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Photo-Voltaic Energy System Siting Efficiency in Boone County, Missouri 

  

  

Abstract 

  

 

 Validating the real world performance of predictions made by scientific models is 

useful for both model makers and model users while identifying underperforming or over 

performing solar systems are of importance to planners and engineers.  Stakeholders of 

organizations expending resources on renewable power projects also have an interest in 

comparative performance values.  This study evaluated the ability of Esri’s points solar 

radiation tool to predict solar power production and the relative efficiency of photo-

voltaic systems in the study area.  The installed conversion efficiency of existing solar 

photo-voltaic systems was evaluated, and attempts were made to correlate discrepancies 

with climate data in order to discover the relationship between advertised ideal generation 

capacity and real world results.  The performance of photo-voltaic energy generating sites 

was collected and analyzed against their calculated theoretical maximums based on solar 

conversion capacity and available solar energy derived from analysis of a digital 

elevation model in Boone County, Missouri, using Esri’s points solar radiation tool.  

Deviations from expected generation levels were correlated with temperature data, and 

regression analysis was performed to determine what amount of variability could be 

explained by temperature. Results indicated that temperature could have an impact on 

generation but impact of cloudiness was negligible.  Problems with the model and 



 iv 

 

 

variance in data make further more detailed conclusions problematic.  Sites that behaved 

abnormally were identified and may be of use to operators and stakeholders for follow up 

investigation or changes in operation and maintenance.  
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1. Introduction 

 
A growing awareness of the ecological impacts of traditional energy generation 

methods has driven efforts to incorporate new sources of power into the complex 

structures of modern economic life.  Renewable energy is a fast growing section of the 

world’s energy portfolio on local and regional levels.  While activists call for more rapid 

adoption of the technology, most installations today depend upon government 

intervention to be cost competitive with dirtier forms of generation and transmission.  

This intervention takes various forms in different places, such as government tax rebates, 

subsidized manufacturing, and even direct construction by municipal and state authorities 

(IEA, 2013).   

While there are well established indexes of potential solar energy in various 

regions, these can be affected by the particular site and situation of installation (Ruiz-

Arias et al., 2009).  Using a predictive model may help in both producing more green 

energy on the local level and maximizing return on investments to private and public 

institutions.  However, it is important to know how reliable and how accurate such a 

model could conceivably be.  It is often unknown to planners and the public how much 

solar energy can be harvested in a specific location apart from the general mean for 

climactic zone and latitude.  This study seeks to examine how well real life photo-voltaic 

systems in a local area perform in relation to a predictive model.  A case study of how 

several existing systems in the field generate power in relation to their theoretical yields 

as predicted by models would be beneficial to not only planners and users of the model, 

but also to the maintainers of the model and developers of new models.  There is always a 
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danger when non-specialists utilize GIS to make business decisions based on data that is 

not fully understood.  It should be easy to imagine a utility operator or private entity 

consulting a model and creating long term plans for construction of solar energy projects 

based on how much radiation will strike a given region.  Knowing how much energy is 

actually returned when using these models could prevent an overly optimistic or trusting 

planner from placing her organization into a difficult long term situation. 

 In order to quantify some of this uncertainty, a GIS-centered attempt to evaluate 

the output and efficiency of photo-voltaic generation sites in a narrow geographic area 

was undertaken using environmental, climate and remotely sensed elevation data in order 

to account for any variability from expected values.  A GIS solar energy model was used 

to determine the potential energy and compare these levels to the actual generation at a 

number of photo-voltaic installations during the year 2012.  The results were then 

submitted to statistical analysis in order to determine the degree to which the realized 

generation diverges from the ideal potential generation. 

 

1.1 Background and Need 

 
 Sunlight is a primary source of energy for all life on earth through the natural 

process of photosynthesis.  Energy is transmitted from nuclear reactions on the sun to 

chemical reactions in plant cells on earth.  Humans are able to mimic this process with 

technical constructs that harness the energy for their own ends.  Since the second half of 

the twentieth century scientists have developed increasingly complex artificial means of 

harvesting the sun’s energy and converting it into useful work such as collecting solar 
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energy to create electrical power for general consumption.  A prominent example of this 

technology is the photo-voltaic cell, commonly mounted on rigid panels and placed in 

sunlight abundant areas.  A photo-voltaic cell is an electrical device that converts the 

energy contained within light directly into electricity by way of the photo-voltaic effect.  

The photo-voltaic effect describes the process where light striking a material surface 

causes the valance band of metallic atoms to absorb energy, become excited, jump to the 

conduction band of the atom, and become free.  In a photo-voltaic system a circuit is 

completed when these free electrons are attracted to positively charged electrodes and the 

absorbed light energy is converted into electrical energy.  Upon exposure to light, photo-

voltaic cells can generate and maintain an electric current without being attached to an 

external source (Palz, 2010). 

 Incoming energy is carried to the earth's surface by solar radiation, which consists 

of three parts: direct radiation which comes direct from the sun without changing 

direction, diffuse radiation that is part of the energy scattered to the earth's surface by 

atmospheric interference, and reflected radiation that is bounced off surrounding terrain 

features.  These three components form the global solar radiation that reaches the earth.  

In order to predict solar resources and optimize solar power systems, attempts to model 

this radiation through GIS have been developed using various methods such as 

interpolation, observation, statistical analysis or hybrids thereof (Liu et al., 2012). 

 Due to the logistical and economic benefits to be had from such systems, 

enthusiasm for small and large scale solar projects has greatly increased in recent years 

(Sawin, 2012).  Systems intended to deliver power to specific applications and to feed the 

general grid are being increasingly deployed thanks in part to a confluence of factors, 
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including rapid technological progress in materials and design, growing anxiety over the 

environmental impacts of fossil fuel based energy generation schemes, and related issues 

of climate change and resource security.  Despite these factors, solar power generation as 

it currently exists is often a controversial issue.  Adoption is affected by a number of 

issues such as economic, political or cultural prejudices and realities (Kwan, 2012).   

