To create a baseline of the amount of solar arrays detected by the AVIRIS-NG 

data processing routine, and since the HSI data was collected several months later, it is 

necessary to validate the presence of the HSI detected solar arrays in the WorldView-3 

dataset.  This process was completed by overlaying the HSI detection shapefile with the 

high spatial resolution WorldView-3 panchromatic imagery and comparing the detection 
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shapefiles to the context imagery.  Table 5-1 details the results of this verification of 

detected solar arrays in both the residential and commercial study areas.   

 

Table 15 HSI solar array detections within the residential and commercial study areas 

AVIRIS-NG HSI Residential Study Area April 2015 

 Total 2015 

Detections 

Present in 

2014 imagery 

Not present in 

2014 imagery 

Unverifiable in 

2014 imagery 

Detections 167 143 19 5 

AVIRIS-NG HSI Commercial Study Area April 2015 

 Total 2015 

Detections 

Present in 

2014 imagery 

Not present in 

2014 imagery 

Unverifiable in 

2014 imagery 

Detections 85 78 4 3 

 

This baseline of true detections is required, as it is presumed that the 

hyperspectral imagery, with the corresponding higher spatial and spectral resolutions, 

will be more successful than the lower spectral and spatial resolution multispectral 

imagery at the detection of targets of interest within an image. This baseline will be used 

as the primary data for assessing probability of detection for WorldView-3 target 

detection of photovoltaic solar arrays when compared to AVIRIS-NG target detection.   

When comparing WorldView-3 results to AVIRIS-NG HSI results, it is also a 

requirement to assess the validity of all of the WorldView-3 target detections in the same 

way that was done for the hyperspectral imagery. Table 5-2 shows the results of the 

verification of assessed solar arrays from WorldView-3 multispectral imagery when 

compared to the co-collected panchromatic imagery for both the residential and 

commercial study areas. 
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Table 16 MSI solar array detections within the residential study area 

WorldView-3 MSI Residential Study Area September 2014 

 Total 2014 

Detections 

Validated Target 

Detections 

Validated 

False Alarms 

Unverifiable 

in imagery 

Detections 49 42 5 2 

WorldView-3 MSI Commercial Study Area September 2014 

 Total 2014 

Detections 

Validated Target 

Detections 

Validated 

False Alarms 

Unverifiable 

in imagery 

Detections 87 84 3 0 

 

With this validated data it is possible to use a receiver operating characteristic (ROC) 

curve analysis to determine the probability of detection (Pd) using the methods described 

in Kerekes (2008).  ROC curve analysis is sometimes used in remote sensing analysis to 

assess the effectiveness of a classification routine and is also used as part of the 

development of the associated confusion analysis (Alatoree, 2011).  ROC curve analysis,  

however, is most effective when assessing the effectiveness of a classification image 

rather than a target detection process.  Equation 5.1 illustrates the equation for the 

probability of detection, while equation 5.2 shows the probability of false alarm 

assessment (Kerekes, 2008).  

                                  𝑃𝑑 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑝𝑖𝑥𝑒𝑙𝑠 (𝑇𝑑)

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑖𝑥𝑒𝑙𝑠 (𝑇𝑝)
                        (𝑒𝑞. 5.1) 

                              𝑃𝑓𝑎 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑝𝑖𝑥𝑒𝑙𝑠 (𝑇𝑓𝑎)

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠 (𝑇𝑏𝑝)
                        (𝑒𝑞. 5.2) 
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5.1.4 Relative Probability of Detection 

To apply the probability of detection equation to the relative analysis of AVIRIS-

NG detections with WorldView-3 detections, equation 5.1 can be modified as shown in 

equation 5.3 below to establish a relative probability of detection (rPd): 

      𝑟𝑃𝑑 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑊𝑜𝑟𝑙𝑑𝑉𝑖𝑒𝑤 − 3 𝑡𝑟𝑢𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑟𝑒𝑔𝑖𝑜𝑛𝑠 (𝑇𝑑−𝑊𝑉03)

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐴𝑉𝐼𝑅𝐼𝑆 − 𝑁𝐺 𝑡𝑟𝑢𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑟𝑒𝑔𝑖𝑜𝑛𝑠 (𝑇𝑑−𝐴𝑉𝐼𝑅𝐼𝑆)
     (𝑒𝑞 5.3) 

where Td –WV03 represents the number of validated detection regions (equivalent to solar 

arrays) from the Worldview-3 detection process, Td-AVIRIS represents the number of 

validated detection regions (solar arrays) from the AVIRIS-NG detection process, and 

will produce a useful comparison metric as these  detections will serve as the universe of 

all possible targets used in future analysis.   

5.1.5 Relative False Alarm Ratio 

As a result of the large study area and the small number of validated false alarms 

present within the study area, using a traditional probability of false alarm metric based 

off of pixel counts is not viable as it will produce a Pfa that is effectively zero for the 

study area.  For this type of detection routine the probability of false alarm calculation, 

while mathematically possible, produces an unusable measure.  A more effective 

measurement of the effective false alarm rate is a relative false alarm ratio (rFAR).  In the 

rFAR, the false alarm rate for each data source is calculated and then the rates are divided 

by one another in order to assess the relative amount of false alarms generated by each 

system and is defined in equation 5.4:  

                                                   𝑟𝐹𝐴𝑅 =  
𝐷𝑓𝑎−𝑊𝑉03/𝐷𝑡−𝑊𝑉03

𝐷𝑓𝑎−𝐴𝑉𝐼𝑅𝐼𝑆/𝐷𝑡−𝐴𝑉𝐼𝑅𝐼𝑆
                                      (𝑒𝑞. 5.4) 
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where Dfa – WV03 is the verified false alarms from the WorldView-3 imagery for the study 

area, D t –WV03 is the total number of solar array detections for the study area, Dfa – AVIRIS is 

the verified, or suspected, false alarms from AVIRIS-NG imagery for the study area, and 

Dfa – AVIRIS is the total number of solar array detections for the study area. Instead of 

focusing at the pixel level to create a method to assess false alarm rates, the rFAR assess 

whether or not a solar array, regardless of the amount of pixels, was detected.  This 

method reduces the variability of the amount of detected pixels for a given array based 

off the differences in the spatial resolution of the two data sources.  If the rFAR is greater 

than 1, this indicates that the Worldview-3 imagery produces a greater amount of false 

alarms per true detection, while a value less than one means that AVIRIS-NG data 

produces a greater frequency of false alarms relative to the true detections.  

