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Abstract: The purpose of this paper is to demonstrate the use of a 
Solar Photo Voltaic (PV) Technology Selection Decision Support 
tool to guide consumers towards investing in the appropriate PV 
technology.  The decision tool is focused on U.S. residential 
consumers, incorporating actual geographical data, real 
manufacture-provided PV technology attributes, PV cost and 
efficiency as well as real weather. Our power generation 
predictive decision model outperforms the existing PVWatts 
decision tool and incorporates the ability to carry out 
comparative performance analysis of up to five different PV 
technologies.  The models’ predicted PV daily and monthly 
power generations are validated using real-time PV power data 
from two U.S. Midwest PV facilities.   

1. INTRODUCTION 

Expanding world population, technological advances and 
increased industrialization have resulted in an all-time high 
demand for energy.  According to the U.S. Energy 
Information Administration, world energy consumption is 
forecasted to increase from 524 quadrillion Btu in 2010 to 630 
quadrillion Btu in 2020 and 820 quadrillion Btu in 2040 [1].  
This indicates a 30-year increase of more than 55%.  More 
than 85% of this of the increase in energy demand occurs 
outside of the Organization of Economic Cooperation and 
Development (OECD) countries [1].  As a result, the use of all 
energy sources is poised to increase over the time horizon.   

The World Energy Council indicates in their 2013 World 
Energy Resources Report that of the total energy generated 
worldwide, fossil fuels (coal, oil and natural gas) continue to 
supply the highest percentage at 82%, compared to 11%, 5% 
and 2% from renewables, nuclear and hydro respectively [2].  
By 2020, these proportions are forecasted to be 76%, 16%, 6% 
and 2% [2].  This notable increase in the contribution by 
renewable resources results from renewed efforts in research 
and investments in renewable energy technologies, majorly in 
response to the need to reduce the harmful effects of  
greenhouse emissions, and replace the contribution from 
exhaustible energy sources.   Figure 1 gives the detailed view 
of the roadmap of RE power generation capacity installed in 
the world [3].  

 

Figure 1: Annual Value of Renewable Energy Capacity Installed, 
2005-2030 by technology ($billion) [3] 

In response to the viable potential of renewable energy, the 
U.S. government has invested millions of dollars into the 
research and development of renewable energy technologies. 
The major types of alternative renewable energy sources can 
be broken down into hydropower, biomass, geothermal, solar, 
and wind. Hydropower is by far the most produced and 
consumed renewable energy resource. Yet, solar and wind 
power have shown the most growth over the past decade. In 
the last year alone, solar power has grown by 69% (Solar 
Energy Industries Association) and it is expected to grow 10% 
or more over the next 30 years . This is likely the driving force 
for U.S. government’s consistent focus on solar energy 
technologies [1].  

Solar energy is the most abundant energy resource and it is 
available for direct (solar radiation) and indirect (biomass, 
hydro, tidal and wind) power sources [2]. The rate of solar 
radiation striking the earth’s surface is about 96 thousand 
terrawatts.  Assuming only 0.1% of this energy can efficiently 
be converted (at 10% efficiency which is conservative), it 
would still surpass the current world’s electricity generating 
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capacity, roughly at 5,000 GW.  Due to this promising impact 
of solar on energy generation, governments have continues to 
increase their investments in Solar technologies research and 
development as shown in the Figure 2 [3].   

 

Figure 2: Renewable Energy Capacity Installed by  
Region (in $billion) [3] 

At the end of 2008, the U.S. solar energy capacity had 
accumulated a total of 9183 MW, including electric capacity 

(PV and CSP) and thermal capacity (heating and cooling). 
However, photovoltaics continue to be the underpinning of 
solar growth within the U.S. markets [4]. Overall, the use of 
solar energy is consistently on the increase world over, largely 
due to rapidly declining solar module fabrication and 
commendable government and industry incentives, 
particularly in the U.S. and Europe.     