Despite the obvious environmental and sustainability benefits, there remain questions 

over reliability, cost, and scalability.  In the case of public monies disbursed for 

installation of photo-voltaic systems, the public as well as the constructing institution has 

an interest in determining the efficacy of siting and installation.  Additionally, a deeper 

understanding of factors in the field that are not properly represented in evaluating 

applications of models with field data in real world conditions may assist decision makers 

in public and private contexts.  Utilities often resist or lobby against policy mandates 

relating to solar and other renewable energy citing these very issues (Cunningham, 2012).  

The International Energy Agency (IEA) itself came down on the side of utilities when it 

released its World Energy Outlook report in 2013 when it publicly questioned the worth 

of private residential solar installations and accused them of being 'free riders' on the grid 

system (IEA, 2013).  Skepticism over the use of small scale private photo-voltaic systems 

has even led utilities to begin charging fees to owners for simply operating a system 

connected to the grid (Martin, 2013). 
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1.2  Research Questions 

 
 The research objective of this study is to evaluate the siting efficiency of photo-

voltaic systems in Boone County, Missouri, and if possible to account for anomalies 

between rated generation capacity and actual achieved generation, as well as determine to 

what extent variability of generation values can be explained by identifiable 

environmental variables such as climate, temperature and cloud cover. 
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2. Literature Review 

 

2.1  Mechanical Issues 

 
Before environmental and operational factors can be evaluated, there are 

mechanical sources of uncertainty in the theoretical efficiency of photo-voltaic systems.  

An inverter converts the electricity generated by a photo-voltaic system from direct 

current (DC) into the alternating current (AC) that is used by the electrical grid as well as 

the vast majority of appliances and equipment.  This conversion itself is a point of 

possible inefficiency.  One curious aspect is that temperature increases such as that 

resulting from incoming solar radiation actually reduce the conversion efficiency of a 

solar panel.  So while a solar panel may produce more total energy on a hot summer day 

with plenty of sunshine due to a greater amount of direct solar energy, the system as a 

whole is less efficient at converting received energy.  As a result solar panel engineers 

spend considerable effort managing excess heat in photo-voltaic systems (Masters, 2004).   

In order to optimize the power throughput of the inverter, a number of different 

strategies of varying complexity are employed by system manufacturers, all of which 

may have differing inherent efficiencies in the context of the installed system (Esram and 

Chapman, 2007).  Furthermore, not all inverters are equal and two otherwise identical 

photo-voltaic systems with similar panel ratings may have divergent generation amounts 

in some situations due to how the inverters are configured (Lee and Reichel, 2012).  A 

photo-voltaic system may have a centralized inverter that converts all of the DC current 

from all the system’s panels in one location before transmitting the resulting AC on to 

either the grid or an end user, or each individual panel may be equipped with a 



 7 

 

 

microinverter that works in isolation and is connected in parallel to deliver AC to end use 

cases (Lee and Reichel, 2012).  Lee and Reichel (2012) found that the inverter setup 

could have as much as 27% impact on the final AC generation values for the system in 

question when identical solar panels were used.  A performance ratio is the relationship 

between the photo-voltaic system’s nameplate generating capacity and the actual 

performance achieved by the system.  A typical modern system has a performance ratio 

between 70 and 80% (NREL, 2013) indicating that a system rated at 1000 KW under 

standard test conditions would actually only produce 700 to 800 KW. 

Although each photo-voltaic system carries a rating assigned to it by the 

manufacturer, this figure is difficult to translate to real world performance.  Common 

ratings assigned by photo-voltaic manufacturers assess the output of a panel in standard 

test conditions (STC) where solar irradiance is assumed to be 1,000 Watts per square 

meter and the panel temperatures are at 25 degrees Celsius.  These are a couple of 

assumptions that rarely equal real world conditions closely enough to assume the rated 

generation.  Despite the fact that the rating system was found to be reasonably reliable in 

conditions that mirror the STC (Myers, 2009), and the relative efficiency of the panel can 

be deduced in these environments from the produced power and a higher efficiency is 

most often better for a given application, simply knowing the relative efficiency of a 

panel may not be sufficient knowledge for some planners or procurers.   

Long term planning for utility power infrastructure development requires a 

realistic assessment of both future demand and potential power output. Photo-voltaic 

systems will likely be increasingly prominent across the industry as green energy 

initiatives continue to grow and gain governmental support.  Additionally, the enthusiasm 
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of individuals and private industry for distributed power and energy independence will 

complicate the jobs of utility operators by making it harder to predict and finance 

generation and transmission needs in the future.  While planners can select photo-voltaic 

systems of any given efficiency, the real world generation performance of these systems 

can be difficult to guarantee and may vary based on a number of factors, other than the 

temperature and irradiance, which cannot reliably be predetermined during planning.  A 

way to estimate the variability of a photo-voltaic generation system after construction 

could be valuable to planners and consumers.  Measuring how closely the reality matches 

the ideal will be valuable in estimating the return on investment on photo-voltaic systems.   

2.2  Environmental Issues 

 
There are a number of environmental factors that may impact the effectiveness of 

a deployed photo-voltaic system.  Photo-voltaic generation of electricity is dependent on 

incoming solar radiation, and the amount of solar radiation incident at a particular time 

varies with angle between the direction of the sun and the earth’s axis.  The angle 

between the direction of the sun at a given point of the earth and the earth’s axis varies 

throughout the year with the seasons and this has a measurable impact on solar generation 

(Khavrus, 2012).  Solar collection systems can be affected by atmospheric variables such 

as humidity, wind speed, and airborne particles. Each of these variables is able to affect 

the others in complex ways (Mekhilef et al., 2012).  Complex interactions can vary 

among regions, making solar energy available at ground level difficult to predict even if 

general levels are known (Hatzianastassiou et al., 2007) and can directly affect the 

efficiency of the photo-voltaic system itself.   
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Due to all the environmental and mechanical vectors of uncertainty, the total 

output of the system will likely not approach the theoretical maximum (Mani and Pillai, 

2010).  It is known among photo-voltaic system designers that a typical system does not 

convert all available solar radiation into electrical power.  There are several factors that 

contribute to energy losses in the conversion process.  These include losses before the 

system begins collection from environmental effects such as shadows, aerial particles, 

and light reflected off of the system rather than absorbed.  There are also photo-voltaic 

module losses during conversion such as low and high energy photons that are not 

absorbed by the system and thermal losses from heat.  Lastly, there are system losses 

such as those from the inverters and transmission.  For these reasons, a system is only 

able to convert a certain percentage of the whole received insolation.  The proportion of 

available ‘fuel’ a power generator is able to turn into useful power is termed capacity 

factor, and in the case of solar power systems irradiance is considered the fuel.  The 

typical capacity factor for a solar photo-voltaic system in the United States is between 15-

22% for utility scale systems (Aabakken, 2006). 