 The combination of the relative probability of detection and the relative false 

alarm ratio provide a method to describe the effectiveness of two different data sources to 

detect the same targets of interest with the same spatial extents.  This data can then be 

used to inform analysts of the overall effectiveness of different imaging modalities for a 

given target and can potentially drive data acquisition strategies, as well as provide 

expectation management on how well a dataset can answer a spectral target detection 

information requirement. 

5.1.6 Relative HSI Miss Percentage (Accounting for Type II Errors) 

While used as the baseline for the relative analysis, there are instances in the 

AVIRIS-NG detection results where a solar panel array is not detected but the detection 

process for the WorldView-3 produced a verifiable true detection; these results constitute 
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type II error (false negatives) in the HSI data and will be address in later sections.  These 

verified WorldView-3 detections must be removed from the count of WorldView-3 solar 

arrays detected as part of the relative probability of detection.  This removal is required as 

the overall purpose of the relative assessment is to evaluate to suitability of using MSI 

data as a surrogate for HSI data.  In this case, the best possible outcome when using the 

MSI data is that it will be able to detect all solar arrays that the HSI data can produce. 

Figure 5-2 shows a large rooftop photovoltaic solar array that WorldView-3 detected, but 

the processing for AVIRIS-NG did not; WorldView-3 results are shown in yellow, while 

the AVIRIS-NG of nearby panels that were detected are shown in green.  The reference 

imagery used for verification is WorldView-3 panchromatic imagery.   
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Figure 5-2 WorldView-3 (yellow) and AVIRIS-NG (green) detections of a rooftop solar array in the residential 

study area 

 

Table 5-3 shows the count of solar arrays that were not detected by AVIRIS-NG 

in the residential and commercial study areas, but were detected by WorldView-3.  It is 

worth noting that all of the instances where this occurred in both the residential and 

commercial study areas were on large rooftop solar arrays.  Figure 5-3 shows an example 

of the missed AVIRIS-NG detections when compared to verified WorldView-3 

detections.   
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Table 17 HSI solar array detection misses when compared to WorldView-3 in residential and commercial study 

areas 

HSI Solar Array Detection Misses Compared to WV-03 in Residential Study Area 

 Total 2015 

Detections 

Present in 2014 

imagery 

Detected by WV-03 but not 

AVIRIS-NG 

 

 Detections 167 143 12  

HSI Solar Array Detection Misses Compared to WV-03 in Residential Study Area 

 Total 2015 

Detections 

Present in 2014 

imagery 

Detected by WV-03 but not 

AVIRIS-NG 

 

 Detections 85 78 11  

 

 

Figure 5-3 WorldView-3 (yellow) and AVIRIS-NG (green) detections of a rooftop solar array in the commercial 

study area 

 

This removal of data has the end effect of reducing the relative probability of 

detection when comparing WorldView-3 data to AVIRIS-NG data.  This penalty, 
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however, is intended to establish a common baseline for calculation of metrics and 

analysis of results. The reasons for this discrepancy will be further explored in Section 

5.4.  

This removal of validated true WorldView-3 detections results in a modification 

of equation 5.1 and the adjusted relative probability of detection (aPd) new equation is 

shown in equation 5.5 below.  

    𝑎𝑃𝑑 =  
(𝑇𝑑−𝑊𝑉03) − 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡𝑠 𝑚𝑖𝑠𝑠𝑒𝑑 𝑏𝑦 𝐴𝑉𝐼𝑅𝐼𝑆 − 𝑁𝐺 (𝑇𝑚−𝐴𝑉𝐼𝑅𝐼𝑆) 

 (𝑇𝑑−𝐴𝑉𝐼𝑅𝐼𝑆)
     (𝑒𝑞. 5.5) 

Similar to the false negatives from a ROC curve analysis, the relative HSI miss 

percentage accounts for those instances for which the WorldView-3 data processing 

routine produces results that are different from AVIRIS-NG but are validated as correct 

(Kerekes, 2008).  It is calculated as shown in equation 5.6: 

     𝑟𝑀𝑝 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒𝑑 𝐴𝑉𝐼𝑅𝐼𝑆 − 𝑁𝐺 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝑇𝑓−𝐴𝑉𝐼𝑅𝐼𝑆)

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐴𝑉𝐼𝑅𝐼𝑆 − 𝑁𝐺 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒𝑑 𝑡𝑟𝑢𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠 (𝑇𝑑−𝐴𝑉𝐼𝑅𝐼𝑆)
 ∗ 100   (𝑒𝑞. 5.6) 

where Tf-AVIRIS is the number of validated solar arrays that AVIRIS-NG did not detect 

that WorldView-3 did and Td-AVIRIS is the total number of validated solar arrays that 

AVIRIS-NG data did detect.  

5.2 Results 

5.2.1 Residential Study Area Results 

In the residential study area, the AVIRIS-NG photovoltaic solar panel detection 

process detected 167 distinct solar arrays in imagery collected during April 2015.  Of 

these detected arrays, 143 were present in September 2014 when the WorldView-3 

imagery was collected.  Five solar arrays were unable to be verified in imagery and are 
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assessed as potential false alarms.  In the WorldView-3 imagery, a total of 49 

photovoltaic solar arrays were detected; 42 of the arrays are assessed as true detections; 

seven are assessed as either false alarms or are unverifiable.  As discussed in section 

5.1.6, 12 additional valid detections are removed from the adjusted relative probability of 

detection calculation.  

Table 5-4 shows the results of the relative detection of photovoltaic solar array 

detection capability of WorldView-3 data and the associated processing routines when 

compared to AVIRIS-NG data and its processing methods that were calculated in 

equations 5.4 thru 5.6. The scores are the adjusted relative probability of detection (aPd), 

the relative false alarm rate (rFAR), and the relative miss percentage (rMp). 