There has been a tremendous development of PV technologies 
has been realized over the years.  Figure 3 presents NREL’s 
record of technology efficiencies over the decades for various 
classes of PV modules [5]. The performances of PV 
technologies just like most other electronic systems are 
standardized by the International Electrochemical Commission 
(IEC).  The IEC has defined test procedures and conditions 
that are necessary to certify particular technology efficiency.  
Broadly, PV efficiency is defined as the ratio of the power 
output per unit area and the total solar radiation per unit area, 
measured under 250C air temperature, 1000 Watts/m2 of solar 
irradiance, which is the peak irradiance on a clear day, and air 
mass (AM) 1.5 spectrum.  AM is the path length which light 
takes through the atmosphere normalized to the shortest 
possible path length (i.e., when the sun is directly overhead).  
Hence, AM reduces the power of sunlight as it traverses the 
atmosphere and is absorbed by air and dust particles.   

 

 

Figure 3: U.S. National Renewable Energy Laboratory (NREL)  Best research-cell efficiencies [5] 
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To circumvent the effect of AM and thus maximize the energy 
output, most PV technologies are fitted with trackers, resulting 
in energy gains of close to 26% for single axis and 35% for 
double axis tracking [4].   As seen in Figure 3, the III-V multi-
junction PV technologies have the highest potential of close to 
50% efficiency; followed by the most commonly used Si-
based PV modules at 25% efficiency.  CdTe and CIGS are at 
about 20% efficiency, though both are still riddled with the 
challenge of disposal, given the poisonous effect of the 
constituent elements such as Cadmium. 

In this paper, we will not delve any further into analyzing the 
electrochemical performances of the PV technologies. Instead, 
we refer the reader to NREL’s and Argonne National 
Laboratory’s (ANL) home pages on PV research.  The goal of 
this paper is to present a unified Decision Support System 
(DSS) that will aid in answering installation questions such as 
what type of PV technologies should a consumer consider 
given their geographical location, economic ability and energy 
demand among other factors.  This DSS enables the user to 
assess the expected power output of several technologies for a 
given scenario. 

2. DECISION SUPPORT SYSTEM  

Over the years, there have been several PV module evaluation 
models presented, most of which are accessible online and are 
presented in Table 1. Most of these tools attempt to include 
real-world parameters to predict energy power outputs from 
PV modules.  However, we point out several drawbacks as 
follows: (1) the tools are limited to making estimates of only 
Si-based PV modules, i.e. mono and poly crystalline silicon 
modules; (2) the tools primarily focus on grid-tied PV 
systems; (3) they incorporate a constant derate factor to 
account for energy losses as a result of cloud coverage, system 
degradation and wiring losses, yet in real-life, the derate factor 
needs to be seasonal and time-dependent; (4) the tools offer 
limited ability to enable users make a comparative analysis of 
several PV technologies.   

In this paper, we present a robust Decision Support System 
that overcomes the aforementioned drawbacks found with 
other existing tools. Such a robust DSS will enable 
researchers, producers and users to evaluate PV module 
output, as well as obtain estimates of the foreseeable rate of 
return on investments 

3. I-P-O DSS MODEL 

The major drivers that determine the performance of PV 
technology can broadly be categorized into: (1) System 
specific characteristics including module orientation, fixed v/s 
tracking systems, and centralized string inverter v/s micro-
inverter systems. (2) Module specific parameters i.e., type PV 
technology use and the angle of tilt.  In our model, we are able 

to simulate the performance of five technologies namely; Si-
based PV modules (mono-Si, poly-Si and amorphous-Si), 
CIGS (Copper Indium Gallium Selenide), and CaTe 
(Cadmium Telluride). Each of these technologies has a 
specified temperature coefficient, and degradation factor. (3) 
External factors such as temperature, geographical 
positioning, climatic conditions, shading and the albedo 
coefficient, which is accounts for the global horizontal 
radiation reflectivity of the surface in front of the PV modules.  
Figure 4 is a schematic representation of the Input-Process-
Output (I-P-O) model.    