2.3  Operational Issues 

 
 Directly measuring solar radiation across a wide area or region presents many 

logistical and technical challenges.  Covering a wide area with long term dedicated 

sensors is not currently feasible but there are possible ways to approach this problem 

indirectly using more easily collected auxiliary data.  One avenue of indirect approach 

utilizes temperature as auxiliary data to evaluate incoming solar energy.  Thermal 

radiation from the sun’s plasma is transmitted to earth in sunlight, where the earth and 

objects upon it absorb the sun’s thermal energy and reemit this energy as heat.  The 
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terrestrial absorption and radiation of energy are extremely influential for determining the 

temperature and climate on the earth’s surface.  As the sun shines more directly over a 

point as it does in summer, the amount of available solar energy increases as well as the 

temperature of the air and ground (Ritter, 2003).  The link between insolation and 

temperature differences is well established.  Holch found a gradient of five degrees 

Celsius among north and south facing slopes (Holch, 1931).  This was further 

demonstrated by Wilson documenting air temperature differences of five degrees Celsius 

in spring, and nearly two degrees Celsius in summer when comparing north versus south 

facing slopes in forested areas of Quebec, Canada (Wilson, 1970).  Temperature data has 

been used to estimate solar radiation (Senkal, 2010).  However, relying completely on 

auxiliary data like this presents a number of issues.  For one, temperature cannot be 

predicted.  While climactic trends are known, these are not certainties and counting on 

climactic constants is increasingly uncertain. Second, easily obtained auxiliary data like 

temperature ignore the particulars of each system’s location and the complex 

environmental and mechanical interactions that can influence each other.   

Another avenue of approach for evaluating solar energy is to use remote sensors 

to measure reflected radiation and determine available solar energy from the results.  

Solar radiation available for energy conversion can also be analyzed passively with 

remote sensing platforms (Hammer et al., 2003).  The infrared spectrum of emitted 

sunlight carries roughly 50% of potential energy followed closely by the visible light 

spectrum with 40%.  These are all variables that when reflected can be detected by 

existing remote sensor systems and from which values can be derived with proper 

analysis and assumptions (Upensky and Scherbina, 1998).  However, remote sensing 
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platforms come with their own limitations.  They currently have a limited temporal 

resolution for a specific location and can be adversely affected by clouds and weather 

interference.  Correctly interpreting remotely sensed images and processing the data to 

discover solar radiation also requires a modest amount of knowledge and expertise which 

could be beyond the reach of some organizations interested in solar analysis. 

2.4  Modeling 

 
  Modeling provides a middle path between the unreliability of aerial and satellite 

remote sensing platforms to gauge solar radiation and the cost or logistical challenges of 

ground based direct measurement (Ruiz-Arias et al., 2009).  Modeling of many 

geophysical phenomena with the aid of GIS software has developed in recent years, and 

solar radiation is no exception.  In the specific case of solar radiation for renewable 

resources, Senkal (2010) noted that ground temperature and solar radiation are linked and 

explicitly used surface temperature in estimating solar radiation in Turkey by 

extrapolating from readings at meteorological stations.  Myers (2005) noted that due to 

the sparseness and commonly high dispersal of measuring stations, planners often depend 

on models to predict solar resources for engineering and economic decisions.  However, 

these models are often validated or developed using measured data, and the uncertainty of 

the underlying data is not always known.  While average solar energy available for 

harvest is generally a known trend on the regional level in a geographic and climactic 

sense, it is much more difficult to predict solar resources in a specific location due to 

particulars in the neighborhood of the installed system.  Liu et al. (2012) detailed many of 

the challenges facing modeling of solar insolation.  
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 Real world variables such as the interaction of sun and earth geometry (solar 

positioning, surface inclination, terrain shading), surface properties (albedo, absorptivity), 

and atmospheric characteristics (air, trace gases, dust, or water vapor present in the 

atmosphere) will interfere with the transmission of solar radiation.  Additionally, the 

different components of global solar radiation (direct, diffuse, and reflected radiation) are 

affected in different ways by each of these variables.  Shading, especially from solid 

landforms in complex terrain, can modify direct radiation by blocking sunbeams as well 

as reducing the available sky that scatters diffuse radiation.  Topography changes the 

expected proportion of all three of these components on surfaces.  Attempting to 

sufficiently model these variables is difficult and computationally complex, but they must 

all be considered separately when attempting to predict solar radiation on tilted surfaces 

such as a typical photo-voltaic system (Muneer et al., 2007).  Thus modelers often 

abstract these inputs to one degree or another.  Liu et al. (2012) considered clouds the 

most crucial parameter for calculating actual solar radiation, a view also put forward by 

Zaksek et al. (2005) but this is also the most uncertain factor to predict due to high 

variability of clouds both temporally and in three dimensional space.  Due in part to these 

complex interactions, current models are unable to confidently state which factors have 

more of an impact on surface solar radiation (Wild and Schmucki, 2011).   

Parametric models often require inputs of atmospheric variables such as water 

vapor and aerosol content.  While the correlation of air temperature and solar radiation is 

previously established, Myers (2013) noted that the mathematical constants used to 

calculate the relationship differ whether the locale is inland or coastal, and that even the 

geometry of the collector can have an impact on recorded values.  



 13 

 

 

Inclined surfaces present a challenge when attempting to predict insolation, and 

solar panels are generally tilted towards the area of maximum exposure.  Variables that 

affect insolation on tilted surfaces include horizon brightening, foreground albedo, and 

circumsolar aureole brightness.  These factors compound and as a result uncertainty for 

estimating irradiation on tilted surfaces can be twice as high, with the best performing 

models resulting in errors of 40 watts per meter squared or more under different sky 

conditions  (Myers, 2013).  A model is only as good as the input data, and a model that 

relies on raster data such as a Digital Elevation Model (DEM) that contains errors might 

give significantly different values for a specific cell or region depending on the quality of 

the data (Zaksek et al., 2005). 