 

Table 18 Residential study area relative assessment of MSI target detection to HSI target detection 

Relative Target Detection Assessment in Residential Study Area 

 aPd  rFAR rMp 

Results .21739 4.08 8.69% 

 

5.2.2 Commercial Study Area Results 

In the commercial study area, the AVIRIS-NG photovoltaic solar panel detection 

process detected 85 distinct solar arrays in imagery collected during April 2015.  Of these 

detected arrays, 78 were present in September 2014 when the WorldView-3 imagery was 

collected.  Three solar arrays were unable to be verified in imagery and are assessed as 

potential false alarms.  In the WorldView-3 imagery, a total of 87 photovoltaic solar 

arrays were detected; 84 of the arrays are assessed as true detections, while three are 
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assessed as either false alarms or are unverifiable.  As discussed previously in paragraph 

5.1.6, 11 additional valid detections are removed from the adjusted relative probability of 

detection calculation.  

Table 5-5 shows the results of the relative detection of photovoltaic solar array 

detection capability of WorldView-3 data and the associated processing routines when 

compared to AVIRIS-NG data and its processing methods using equations 5.4 thru 5.6. 

The scores shown the adjusted relative probability of detection (aPd), the relative false 

alarm rate (rFAR), and the relative miss percentage (rMp). 

 

Table 19 Commercial study area relative assessment of MSI target detection to HSI target detection 

Relative Target Detection Assessment in Commercial Study Area 

 aPd  rFAR rMp 

Results .97333 0.89655 14.65% 

 

5.3 Analysis and Discussion 

Analysis of the results in section 5.2 show that for the residential study area, the 

WorldView-3 data and associated processing routine was able to detect approximately 

22% of the solar arrays that the AVIRIS-NG data processing detected.  False alarms as a 

function of the overall amount of detections was over four times higher for the 

multispectral data when compared to the hyperspectral data, but the hyperspectral data 

had a validated false negative rate of 8.69% when compared to validated multispectral 

data.  
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In the commercial area, the MSI data processing detected 97% of the arrays that 

were also detected in the HSI data and the MSI data produced more overall validated 

detections than the HSI (84 for WorldView-3 and 75 for AVIRIS-NG).  False alarms for 

both sources were very low with three for WorldView-3 and three also for AVIRIS-NG, 

and the relative false alarm rate was less than one, meaning that there were more false 

alarms relative to detections for the HSI data than in the MSI data.  As was the case with 

the residential study area, there were a significant amount of detections missed by the 

AVIRIS-NG data that were detected by WorldView-3, as the HSI had a false negative 

rate of 14.65%.   

In the commercial study areas, the photovoltaic solar arrays are larger than those 

in the residential study area.  To verify this, a representative subset of residential solar 

arrays detected by AVIRIS-NG was measured using the WorldView-3 panchromatic 

imagery and tools within ArcGIS.  Table 5-6 shows the results of these measurements. 

 

Table 20 Residential Solar Array Measurements versus Commercial Solar Array Measurements 

Residential Study Area Solar Array Measurements 

Max Area 

(m2) 

Min Area 

(m2) 

Mean Area 

(m2) 

Arrays detected by 

WorldView-3 

112.4 24.2 63.9 4 

Commercial Study Area Solar Array Measurements 

Max Area 

(m2) 

Min Area 

(m2) 

Mean Area 

(m2) 

Arrays detected by 

WorldView-3 

708.7 134.2 281.1 10 
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Of the four arrays detected by WorldView-3, three are larger than 75 m2 while one 

was a smaller than average sized array of 48.5 m2.  The small array detected likely was a 

single nearly pure pixel, while the other arrays detected were likely spread across 

multiple pixels, with one having the dominant spectral response of the solar array for a 

single pixel.  In the commercial study area, the arrays were larger overall and a sample 

measurement of 10 detected arrays produced the results shown also shown in Table 5-6. 

In areas where the photovoltaic solar arrays are consistently larger, the results from the 

WorldView-3 processing routine was comparable to the results from the HSI data, while 

in areas where the solar arrays are smaller, WorldView-3 results were not as similar.  

This indicates a strong relationship between detection ability and array size and is further 

supported by the fact that the WorldView-3 pixels are nearly twice as large as the 

AVIRIS-NG pixels.  The adjusted relative probability of detection in the commercial area 

was over .97 which also indicates that as the size of the solar arrays increases, the 

WorldView-3 data becomes more comparable to the AVIRIS-NG data in terms of ability 

to spectrally detect photovoltaic solar arrays.  Additionally, the rFAR indicates that the 

MSI data actually generates less false alarms per detection than the HSI data.  Based on 

these results, it is reasonable to conclude that if the WorldView-3 SWIR were analyzed at 

the native 3.7 meter spatial resolution, the adjusted relative probability of detection in the 

residential study area would be similar that of the commercial study area. 

5.3.1 Spectral Analysis of AVIRIS-NG False Negatives 

As previously noted, most of the false negatives from the AVIRIS-NG were from 

large, commercially-sized rooftop solar arrays.  On the surface, these results are counter-
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intuitive as large solar arrays will fill multiple pixels and produce generally pure pixel 

spectral signatures of the solar panel materials.  An in-depth analysis of two 

representative examples of these results are discussed below.   

In the bottom center portion of Figure 5-3 there is an area where the AVIRIS-NG 

data processing routine did not detect a large rooftop solar array while WorldView 

detected a solar array.  Measurements in ArcGIS indicate that these arrays are over 

715m2 for the largest array and over 450m2 for the smallest of the detected arrays.  Figure 

5-4 shows the rooftop solar array area of interest, and the associated in-scene spectral 

signature; it is clear from this signature, that instead of producing the spectral signature of 

a solar panel, the conditions at the time of imagery collection were such that the solar 

array produced a significant sun glint that overprinted the solar panel spectral signature.  