3.1 Inputs data 

The sources of input data for our module are as follows: 

1. PV module specific data from STC technical data sheets 
from manufacturers. This data includes the model, 
module efficiency, power tolerance, power output 
warranty and DC ratings and the STC IV curve. 

2. Inverter specific data from manufacturer data sheets. 
This data includes inverter efficiency and warranty 
information.  

3. Other System characteristics data obtained from credible 
sources in the literature:  This data includes information 
associated with system location, system array, electricity 
costs, battery, inverter and PV warranty, and potential 
derate factors.  

4. Irradiance and weather data files from Typical 
Meteorological Year (TMY) data source.  This data is 
used to provide location and time specific elements to 
calculate the plane-of-array irradiance and PV cell 
temperature. 

5. 50 days’ worth of actual weather and PV solar power 
generation data is obtained from two sources in the U.S. 
Midwest region namely; the Argonne National 
Laboratory PV analysis Facility (which has installed all 
the 5 technologies considered in this paper, all of which 
are grid connected through a centralized string inverter), 
and the College of Menominee Nation’s Solar Initiative 
which has the mono-Si and poly-Si modules with 
enphase micro-inverters.  This data is used for model 
validation and verification.  

3.2 Processing  

1. Sun position key angles include Solar Azimuth Angle, 
Solar Elevation Angle and Solar Zenith Angle. The 
calculations are based on standard scientifically tested 
and documented equations in the literature.  
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Table 1: PV Performance and Evaluation Tools 

Tool Description 

5-Parameter Array 
Performance Model [2] 

Performance Model: Semi-empirical model, based off theoretical relationships and empirical 
equations, to predict PV array power output. 

 Evaluation Model: n/a 

Sandia Array 
Performance Model [3] 

Performance Model: Empirical model developed for PV array analysis based on non-standard STC 
parameters. 

 Evaluation Model: n/a 

Sandia Inverter 
Performance Model [4] 

Performance Model: Empirical model developed for PV inverter analysis based on non-standard 
STC parameters. 

 Evaluation Model: n/a 

PVWatts [5] 
Performance Model: Developed for PV systems to estimate annual energy generation and 
associated cost savings. 

 
Evaluation Model: Provides basic monthly energy savings based off energy generation and cost of 
electricity. 

Solar Estimate [5] Performance Model: PVWatts 

 
Evaluation Model: Provides financial incentives based off location and utility company, energy 
savings, and system lifetime cash flows. 

PV Value [6] Performance Model: PVWatts 

 
Evaluation Model: Evaluates a new or existing system, for the purpose of appraisal, underwriting, 
credit analysis, and insurance claims. 

Solar Advisor Model 
[7] 

Performance Model: PVWatts, Sandia Array Performance Model, Sandia Inverter Performance 
Model 

 
Evaluation Model: Provides economic analysis based off energy costs, ability to finance, 
depreciation, tax incentives, lifecycle cash flows, and levelized cost of electricity. 

RETScreen 
Photovoltaic Project 

Model [8, 9] 
Performance Model: Predicts energy production, worldwide, for multiple configurations. 

 
Evaluation Model: Evaluates financial output, including energy savings, project costs, economic 
feasibility, and lifecycle cash flows. 

 
2. Module irradiance is the summation of three 

components: beam, ground, and diffuse. The beam and 
diffuse components require a calculation of the angle of 
incidence, which varies depending upon the type of PV 
tracking system: e.g. fixed, 1-axis, and 2-axis. The 
module of irradiance beam component dependents on the 
tilt, and is the product of the direct normal irradiance and 
the cosine of the angle of incidence. The module 
irradiance ground component considers the albedo 
coefficient, as a portion of Global Horizontal Irradiance 
(GHI), reflected by the ground, or surface in front of a 

tilted PV array [6]. The module irradiance diffuse 
component is a result of scattered direct normal beam 
molecules. Out of the many models available to estimate 
the diffuse component, the Perez model [7] has proven to 
be the most effective method for predicting the diffuse 
component [8].  