2.5  Solar Analysis Tools 

 
 The model examined in this paper was originally created from a hemispherical 

viewshed algorithm published by Rich et al. in 1994 and further developed in 2002 (Fu 

and Rich, 2002).  First included in Esri’s ArcView 3.x as the Solar Analyst extension, 

solar analysis tools have been included in current versions of ArcGIS in the Spatial 

Analyst extension.  In this thesis “SA” is used to refer to the solar radiation tools in 

ArcGIS that have their origin in ArcView’s 3.x Solar Analyst.  The tools allow the user to 

define the latitude, date of exposure, and whether to model clear or occluded skies. The 

algorithm utilized by the tools is a hemispherical viewshed algorithm which computes 

insolation by calculating potential direct and diffuse radiation while generalizing factors 

not related to line of sight and does not model every variable that could affect incoming 

solar radiation (Fu and Rich, 2002).  The algorithm generates an upward-looking 

hemispherical viewshed for every location on a DEM. It takes into consideration site 
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latitude, local topography, shadows, and atmospheric attenuation.  A total radiation figure 

is computed for a particular location, and calculations for direct, diffuse, and global 

insolation are repeated for every location on the topographic surface, producing 

insolation maps for an entire geographic area as well as irradiation duration, sunmap, 

skymap and viewshed.  By use of the points solar radiation tool, computation can be 

limited to points of interest on the DEM to reduce complexity and time. 

 The ability of SA to predict solar insolation has been previously evaluated 

and compared to other models.  Among competing solar models, it was shown that SA's 

calculations differed to a significant degree from other models in some instances, could 

have trouble with non-uniformly oriented surfaces and could be more erratic for days of 

equinox and solstice (Liu et al., 2012).  SA also was observed to have a tendency to 

underestimate the daily irradiation during days with a clearness index below 0.3, 

indicating potential for lower reliability of SA's diffuse radiation model, as days of 

completely overcast or entirely clear days did not exhibit this trend and were in fact 

found to be relatively robust when verified against measured sky condition variables 

(Alves et al. 2013).  SA's results are also temporally sensitive; due to atmospheric 

interactions the model was found to be less reliable in winter and autumn than at other 

times.  While increasing the spatial resolution of the input DEM leads to a squared 

increase in computational complexity, SA is also susceptible to returning differing 

estimations of solar energy based on spatial resolution of input DEMs (Ruiz-arias et al., 

2009).  
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2.6  Application 

  
   Verifying the real world performance of actual installed photo-voltaic systems is 

a valuable service for parties interested in investing in solar power, but could also be 

useful to those wanting to observe some of the complexity that affects the solar 

ecosystem.  While there are a myriad of sensors that record synoptic information relating 

to climate or atmosphere such as temperature, humidity or pressure, there are relatively 

far fewer sensors dedicated to monitoring solar radiation (Myers, 2005).  Integrating 

some photo-voltaic systems into a sensor network available to scientific access could be a 

valuable tool in studying atmospheric change and its effects (Baru et al., 2012).  Solar 

powered sensor networks are already used on the micro scale, and the architecture for 

incorporating sensor networks using macro solar is similar (Jeong et al., 2012). 

 It is perhaps evident that predicting solar radiation for conversion by photo-

voltaic systems is a complex process that entails many possible layers of scientific 

investigation.  However, it is also evident that relying on these predictions for planning is 

problematic.  Complexity of the system involved, the earth’s biosphere and numerous 

other variables ensure that simply taking a photo-voltaic system’s manufacturer rating is 

a difficult proposition.  Although future prediction based on solar radiation models 

cannot yet take into account prospective atmospheric predictions, it may be possible to 

correlate historical deviations from potential yields with other historical data to identify 

reasons behind deviations beyond random fluctuations.  In this sense, the photo-voltaic 

system could become part of a theoretical sensor network, monitoring solar radiation 

reception at ground level while powering itself and providing surplus power to the grid.  

While not designed specifically as sensors, photo-voltaic systems have an inherent 
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economic value in that they produce useful energy and enjoy many incentives for their 

construction and development. They thus have potential for widespread deployment by 

entities uninterested in pure research or monitoring.  
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3. Conceptual Framework and Methodology 

 

3.1  Study Area 

 
The area examined was Boone County, Missouri, which is situated along the 

Missouri River in the central part of the state (Figure 1).  Encompassing an area of 685.43 

square miles, it entirely contains the city of Columbia, home to the University of 

Missouri and roughly 110,000 citizens out of nearly 162,000 in the county according to 

the 2010 census (Office of Social and Economic Data Analysis, 2010).  Boone County 

and the state of Missouri are not considered to be in the optimal location for solar energy 

development, with a solar potential somewhere in the mid-range nationally with available 

watt hours per square foot of around 440 (National Renewable Energy Laboratory, 2012).  

In addition, Boone County is blessed with distinct development zones in a relatively 

compact area, with a heavily urban or suburban 'core' centered around the city of 

Columbia and extensive, lightly developed rural areas on the periphery.  The majority of 

photo-voltaic sites in the study area are situated within 5 miles of the city limits.  

However, the individual sites are located in a variety of circumstances; some in the heart 

of the city on commercial rooftops, some in residential backyards or roofs, and others in 

open fields in rural or transitional areas.  Construction was encouraged with a mix of 

methods including subsidies and direct manufacturing.  The city government has since 

2008 financed and constructed several municipal solar systems in addition to offering 

rebates for private citizens and corporate partners to construct and operate systems on 

their property.   
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Figure 1: Study area 
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3.2  Description of Data 

 
The main data source for calculating the available solar energy is a Digital Elevation 

Model of central Missouri (DEM) from the United States Geological Survey (USGS) National 

Elevation Dataset (NED) for the year 2012.  The file has a spatial resolution of 1/9 arc second, or 

roughly 3 meters.  This is used for modeling the baseline 'ideal' solar energy available 

using the points solar radiation tool in Esri’s ArcGIS.  This data is joined with geolocated 

private, municipal and utility solar photo-voltaic systems connected to the grid within 

Boone County.  The spatial data contains locations, conversion efficiency ratings, and 

historical generation values for each system during the calendar year 2012.  The 

generation and system data were obtained from the municipality and local utilities, while 

some of the photo-voltaic sites were geolocated using a hand-held GPS receiver. 