As a result, the target detection algorithms were unable to detect the solar array as the 

spectral signature for those pixels do not match those of the target spectral signature. 
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Figure 5-4 AVIRIS-NG spectral signature at location of false negative in the commercial study area 

 

Another example is from Figure 5-2, where several rooftop photovoltaic solar 

arrays were detected by both AVIRIS-NG and WorldView-3, but there were several 

others that were not detected by either AVIRIS-NG or WorldView-3.  In this instance, as 

shown in Figure 5-5, the solar panel spectral signature has a glint component to it.  The 

glint component is manifested in the noisy nature of the spectral signature and elevated 

magnitude of the spectral response when compared with the known site in Figure 3-6, but 

still maintains several of the key spectral features of the solar panel spectral signature.  In 

this instance the in-scene spectral signature does not pass through the spectral verification 

process that is part of the HSI target detection processing routine.  
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Figure 5-5 AVIRIS-NG spectral signature at location of false negative in the residential study area 

 

5.3.2 Impact of User Defined Thresholds 

Another potential cause of false negatives that is applicable to both HSI and MSI 

data, but observed more often in MSI, relates the decisions made at the analytical level 

during data processing. Specifically, the initial adaptive cosine estimator (ACE) threshold 

set during the initial step of the target detection process will determine what pixels are 

nominated as candidates for further analysis. 

In Chapter 4 the ACE threshold was set dynamically at three standard deviations 

from the mean which resulted in a threshold value of .779 for the polycrystalline solar 

panel target spectral signature.  This threshold is set high to reduce the number of false 

alarms within the overall results, but has the detriment of also producing false negatives 

on pixels that have lower ACE scores than the threshold value but would otherwise pass 

through the overall spectral target detection process of spectral verification, training 

library comparison and literal confirmation.   
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During literal confirmation of a solar array detection located at GARField Park 

the solar array highlighted in red in Figure 5-6 was detected by the HSI data processing 

routine (shown as the polygon in green), while it was not detected in the MSI processing; 

nearby MSI detections are shown in yellow.  Figure 5-7 shows the results of analysis of 

this false negative.  The spectral data clearly shows a nearly exemplar spectral signature 

for the solar array in 16-band MSI data, but the ACE value of the pixels, .745, scores 

slightly below the defined ACE threshold of .779.  As a result, the pixel did not make it 

through the initial processing step and was never considered for further analysis. 

 

 

Figure 5-6 MSI false negative on a large solar array highlighted in red in the commercial study area 
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Figure 5-7 WorldView-3 false negative due to ACE threshold setting in the commercial study area 

 

Within the residential study there are additional examples where a lower ACE 

threshold would have resulted in more verified true detections.  It is also likely that as the 

ACE detection threshold is lowered, the amount of false alarms generated by the process 

will increase, and result in additional analytical workload during the literal confirmation 

process.  The challenge of probability of detection versus the probability of false alarms 

is an inherent challenge in any target detection process.  Depending on the nature of the 

analysis being conducted, one may be willing to accept a high false alarm rate in order to 

ensure more valid detections, but in other instances false alarms may be unacceptable and 

therefore the ACE threshold is set high to reduce the likelihood of false alarms.  

 Figures 5-8 and 5-9 show a location within the residential area where AVIRIS-

NG produced a validated true detection, but the same location was not identified as a 

candidate pixel due to an ACE score of .774, being just below the defined ACE threshold 
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of .779.  As was the case with the target area in the commercial study area, the spectral 

signature of the area of interest would have passed through all other steps in the target 

detection process, but was not nominated due to the ACE score being below the 

threshold. 

 

 

Figure 5-8 AVIRIS-NG true detection in the residential study area 
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Figure 5-9 WorldView-3 false negative due to ACE threshold setting in the residential study area 

 

5.4 Chapter Conclusion 

Both hyperspectral imagery from AVIRIS-NG and multispectral imagery from 

WorldView-3 are capable of detecting photovoltaic polycrystalline and monocrystalline 

silicon solar panel arrays using reference spectral signatures collected from representative 

solar panels.  In order to compare the detection capabilities of the two different sensor 

systems and data processing routines it is necessary to identify distinct study areas and 

validate all detections using high spatial resolution imagery of the study areas.  Once all 

true detections and false alarms for both systems are established is it possible to 

determine the relative effectiveness of MSI data when compared to HSI data.  As this 

study was a relative comparison of detection capabilities, false negatives within the study 

area are not addressed; there are however clear instances where both sources of data 

produced false negatives. 
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Using modified metrics derived from traditional ROC curve analysis to include 

the adjusted relative probability of detection, which uses the validated detections from the 

hyperspectral data as the baseline but accounts for the fact that there are instances within 

the study area where the multispectral processing detected solar arrays that the 

hyperspectral routine did not, provides useful data.  The results of this metric indicate that 

in the residential study area where the solar arrays are generally under 100 m2 in area, the 

WorldView-3 data, with its 7.5 meter pixel size is effective in detecting only 

approximately 22% of the arrays detected by AVIRIS-NG data with a 4 meter pixel size.  

In the commercial study area, however, where solar arrays are much larger, the 

multispectral data was able to detect nearly 97% of the solar arrays detected by the 

hyperspectral data.  This information provides strong evidence that the spectral data 

derived from WorldView-3 imagery is capable of routinely detecting solar arrays; the 

limiting factor appears to be the pixel size of the data when compared to the size of the 

target array.  

Nearly as significant as the adjusted relative probability of detection, the relative 

false alarm rate between the MSI and HSI is another useful measure. The relative false 

alarm rate is a ratio between the validated false alarms within the study areas compared to 

the overall number of detections within the study area.  For the residential area, the 

relative false alarm rate was 4 times higher for the MSI data than for the HSI data, but in 

the commercial area, with the larger solar arrays, the relative false alarm rate was lower 

for the MSI data, with more false alarms being generated relative to the overall detections 
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from the HSI data.  Again, this indicates that as the size of the solar arrays increases, the 

overall effectiveness of the lower spatial resolution data increases.  

While this study is not intended to determine the absolute probability of detection 

of photovoltaic solar arrays using either HSI or MSI data, from a relative sense there are 

many instances where the MSI data detected solar arrays but the HSI data did not.  In 

nearly every case, the solar arrays that the MSI detected, but the HSI did not occurred on 

large commercial-scale rooftop installations rather than on smaller, residential-scale solar 

arrays.  In order to conduct the adjusted relative probability of detection calculation, these 

HSI false negatives were removed from the MSI true detections count.  This removal of 

MSI true detections hurts the overall relative probability of detection scores, and to 

account for this penalty, the relative HSI miss percentage is calculated.  In the residential 

study area the relative HSI miss percentage of 8.69%, and in the commercial study area 

the miss percentage was 14.65%.  These values indicate that there are significant amounts 

of solar arrays that the HSI did not detect in both study areas and provides a balanced 

assessment of the capabilities of MSI data when compared to HSI.  

False negative outliers are assessed to fall into one of two categories: 1) 

phenomenology effects and 2) analytical decisions, and in some cases both types are 

present.  With regards to HSI data, solar glint is assessed to be a significant source of 

false negatives, and this glint combined with analytical thresholds in the spectral 

verification process can cause arrays to be removed from consideration as in-scene 

spectral signatures do not closely match those of the target signature.  Likewise, for the 

MSI data, false negatives are often the result of analytical decisions regarding the target 



131 

 

detection threshold settings. As one lowers the threshold for detection of candidate pixels, 

more valid true detections will be identified, but this will also have the effect of 

increasing the amount of false alarms within a scene.  

Overall it is assessed that WorldView-3 VNIR/SWIR imagery and its associated 

processing is capable of detecting photovoltaic solar arrays using spectral detection 

techniques at a level comparable to that of AVIRIS-NG hyperspectral imagery if the 

target solar array is large in size relative to the pixel size of the MSI imagery.  Under the 

right circumstances, smaller, residential-sized solar arrays are detectable with the MSI 

data, but HSI is better suited to this level of detection.  This is primarily due to the higher 

spatial resolution of the HSI data; in the future if WorldView-3 data were to be released 

at its native spatial resolution of 3.7 meters, it likely that the MSI data performance 

against these smaller solar arrays will increase.  This assessment, however, will need to 

be re-evaluated if the spatial resolution restriction is lifted and a similar study conducted 

to evaluate the validity of the conclusions presented here.  
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CHAPTER SIX - REMOTE SENSING APPLICATIONS FOR MONITORING 

PROGRESS IN MULTIPLE SUSTAINABLE DEVELOPMENT GOALS 

WorldView-3 data, which is globally available, can be used to directly monitor 

growth, change and progress in UN Sustainable Development Goal #7: Affordable and 

Clean Energy.  Several other sustainable development goals including Sustainable 

Development Goal #2: Zero Hunger and Sustainable Development Goal #6: Clean Water 

and Sanitation (UN SDG Knowledge Platform, 2018) can also be monitored using space-

based remote sensing capabilities and tools as an additional benefit by monitoring the 

growth of reliable energy sources in the developing world. Monitoring progress in these 

other goals is viable through the concept of the Food-Energy-Water nexus, which is 

described by Food and Agricultural Organization of the United Nations (FAO).  A 

linkage of these three distinct, but interconnected security goals is critical to the overall 

goals of sustainable development.  Change, whether positive or negative, in any one of 

the three areas of food security, water security and energy security often have either 

direct or indirect impacts on the other two (FAO, 2019).  The three are interconnected at 

practical and resource levels as well. For example, according to the UN Water 

Organization, close to 70% of global water usage is related to agriculture and food 

production/distribution accounts for approximately 30% of the global energy 

consumption.  At the same time, global demand for water is expected to increase by over 



133 

 

50% in the next 30 years and this increased water demand will require the generation and 

consumption of energy for pumping, treating, and storing water (UN Water, 2019). 

6.1 Food, Energy and Water 

6.1.1 Water Use for Irrigation in Sub-Saharan Africa 

Water availability and food security in sub-Saharan Africa are heavily 

intertwined, and in many cases hunger and famine can be directly tied to a lack of reliable 

water access for agricultural purposes (Burney et al., 2013).  In many regions of sub-

Saharan Africa, agriculture relies nearly completely upon rain and the growing season is 

limited to a three to six month rainy season due to the fact that only slightly over 5% of 

dedicated agricultural land is irrigated (ACET, 2017).  Large scale irrigation projects 

such as dams and irrigation canals at the regional level have proven to be challenging and 

prolonged drought along with inconsistent rainfall have created a situation where sub-

Saharan Africa has seen a drop in per-capita production of staple crops over the last 50 

years (Burney et al., 2013).  One potential solution to the lack of irrigation infrastructure 

in sub-Saharan Africa is the concept of distributed irrigation.   

Much like the concept of distributed power generation, where energy is consumed 

near where it is generated, distributed irrigation systems are scaled at the community and 

even at the individual farmer level. These irrigation systems provide a reliable and 

sustainable source of water for agricultural purposes that can be developed and 

implemented much more quickly than a large centralized irrigation project (ACET, 

2017).  In many cases community-scaled distributed irrigation projects in sub-Saharan 

Africa can access significant groundwater resources which are adequate to meet the needs 
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of residential applications and small-scale farming (Burney et al., 2013).  Accessing 

groundwater requires limited infrastructure at the community and smaller scales, but still 

poses accessibility problems due to the initial startup and maintenance costs. In addition, 

since many of the pumps are fossil-fuel powered, there is an additional cost associated 

with fuel requirements that must be factored into the overall expense for operating such a 

system. An alternative to fossil-fuel powered water pumps that is proving to be viable 

from both a technological and economic perspective is solar powered water pumps. 

(Burney, et al., 2013).   

6.1.2 Photovoltaic Solar Power for Groundwater Pumping 

Solar power provides the potential for a relatively cheap, clean, and renewable 

source of energy that can be used for water pumping which can be useful for both 

agricultural production and human consumption.  In many cases, using photovoltaic solar 

power sources for water pumping is cost-competitive with fossil-fuel powered pumps and 

requires less overall maintenance over the life of the pumping system (World Bank, 

2018). Additionally, solar powered pumps generally have a longer lifespan than 

traditional diesel powered pumps and can operate without human interaction which can 

free up individuals to perform other more value-added agricultural tasks. While having 

more significant initial costs (costs for a complete system in Kenya are estimated to be 

$2,400 USD compared to approximately $300 USD for a diesel powered system), solar 

powered water pumps are one of the more commonly used applications of photovoltaic 

solar power generation, particularly in rural areas (FAO, 2018; Benghanem et al., 2018).  

Figure 6-1 from the USDA shows the basic concept of a solar powered water pumping 
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system with four subsystems: 1) the solar panel array, 2) the charge controller, 3) the 

electrical pump, and 4) the water storage system (USDA, 2010). 