 There are fourteen systems across the study area connected to the grid; however, 

only eight of these sites are equipped with sub-metering systems giving a record of 

precisely how much solar energy was generated by the system on a monthly basis.  Each 

site has a rated kilowatt capacity for the installed system.  This number represents all 

photo-voltaic capacity in operation.  For most sites, this is the manufacturer rating 

reported for the panels by the operator or owner.  The Transload site was the only one to 

increase capacity during the timeframe of the study, ending the year 2012 with more than 

double the capacity it started with; this is summarized in Table 1 along with the 

noticeable trend that sites on the city municipal grid are larger than those on the county 

cooperative grid.  Two sites (37987 and 43727) have incomplete data for the year 

resulting in a total of 80 site months as summarized in Table 1.   
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Table 1: Photo-voltaic systems 

Site KW rating Site Months during 2012 Grid 

West Ash 18300 12 City 

BCL 5000 12 City 

Pepsico 15000 12 City 

Transload  104400 - 231084 12 City 

4223 2160 6 County 

37987 42000 2 County 

43727 1140 12 County 

43877 4620 12 County 

 

Climactic data was obtained from the National Oceanic and Atmospheric 

Administration's (NOAA) National Climatic Data Center.  Temperature data and 

historical cloudy days were both obtained from the local climatological data publication 

series comprising temperature recordings going back to 1889.  Readings from the official 

weather station located at the Columbia, MO airport go back to 1969. 

3.3  Methodology 

 

3.3.1  Calculation of Expected KWH 

 

ArcGIS’s point solar radiation tool was used to generate the available solar energy 

figures for each photo-voltaic site.  The model takes into account the proportion of direct 

and diffuse radiation received on the ground in reference to the cloudiness of the sky.  

The output of analysis is stored within twelve point feature classes.  Analysis was done 

on a monthly basis for the year 2012 resulting in one set of available solar energy for 

each site month in the study area using uniform conditions.  The resulting predicted 

insolation figures were then converted into a theoretical maximum generated kilowatt 

hours (KWH) using the number of days the site was in operation and the system’s rated 
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conversion capacity.  This figure was modified by assumed performance ratio and 

capacity factor based on the following formula.   

            

                    (                    )                  

It is well known that solar panels in the field never achieve the conversion 

capacity rating given under factory testing conditions.  It is assumed that the performance 

ratio of a field system will be considerably less than 100%, generally less than 80% in the 

first year and declining a further 1% for every year in operation (NREL, 2013).  For this 

study a conservative performance ratio of 70% was assumed for all systems.  Although 

unable to find hard data on typical photo-voltaic capacity factor values in Missouri, the 

assumed value was interpolated at 15% by comparing values in Arizona (19%) and 

Seattle (14%) (Ardani & Margolis, 2011) and cross indexing with the values of solar 

energy potential for all three states in the NREL solar resource map.  The previously 

calculated theoretical maximum figure generated by SA is modified by a performance 

ratio of 70% and a capacity factor of 15%.   

                  (                    )       

The predicted insolation was further split into diffuse (DfI) and direct (DrI) radiation 

components.  Diffuse radiation is less useful to flat solar panels and calculated as only 75% 

available under an assumed 45 degree tilt (Masters, 2004).   

                       (    (         )) 

The final formula used for calculating expected energy is given as: 



 22 

 

 

        (    (         ))     

where Xkw is the expected kilowatt hours generated for a specific site and month, PR is 

an estimated performance ratio of 0.7, CF is an estimated capacity factor of 0.15 and DrI 

and DfI refer to the output of electricity from direct and diffuse insolation in kilowatt-

hours per square meter as calculated by SA based on the size of the photo-voltaic system.  

Figures for kilowatts per square meter were computed based on the rated capacity of each 

system and the linear dimensions of the panels.  The final form reduced to constants and 

variables is thus: 

         (    (         ))       

3.3.2  Statistical Analysis of Aberrant Sites 

 A statistical test was devised to determine if the actual recorded generated KWH 

(Akw) differed significantly from the theoretical expected KWH (Xkw).    Values 

representing the  mean daily generated KWH for each individual system were calculated 

by averaging KWH generated each day  during a month for each site where daily power 

generation logs were available.  In the case of systems that reported power output in 

fifteen minute intervals, the data was aggregated into days and from there mean daily 

generated hours calculated.   Some systems built by private parties were constructed 

without the ability to report daily logs, instead having their meters read on a monthly 

basis.  For systems that reported only a monthly log, the monthly generation was divided 

by the number of days in the month to derive mean daily generated KWH for that month.        

A one-sample difference of means statistical t test as summarized in Table 2 was run for 

each of eight sites.   
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Table 2: Variables for test 

Paramaters Variables 

Population mean for 

site s 
∑

   (   )

 

 
     

t=1, 2, ..., site months 

n=number of months for site s 

Sample mean for site s  ∑
   (   )

 

 
      

t=1, 2, …, site months 

n=number of months for site s 

Number of sites 8 

Number of months 2, 6, 12 depending on site. 

Output Number and location of photo-voltaic sites that diverge 

from the expected generation values. 

 

The observations for each site’s difference of means test were the daily mean KWH 

generated during a month for each individual system (Akw).  The XKw derived from the 

Esri model were used to estimate the population mean for a site.  A significance level 

of .05 was used.  When the results of this test indicated a difference between the mean of 

the generated KWH (Akw) and the expected KWH (Xkw), then the photo-voltaic site 

was categorized as aberrant. 

Attempts were made to correlate generation values with historical data 

representing both temperature and number of cloudy days.  Variables are summarized in 

Table 3.  Two sets of correlation analysis were run, one with temperature and one with 

number of cloudy days as the X axis covariate.   First, the differences (Dt) between the 

area’s long term climactic average temperature (LtT) by month and the experienced 

average temperature (Ht) by month were used for the X axis, while the differences (Dkw) 
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between the expected (Xkw) and actual (Akw) generation values by month were used for 

the Y axis.  The same temperature differences were used for each site.  This analysis was 

undertaken with the expectation that some of the variability in actual generation (Akw) 

could be explained by fluctuations in available solar energy as represented by 

temperature.  The analysis was repeated for the differences between the long-term mean 

and actual number of cloudy days (LtC, Ct) by month, under the assumption that 

increasing the proportion of diffuse energy during cloudy days would appreciably reduce 

the amount of generated energy.  The number of site months for each correlation is either 

six or twelve, due to the fact that sites 37987 and 4223 have incomplete data for the year.  

The total number of examined site months is therefore 78 rather than 96, with site 4223 

having six site months and site 37987 ineligible for correlation analysis due to having 

only two site months.  

Table 3: Correlation 

 Variable 

X axis Dt(t)=LtT(t) - Ht(t) 

or Dt(t) = LtC(t) – Ct(t) 

Y axis Dkw(s,t)= Xkw(s,t) - Akw(s,t),  

s=sites, t=1, 2, ..., 12 months 

Number of Site Months N=6 or 12 

Output: Covariation If the association is significantly different from zero, an 

aberrant month of generation may be explainable by 

aberrant temperatures or cloudy days.  
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 When the difference between Xkw and Akw was significantly correlated with the 

difference between LtT and Ht, it was assumed unseasonable weather in the form of 

temperature had a measurable effect on the sites.  When significant correlation was found 

for the difference between LtC and Ct, it was assumed unseasonable cloudiness had an 

effect on sites.  In these cases the correlation analysis was followed with regression 

analysis as presented in Table 4.  One regression analysis was carried out per site that 

was determined aberrant and demonstrated a correlation with either temperature or 

cloudy days. 

Table 4: Variables for regression 

Regression Analysis 

X axis Dt(t)=LtT(t) - Ht(t) Independent Variable 

Y axis Dkw(s,t)= Xkw(s,t) - 

Akw(s,t), t=1, 2, ..., 12 

Dependent Variable 

Number of Site Months N=6 or 12 Data points 

Output: Explained 

Variation 

1. Under the assumption that temperature has no 

effect on generation, the test will tell if the effect of 

temperatures is significant or not. 

2. The hypothesis testing on the significance of the 

effect:   

Null hypothesis:  The difference between the area’s 

long term climactic average temperature (LtT) and 

the experienced average temperature (Ht) has no 

influence on the difference between the expected 

(Xkw) and actual (Akw) generation value. 

 

Alternate hypothesis:  The difference between the 

area’s long term climactic average temperature 

(LtT) and the experienced average temperature (Ht) 

has an influence on the difference between the 

expected (Xkw) and actual (Akw) generation value. 
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4. Results 
 

4.1  Monthly Electrical Generation 

 
Of the eight sites examined, the amount of actual achieved generation for the year 

ranged from 21% to 137 % of the calculated expected potential.  For individual site 

months, variability was greater, with values ranging from 16% to 280%.  Alongside this 

disparity between the expected and the actual generation values, statistical analysis 

resulted in finding four of the eight sites (West Ash, Transload, Bright City Lights, and 

4223) exhibited aberrant generation at a statistically significant level.  Average actual 

generation during the year for the systems examined mostly clustered within 20% of 

calculated potential with three outliers: sites Transload, 4223 and 43877, of which 4223 

and Transload underperformed and were identified as aberrant.  Both generated energy 

and predicted insolation through the year from January to December tends to follow a 

bell shaped plot for most systems.  This agrees with what we know about the local 

climate: available solar energy is greater in the summer than it is in winter and thus 

generated energy follows the trend.   

Sites that exhibited a bell shaped trend throughout the year had higher conversion 

efficiency when turning solar energy into electricity in winter and early spring/late fall 

months. Of these sites, Bright City Lights had the most efficient site month returning 110% 

of theoretical power in January, compared to an efficiency of 52% in June as shown in 

Figure 2.   
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Figure 2: Bright City Lights actual and potential power 

This also agrees with what is known about how heat affects photo-voltaic systems 

by decreasing their efficiency.  This might lend credence to the supposition that solar 

power generation is linked to temperature by way of increasing solar radiation and thus 

that the model could be reasonable in some cases without anomalies in climactic trends.  

Sites Transload and Pepsico also exhibited this bell shaped trend for both insolation and 

generation as shown in Figures 3 and 4.  Transload also noticeably became more efficient 

towards the end of the year as newer panels were installed on site.  Site 4223 seems to 

display the right half of a similar bell shaped trend for insolation and generation in Figure 

5, although it only has data for the last half of the year and is by far the least efficient 

system in the study and eventually was categorized as aberrant. 
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Figure 3: Pepsico actual and potential power 

 

Figure 4: Transload actual and potential power 
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Figure 5: 4223 actual and potential power 

 

  On the other hand, sites West Ash, 43727, and 43877 exhibited trends for 

insolation and generation that were very dissimilar, almost inverse to each other.  For 

these sites expected insolation was a much flatter trend than other sites but was also 

higher in winter and lower in summer, while actual power generation remained similar to 

the other sites, higher in summer and lower in winter.  There is little reason to expect 

such a result and it is assumed that imperfect results calculated from the points solar 

radiation tool are responsible.  The model used by the points solar radiation tool could 

just be inaccurate in some circumstances such as where these sites are located.  It is also 

entirely possible that the DEM has incorrect data in parts.  Perhaps a prominent feature in 

the DEM would cause the model to assume obstruction of direct sunlight during the 

summer months but has less of an impact during the winter, like seasonal vegetation.  

The 2012 release of the National Elevation Dataset from which the source data was 

compiled used LIDAR in the creation of the data for the study area.  The metadata 
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associated with the DEM states that the data was gathered between March 01 and June 30, 

so it may be possible the data includes vegetation features which the points solar 

radiation tool model might predict to be more of a barrier than it in fact proved to be.  A 

line of tree canopies would presumably block less light than a ridge of soil, yet the points 

solar radiation module may not be able to make the distinction from a DEM.  Visual 

inspection of aerial photographs depicting the three sites in question does show 

vegetation in close proximity to two of the sites. 

One disconcerting side effect of this inverted relationship between calculated 

insolation and actual generation is that sites 43727 and 43877 exhibited an inverted trend 

but were not identified as aberrant by statistical analysis due to the fact that the number of 

anomalously efficient summer months was balanced out by the number of anomalously 

inefficient winter months as illustrated in Figures 6 and 7.   