 

 

Figure 6-1 Solar powered water pump basic concept (USDA, 2010). 

 

6.1.3 Quantifying Available Solar Energy 

Since photovoltaic solar arrays are obviously dependent on incoming solar 

radiation as the source of fuel it is necessary to consider the available amount of solar 

energy present at a specific location. Solar panels are rated in terms of either watts or 

kilowatts and represent the peak amount of power that a solar panel can produce at a 
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given instant in time. It is, however, necessary to also determine the amount of energy a 

given solar array can produce to power electrical devices; this can be accomplished using 

an estimate of the amount of incident energy from the sun on a solar cell over a given 

period of time using a value referred to as full sun hours.  

Full sun hours is a measurement of the amount of time that a solar array will have 

peak solar energy incident upon it with units equaling kilowatts per square meter per day 

(kWh/m2/day).  For a given location, the amount of incoming solar radiation for a full sun 

hour is 1000 watts per meter squared (w/m2) (World Bank, 2018).  It should be noted, 

however, that full sun hours do not equal, or even most cases does not approach, the total 

amount of daylight for a particular location.  Since solar insolation is weaker at sunrise 

and sunset, the amount of hours when solar insolation is at or near peak insolation for a 

location is often much less that the total hours of daylight.  Figure 6-2 from the World 

Bank shows a visualization of daylight (depicted by the solar irradiance curve) versus full 

sun hours. The area underneath both the blue paraboloid and the rectangle are the same, 

indicating that full sun hours account for all incoming energy throughout the day, not just 

the near solar noon (Solar Power Authority, 2019, World Bank, 2018). 
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Figure 6-2 Full Sun Hours compared to solar insolation (World Bank, 2018). 

 

The World Bank Group has produced maps that show the yearly average of solar 

energy potential for many different locations around the globe.  Figure 6-3 shows the 

photovoltaic power potential for sub-Saharan Africa and indicates that all of the land area 

has greater than 4 kWh/m2/day of incoming solar radiation.  According to sources 

associated with the United States Department of Energy, 4 full sun hours is the minimum 

value at which solar panels can optimally operate (EnergySage, 2019). 
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Figure 6-3 Full Sun Hours for sub-Saharan Africa (Global Solar Atlas, 2018). 

 

6.2 Assessing Power Requirements for Irrigation and Drinking Water 

As previously discussed, solar power can provide water pumping stations to 

communities for both agricultural and residential uses in rural areas of the developing 

world. The World Bank estimates that approximately 10KW of solar power is required to 

provide enough water for a village of 2000 people, assuming adequate water supply, 4.5 
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full sun hours per day and the availability of components (World Bank, 2018).  As this 

estimate is based off standard test conditions (STC) and maximum rated solar array 

performance, it is advisable to consider the conditions associated with PVUSA test 

conditions (PTC) (see Chapter 3.1.4.5 for a discussion of both STC and PTC).  

Accounting for a 10-15% reduction in power based upon the use of PTC conditions it is 

necessary to build an array that can produce approximately 12,000 watts of power 

(Myers, 2015).   

Working backwards from the solar power estimation equation (equation 3.4) 

discussed in detail in Chapters 3 and 4 it is possible to estimate the physical size of a 

solar array to meet these power requirements.  In the above example 𝑃𝑠 is known and 

equals 12 kilowatts (the required power to run a residential water pump for 2,000 people), 

and 𝑒𝑠 can be assumed to be 15% as it is likely that less costly polycrystalline silicon 

solar panels will be used. 𝐼𝑠 is assumed to be 1000 w/m2 and s is not necessary since PTC 

conditions were assumed during the calculation of the overall power requirements.  

Rearranging this equation to solve for 𝑎𝑠  (the area of solar panels) one can determine that 

a solar array to provide drinking water to 2,000 people must be approximately 80 square 

meters in size.  

6.3 Analysis and Discussion 

As water requirements change, the size of the solar panel array scales linearly 

(i.e., 1000 people will need a 40 m2 solar array to meet their water needs).  This means 

that for a small community of 500 people, a solar array of 20 m2 would be adequate. 

Using the Baylands Interpretive Center as a point of reference, with solar arrays that 
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measured a total of 140.5 m2 that covered four pixels of WorldView-3 data (7.5 meter 

pixels – 56.25 m2) and the analysis of successful detection of solar arrays within the 

residential areas (the smallest being 24.2 m2) such an array would likely be at the limits 

of detection for WorldView-3 imagery.   

In the example described above, the photovoltaic solar powered water pump is 

capable of providing approximately 30 liters/day per person for a total of 60,000 liters (or 

60 m3) per day (World Bank, 2018).  While there are many variables that must be 

accounted for, the World Back has estimated cultivation of a staple crop such as maize 

requires 15 m3 of water per day per hectare (100m x 100m) of cropland, while a root crop 

such as potatoes require 10 m3 of water per day per hectare.  In the same manner, 

livestock also require significant water resources to thrive in a grazing environment; a 

single head of cattle requires 40-50 liters of water per day while a single pig requires only 

10 liters of water per day (World Bank, 2018).   

Based on these figures, and the fact that nearly 70% of all water consumption is 

associated with agriculture, it is obvious that agriculture requires significant water 

resources. In developing parts of the world which rely upon solar powered water pumps 

the overall number of solar arrays, as well as their size will be significantly greater in 

areas where water pumping is used to support agriculture rather than residential uses.  

Remote sensing capabilities such as those demonstrated in this research can likely assess 

the establishment and growth of distributed irrigation systems that rely upon solar 

powered water pumps and differentiate them from residential applications based upon the 

sizes of the arrays as well their estimated power production capabilities.  For example, a 
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single small scale array of 80 m2 in size is likely supporting residential activities such as 

household electricity and water pumping.  If multiple arrays or larger individual arrays 

are co-located it may be an indication that the solar power capacity is potentially 

supporting agricultural activities either independently or along-side residential activities.  

An added benefit of using a system such as WorldView-3 with both high spectral and 

spatial resolution (particularly when utilizing the panchromatic band) is that many literal 

observables will be present that can indicate the intent of the solar array. Figure 6-4 

shows a typical solar powered irrigation system solar array situated in an agricultural 

field in Gambia with multiple literal observables present that would indicate agricultural 

production in a high spatial resolution image. 
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Figure 6-4 Typical solar powered irrigation system (FAO, 2018). 