 
 

Figure 6: 43727 actual and potential power 
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Figure 7: 43877 actual and potential power 

 

The mean actual generation for the whole year was thus not dissimilar from the 

expected mean at a significance level of .05.  These two sites thus were not identified as 

aberrant using the chosen statistical test, and site 4223 was only barely aberrant at the .05 

significance level and would not have been aberrant if a .10 significance level was 

selected.  For these sites, the mean generation did not differ to a great enough degree 

since the ratio of expected to actual generation for the entire year was similar to the 

normal sites, despite the ratios being quite dissimilar for most of the individual months.  

Curiously, the West Ash site exhibited a similar inverted trend but was successfully 

identified as aberrant, perhaps because the levels of potential and actual power in the 

final months of the year both declined, rather than moved in opposite directions, as 

illustrated in Figure 8. 
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Figure 8: West Ash actual and potential power 

 

Site 37987 came online in November of 2012 and thus had only two months of 

data during the period of study as shown in Figure 9.  While this was not enough to do 

any meaningful correlation analysis, the two months in question did achieve over 90% 

efficiency in converting potential power into actual power.  In comparison to other sites 

with bell shaped generation curves, the winter months tended to be the most efficient and 

this could perhaps indicate that this site would be similar in long term performance. 
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Figure 9: 37987 actual and potential power 

 

Potential insolation trends as calculated by the Esri point solar radiation tool fall 

into two main groups as illustrated by Figure 10.  While they are opposite to each other, 

within these groups trends are remarkably consistent.  The normal expected trend is 

shaped like a bell, while the inverted trends are shaped like a valley or bowl.  The one site 

(43877) that did not line up with either group was a statistically non-aberrant site with a 

trend line that was comparable to the inverted group, only having much less potential 

power.  
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Figure 10: Potential insolation 

Generation values were more logical across the study area as shown in Figure 11.  

Every system with at least 6 site months of data exhibited the expected trend of 

increasing generation in the summer and decreasing in the winter.  There were no sites 

that followed an inverted potential power trend with an inverted actual power trend.  This 

figure illustrates the disparity in capacity between the Transload site, which was the City 

of Columbia’s municipal solar power project, and all other sites.  Total efficiency is 

summarized in Table 5 and illustrated in Figure 12.  The systems with site months of 

extreme returns of actual generated power well over 100% of the calculated potential 

were two of the three systems with inverted generation curves and thus are somewhat 

suspect.   
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Figure 11: Actual generation 

Table 5: Percentage of potential power achieved 

Site Mean % Generation Site Months Aberrant Generation 

West Ash 84% 12 Yes 

Bright City Lights 74% 12 Yes 

Pepsico 80% 12 No 

Transload 60% 12 Yes 

4223 21% 6 Yes 

37987 95% 2 No 

43727 112% 12 No 

43877 137% 12 No 

 

0

5000

10000

15000

20000

25000

30000

35000

kw
h

 m
^2

 

West Ash

BCL

Pepsico

Transload

4223

37987

43727

43877



 36 

 

 

  
 

Figure 12: Percentage of potential power achieved 

 

4.2  Correlation Analysis of Weather Data 

 
Correlation analysis tended to indicate a medium positive relationship between 
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average and the difference between the expected and actual power generation values.  

However, one site categorized as aberrant due to statistical analysis of generation (West 
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correlation between the two differences, as shown in Table 6.   
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Table 6: Correlation coefficients between temperature and generation 

Site Coefficient Site Months 

West Ash -0.738 12 

Bright City Lights 0.517 12 

Pepsico 0.144 12 

Transload 0.694 12 

4223 0.867 6 

37987 na na 

43727 -0.346 12 

43877 -0.699 12 

 

In contrast, analysis of cloudy days indicated very little consistent correlation with 

generation differences across the study area.  Broadly speaking, a very weak correlation 

was common, although strength of correlation was generally an order of magnitude 

weaker than that found for temperature and direction was split.  These figures are shown 

in Table 7 below.  The exceptions to this were sites Transload and 4223which both had 

much higher levels of negative correlations, although still relatively weak when 

compared to correlations for temperature.  Such low values were not considered able to 

explain variances in generation so regression was not pursued for cloudiness. 

  



 38 

 

 

Table 7: Correlation coefficients between cloudy days and generation 

Site Coefficient Site Months 

West Ash 0.022 12 

Bright City Lights 0.003 12 

Pepsico -0.002 12 

Transload -0.311 12 

4223 -0.376 6 

37987 na na 

43727 -0.031 12 

43877 0.044 12 

 

4.3  Regression Analysis for Aberrant Sites 

 
Regression analysis for the three sites that were classified aberrant yet still 

exhibited a reasonably positive correlation with temperature (Bright City Lights, 

Transload, and 4223) indicated that site 4223 had an R square value of 0.752, while the 

Transload site was at 0.481 and Bright City Lights at 0.268.  These values are presented 

in Table 8.  Sites Transload and 4223 were found to be significant at the 0.05 level, while 

Bright City Lights was not.  Site 4223 only had 6 site months available for analysis 

although the trend was consistent with higher generation (and lower efficiency) in 

summer than in winter.  Bright City Lights had a relatively lower explainable portion of 

generation and a flat generated power curve in comparison to most of the other systems, 

despite also exhibiting the normal higher in summer trend of expected energy, as shown 

in Figure 2.   
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Table 8: Regression analysis 

Site R square Std Err Significance F Coefficients Site 

Months 

Bright City 

Lights 

0.268 5.856 0.085 8.54 12 

Transload 0.481 

 

4.929 

 

0.012 

 

11.502 

 

12 

4223 0.752 3.446 

 

0.025 

 

21.11929 6 

 

This could suggest a possible mechanical limitation to power generation, as actual power 

generated was relatively steady despite potential rising steadily during the summer and 

falling during the winter.  Perhaps the panel capacity far exceeds the ability of the 

supporting inverters, or perhaps this particular system was exceptionally vulnerable to 

high heat inefficiency.  Further investigation about the actual hardware installed in this 

and other systems may be enlightening.   

The Transload site had an r2 value of 0.481 but the significance of the result was 

much greater than for Bright City Lights.  This system was the largest in the study by a 

far margin, being a utility scale installation with more than ten times the capacity of the 

next largest unit.  Perhaps this particular hardware is more sophisticated or its installation 

more specialized and is less susceptible to atmospheric or environmental variables than 

the other systems.  Transload was also unique in that it had several increases in capacity 

during the time frame of the study.  Perhaps introduction of new technology had a 

positive impact on overall efficiency of the system or susceptibility to temperature 



 40 

 

 

variations.  An interesting statistic is that site months 1 and 11 for this facility had very 

similar levels of expected insolation, but the difference between the expected and actual 

generation for these two months are very different.  The Transload site was far more 

efficient in November after four installations of new solar panels during the year, actually 

producing 60 KWH of more power than expected as opposed to a 313 KWH shortfall in 

January.  The other sites with a normal predicted power curve do not exhibit a similar 

pattern for similar insolation site months; generally the differences are very similar.   
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5. Conclusion 
 

 There are two main objectives in this study, to evaluate the efficiency of photo-

voltaic systems in Boone County, MO and to determine whether it was possible to 

explain deviations from theoretical yields with climate data.  Taken at face value, the data 

appear to indicate that photo-voltaic systems across the study area performed reasonably 

compared to their potential in 2012 if one accepts the assumptions made about the 

systems and the accuracy of the model used by ArcGIS’s points solar radiation tool.  

Generation at sites in the study area followed two trends, one logical and bell shaped, the 

other inverted to the expected bell shape.   Sites that exhibited the bell shaped trend of 

increasing solar insolation and power production through the summer months often had 

an achieved level of kilowatt hours produced not too dissimilar to the expected values.  

Conversely, the sites with inverted power trends are difficult to explain without assuming 

problems in the model for the points solar radiation tool or the underlying DEM. 

The second objective of relating deviations in actual energy production to 

deviations from climate norms was mixed.  While for some systems there was a strong 

positive correlation between the differences for temperature and actual generation, for 

others it was weak or even negative.  Sites Bright City Lights, Transload, and 4223 

exhibited an aberrant level of generation and had a relatively high degree of correlation 

between the differences in actual generation and temperature, while the West Ash site 

was one with an inverted expected power trend and thus had a strongly negative 

correlation.  However, there are some open questions about the results.  Working under 

the assumption that the model is mistaken in whole or in part for this system and the 
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other areas with inverted expected power values, perhaps correlation would be positive if 

more accurate insolation values were available.  For cloudy days the correlation was 

usually too weak to draw conclusions and thus was not included in regression analysis. 

Regression analysis for temperature and generation proceeded for three sites that 

were identified as aberrant and exhibited a positive correlation among the differences 

between expected and actual temperature and power generation.  While a portion of the 

divergent generation could be explained by temperature in two of the systems, the 

amount of explainable variation of the results was not as great as could be hoped for; sites 

Bright City Lights and Transload had a relatively lower proportion of explainable 

variation compared to 4223.  Obviously identifying a stronger relationship would have 

been desirable but this analysis was quite simple.  Since 4223 had only six site months to 

analyze, there remain questions about this result and how twelve months of data would 

have compared with the other sites.   

While there is certainly a link between temperature and insolation, there are also 

other factors that can affect solar generation; it stands to reason that some of them may be 

as significant or more than temperature differences.  Further study might entail 

investigating whether or not the effects of other variables can be identified, correlated and 

perhaps quantified using multi-variate regression.  Another avenue of investigation that 

would require extensive groundwork would be to attempt to quantify the mechanical and 

physical variables inherent in each photo-voltaic system, such as inverter setup, panel 

size, tilt, and direction, and attempt to discover the impact on generation of these setups.  

Perhaps complex relationships between temperature and some of these factors can be 

discovered. 
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5.1  Limitations 

 
The study was limited to one year of operation.  A longer term study would be 

beneficial to cataloguing the long term efficiency of the studied systems.  2012 was an 

atypically warm and dry year especially in late summer and fall for the study area, as 

demonstrated by the differences between average and actual temperature being on 

average 4.625 for the entire year but 8.533 for July to December as opposed to 0.7167 for 

January through June.  It would be interesting to see how efficiency and generation trends 

would be affected in a more typical year as well as how long term trends would develop. 

Photo-voltaic generation is a complex process, and estimating theoretical 

generation required detailed calculations based on a number of assumptions about each 

site and system that could not be explicitly verified.  The factory ratings for each system 

were assumed to be under the industry defined standard test conditions, but there are 

other ratings systems that can be used to arrive at a kilowatt rating.  If one of these other 

systems was in fact used, it could affect the expected performance of such systems.  

Other assumed variables could also have significant impact on generation.  All panels 

were assumed to be tilted at 45 degrees and to be equally affected by heat and weather.   

5.2  Future Research 

 
The chosen method of identifying aberrant sites is perhaps too primitive in cases 

where trends follow expected means over a long time scale such as a year but do not 

follow expectations on shorter individual scales, such as site months.  A more 

sophisticated method of identifying aberrant sites might take into account the individual 

months as well as the average yearly figure.  Perhaps an error metric can be designed that 
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incorporates each month’s deviation from the expected value.  A suitable threshold can 

be identified and used to identify sites for further investigation. 

The consistency of correlation across sites for the differences between expected 

and actual values is intriguing, but it was disappointing to see regression analysis return 

such disparate results.  Further study might include more variable climate factors such as 

average cloudiness or precipitation.  This study failed to establish the reliability of the 

model used by Esri’s points solar radiation tool.  For most sites, the amount of energy 

converted was comparable to what was actually predicted, but three systems returning an 

inverted expected insolation curve seem to indicate the possibility of serious issues.  

Previous literature evaluating the model did not mention such a large divergence of 

insolation, but did mention that the model is prone to giving different results at different 

spatial resolutions of input.  We observed that insolation decreased by an order of 

magnitude when a NED DEM with a lower spatial resolution of 30 meters was used.  

Further research should investigate the impact that spatial resolution has on the model 

and what is the optimal resolution for analysis.  Alternative solar models could also be 

examined using the same data and the results compared. 
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