 

6.4 Chapter Conclusion 

Previous chapters have clearly demonstrated that remotely sensed data from both 

airborne and space-based spectral imagery capabilities have the ability to effectively 

detect photovoltaic solar arrays and to quantify the amount of solar power a particular 

array can produce.  Using this information it is therefore possible to monitor and assess 

change towards multiple sustainable development goals.  Since food access, energy 

access, and water access are intertwined based on the Food-Energy-Water Nexus, being 

able to directly observe and quantify progress in Sustainable Development Goal #7 can 

provide indirect observations of progress in Sustainable Development Goal #2: Zero 
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Hunger and Sustainable Development Goal #6: Clean Water and Sanitization. This 

quantification and observation from remotely sensed imagery can provide governments 

and non-governmental organizations with critical information not only on where progress 

is being made with relation to sustainable development goals, but it can also be used to 

identify areas of need where future investment can be focused.  This investment can take 

many forms and may include economic aid, infrastructure development and/or education 

initiatives and can be driven in a thoughtful manner based on locations where need is 

assessed to be the greatest.  
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CHAPTER SEVEN – CONCLUSIONS AND FUTURE WORK 

7.1 Conclusions 

The research in the preceding chapters was conducted to answer three broad 

research topics that are shown in Figure 7-1. 

 

 

Figure 7-1 Dissertation research topics 
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With regards to Research Topic #1, photovoltaic solar panels are shown to have a 

unique spectral signature that is consistent across multiple manufacturers and 

construction methods, and as a result are readily detectable in hyperspectral imagery.  

Solar panels are proven to be detectable using common statistical target detection 

methods such as the adaptive cosine estimator and false alarms can be mitigated through 

the use of a spectral verification process that eliminates candidate pixels that do not have 

the key spectral features of a photovoltaic solar panel reflectance spectrum.  A difference 

index, the Normalized Solar Panel Index (NSPI), is described and is a key component in 

the process to mitigate false alarms.  Once detected, these solar panel arrays are 

confirmable on openly available literal imagery and can be measured using numerous 

open-source materials.  The measurements allow for the assessment of the overall solar 

power generation capacity using an equation introduced that accounts for solar insolation, 

the area of solar panels, and the efficiency of the solar panels’ conversion of solar energy 

to power. Using a known location with readily available information on the solar array 

power output, the methods outlined in this paper estimate the power generation 

capabilities within 6% of the rated power at the Baylands Interpretive Center solar array.  

These small differences can be accounted for in measurement errors, as well as other 

factors such as the inclination of solar array with respect to the nadir view direction of the 

sensor.  

In Research Topic #2, the results show that WorldView-3 16-band VNIR/SWIR 

multispectral imagery can be used for spectral analysis and that the target detection 

algorithms developed for hyperspectral imagery are applicable to lower spectral 
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resolution datasets with some limitations and requirements for additional processing 

steps.  The processing steps effectively reduce false alarms and produces a false detection 

rate of less than 4%.  Once detected, it is shown that it is possible to estimate the solar 

power generation capacity of a solar array to within 4% of the rated power output using 

co-collected high spatial resolution panchromatic imagery and previously validated 

techniques for estimating solar power production from the Baylands Interpretive Center 

solar array.  

In Research Topic #3, in order to compare the detection capabilities of the two 

different sensor systems and data processing routines it is necessary to identify distinct 

study areas and validate all detections using high spatial resolution imagery of the study 

areas.  Once all true detections and false alarms for both systems are established is it 

possible to determine the relative effectiveness of MSI data when compared to HSI data.  

As this study was a relative comparison of detection capabilities, false negatives within 

the study area were noted but utilized in further analysis of the relative detection 

capabilities between HSI and MSI data. 

 The results indicate that in the residential study area where the solar arrays are 

generally under 100m2, the WorldView-3 data, with its 7.5 m pixel size is effective in 

detecting only approximately 20% of the arrays detected by AVIRIS-NG data with a 4 m 

pixel size.  In the commercial study area, however, where solar arrays are much larger, 

the multispectral data was able to detect nearly 90% of the solar arrays detected by the 

hyperspectral data.  This information provides strong evidence that the spectral data 

acquired by WorldView-3 is capable of routinely detecting solar arrays; the limiting 
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factor, unsurprisingly, is the pixel size of the data when compared to the size of the target 

array.  

 Overall it is assessed that WorldView-3 VNIR/SWIR MSI imagery and its 

associated processing is capable of detecting photovoltaic solar arrays using spectral 

detection techniques at a level comparable to that of AVIRIS-NG hyperspectral imagery 

if the target solar array is large in size relative to the pixel size of the imagery.  Under the 

right circumstances, smaller, residential-sized solar arrays are detectable with the MSI 

data, but HSI is better suited to this level of detection.  This is primarily due to the higher 

spatial resolution of the HSI data; now that WorldView-3 data are released in their native 

spatial resolution of 3.7 meters, it likely that the MSI data performance against these 

smaller solar arrays will increase.  This assessment, however, will need to be re-evaluated 

now that the spatial resolution restriction has been lifted and a similar study conducted to 

evaluate the validity of the conclusions presented here.  

The results from the three research topics clearly demonstrate that remotely 

sensed data from both airborne and space-based spectral sensors have the ability to 

effectively detect photovoltaic solar arrays and to quantify the amount of solar power a 

particular array can produce.  Using this information it is therefore possible to monitor 

and assess change towards multiple sustainable development goals.  Since food access, 

energy access and water access are intertwined based on the Food-Energy-Water Nexus, 

being able to directly observe and quantify progress in Sustainable Development Goal #7 

can provide indirect observations of progress in Sustainable Development Goal #2: Zero 

Hunger and Sustainable Development Goal #6: Clean Water and Sanitization. This 
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quantification and observation from remotely sensed imagery can provide governments 

and non-governmental organizations with critical information not only on where progress 

is being made with relation to sustainable development goals, but it can also be used to 

identify areas of need where future investment can be focused.  This investment can take 

many forms and may include economic aid, infrastructure development and/or education 

initiatives and can be driven in a thoughtful manner based on locations where need is 

assessed to be the greatest. 

7.2 Future Work 

7.2.1 Assessing Detectability of Photovoltaic Solar Panels Based on Target Size 

versus Ground Sample Distance 

A current limitation of the research presented is that there is no study or 

determination of the limits of detection with regards to the spatial size of a solar array 

using either HSI or MSI and the described processing techniques. While there are 

observations that the ground sample distance (or pixel size) of the imagery has a direct 

impact on the ability to detect small photovoltaic solar panel arrays, a determination of 

the smallest detectable solar arrays has not been conducted. Such a quantification is 

necessary to fully determine the limits of detection for both WorldView-3 multispectral 

imagery as well as the AVIRS-NG hyperspectral datasets.  

One way to quantify the limits of the detection algorithms for a specific sensor 

and modality (WorldView-3/multispectral or AVIRIS-NG/hyperspectral) is to conduct a 

ground truth campaign in conjunction with a controlled imagery test collection.  In such 

an event, photovoltaic solar panels at know sizes would be placed in test array; the sizes 
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of the array would begin with a set of solar panels (likely polycrystalline silicon solar 

panels due to their more affordable, and therefore, more common nature) that are sized at 

or near the size of a single pixel.  In the case of an array built to test the limits of 

detection for WorldView-3 imagery, the largest array would be sized at 7.5 meters on a 

side (approximately 56 m2).  While it is highly unlikely that a single pixel would cover 

the entire panel array, the array would likely fall into multiple pixels and be observable 

due to the point-spread function of the sensor.  Observations from the discussed research 

have shown that the smallest targets detected are roughly 25 m2 and as a result testing to 

determine limits of detection would be focused around this target size. Additional arrays 

would be sized at roughly  7 meters, 6 meters, 5 meters, 4 meters, 3 meters, 2 meters and 

1 meters on a side (49 m2, 36 m2, 25 m2, 14 m2, 9 m2, 4 m2 and 1 m2) in order determine 

the smallest size that WorldView-3 processing is able to routinely detect.  As it is highly 

unlikely that such an array could be built due to the expense involved, an array that 

covered the 25 m2, 16 m2 and 4 m2 array would likely serve as an acceptable surrogate for 

testing purposes, and would provide adequate information to make an assessment of the 

limits of detection of the WorldView-3 system with its 7.5 meter pixel size.  

7.2.2 False Alarm Assessment in a Controlled Environment 

As was discussed in Chapter 5, standard metrics used to quantify detection 

performance for hyperspectral and multispectral target detection algorithms such as the 

adaptive cosine estimator (ACE) may be of limited utility.  This is particularly the case 

with the Receiver Operator Characteristic (ROC) curve when it is applied to target 

detection algorithm results.  As nearly all pixels within an image will be correctly 
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classified as true negatives, the probability of detection and probability of false alarm 

scores based on either counting of pixels or more generalized at the target level may not 

be a useful metric.   

In the biomedical community where there are similar sets of data where many to 

most of the samples will be negative, while very few of the samples will be positive, 

research has shown that precision/recall metrics can more accurately predict classified 

results in heavily skewed datasets (Sato and Rehmsmeier, 2015).  Within the context of 

target detection algorithms, negative results are pixels that do meet the binary decision of 

target declaration (this accounts for the vast majority of pixels within a scene) and 

positive results are those pixels that are declared targets by the target detection routine 

(this number will be often be less than 1% of the pixels). Precision within a target 

detection context can be thought of the amount of true positives divided by the total 

number of detections in a scene, while recall can be defined as the number of true 

positives detected when compared to the total number of targets within a scene.  

As we saw in Chapters 3, 4, and 5 even within this small number of declared 

pixels of interest there are still false alarms. The target pixels that were verified as valid 

targets of interest (i.e., solar panels were present in the scene at the assessed location) are 

considered true positives, while those detection pixels that were false alarms are 

considered to false positives.  

The application of precision/recall metrics to the results of remotely sensed target 

detection results also requires complete ground truth in the sense that one must know how 

many targets of interest the detection algorithm should be expected to find.  To 
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accomplish this, two potential ground truth collections activities could be performed: the 

first is the emplacement of a known amount of solar arrays within a test range and the 

second is a ground truth campaign consisting of thorough analysis of ground observations 

as well as examination of spectral imagery from any of a number of data sources. Once 

the overall number of solar arrays is known, the target detection routines discussed in 

Chapters 3 and 4 can be performed (based upon the imagery data available) and 

precision/recall metrics can be determined.  Figure 7-2 shows the equations used to 

calculate both precision and recall with regards to target detection algorithms while Table 

7-1 shows the precision/recall values returned for a hypothetical target detection process 

where there are 10 known photovoltaic solar arrays, 8 valid target detections and 5 false 

alarms. 

 

 

Figure 7-2 Precision and Recall Equations 

 

 

 



152 

 

Table 7-1 Precision/Recall of a hypothetical example 

Precision / Recall 

Total Targets 10 

True Detections 8 

False Alarms 5 

Precision .61 

Recall .80 

 

Conducting thorough ground truth experiments and generating precision/recall 

metrics could provide significant information to better refine the process to detect 

photovoltaic solar arrays in two distinct ways.  The most important result from such 

testing would be to empirically determine thresholds for detection settings used in the 

ACE target detection process that would enable the highest probability of detecting all of 

the materials of interest.  The second benefit would be an understanding of the scale of 

false alarms that would be expected within an area of interest, and provide insight on the 

amount of resources necessary to implement such a target detection routine for a large 

area.  

7.3 Final Thoughts 

The research presented in this document has definitely shown that remotely 

sensed data can be used to detect photovoltaic solar panels using both hyperspectral and 

16-band multispectral data.  The process involves the use of many different sources of 

data and provides a framework for developing large scale application of remotely sensed 

data to aid in the observation of progress towards attaining several different UN 

Sustainable Development Goals.  Nonetheless, there is still work to be done to further 

refine the processes described and to become more confident in the results.  Inevitably, 
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new sources of data will be available and new processing routines are being developed 

and it is hoped that this research may provide useful information to those who expand on 

these ideas and implement them in a practical manner.   
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