3. Module temperature has been estimated through five 
standard models [6]: Sandia [9], Garcia [10], Faiman 
[11], NREL – 3 Parameter [12], and NREL – 5 
Parameter [12]. A comparative analysis was applied to 
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see which model best fit the actual data from the CMN 
facility. The results from chi-square goodness of fit tests 
indicate that all five models provide statistically 
significant fits at a 95% confidence level, but the NREL 
– 3 Parameter Model resulted in the best correlation to 
actual data.   

 

Figure 4: Schematic Representation of the I-P-O Model 

4. Module performance was calculated as shown below, 
given the following inputs:  

 

• Pmod = module estimated AC power generation, W 

• Imod = module plane-of-array irradiance, W/m2 

• I0 = STC solar irradiance, W/m2 

• PDC = module rated maximum DC power, W 

• γ = temperature coefficient, %/˚C 

• TM = module temperature, ˚C 

• T0 = STC temperature, ˚C  

The overall system performance model is provided below: 

®�i�C,�,¯ = ®r�9C ∗ @� ∗ ∆¯ 

• Psysi,j,k = system estimated  AC power generation, W, for 
given hour i, month j, and year k 

• Pmodi = module rated maximum DC power, W, for given 
hour i 

• δj = system derate factor, for given month j 

• ∆k = system degradation factor, for given year k 

3.3 Outputs 

(1) The module irradiance output provides the daily average 
solar irradiance (W/m2/day) for each calendar month. 
This is important for understanding the influence of 

location and latitude on incoming sunlight, in 
addition to estimating the potential effects of seasonal 
shading, soil, and snow build-up on the panels. 

(2)   The derate value output provides the monthly 
product derate factors, which are useful for 
considering seasonal and monthly losses throughout 
the year. 

(3)  The AC energy value output provides the product of 
monthly system performance and the cost of 
electricity ($/kWh), considered with and without 
degradation and equipment replacement. This value 
is beneficial when comparing differing costs of 
electricity, either due to a commercial versus 
residential systems application, or for different 
locations and utility companies. 

(4)  The hourly expectation graphs, which vary depending 
on the performance model selected (flat-panel 
versus cylindrical panel), provide a visual 
realization of monthly PV performance to highlight 
changes due to sun position during the day.  Figure 
5 presents a graphical superposition of the predicted 
v/s actual  

(5) The comparison capability allows the user to compare 
up to 3 different PV systems at a time. 

(6) The valuations output provides a high and low range 
Actual Cash Value based on the module power 
tolerance, and also takes into consideration 
component depreciation. 

 
Figure 5: Thin-film Horizontal Modules: Expected v/s  

Actual PV performance 
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4. RESULTS: ACTUAL V/S PREDICTED 
PERFORMACE 

Figure 6 is an example of the graphical user interface screen 
comparing the output of the same mono-Si PV module at two 
different locations in the U.S. Midwest region, i.e., Green Bay, 
Chicago. On the other hand, Table 2 gives a model 
performance comparison between our DSS herein referred to 
as PVSysCo and PVWatts tool.  As indicated in the table, we 
used 50 days’ worth of data from the College of Menominee 
Nation (CMN) Solar Initiative facility to validate the model 
and compare our model performance with NREL’s PVWatts 
(3-parameter) model. The results show that our model results 
in a relatively lower Mean Square Error value.  

 

Figure 6: DSS GUI screen shot: Comparison of module output in 
two different locations 

5. CONCLUSION 

We present a PV Solar Power Decision Support System DSS 
herein referred to as the PVSysCo. This system, which 
incorporates an elaborate Graphic User Interface, overcomes 
the limitations of other existing PV solar evaluation. Our 
system also allows for concurrent multiple system 

configurations which include entry provisions for location, PV 
technology and monthly and seasonal derate factor variations. 
The tool considers degradation from a systems perspective and 
allows entry of panel specific characteristics including cell 
type and temperature coefficient.  

The user friendly GUI allows monthly albedo coefficient 
inputs for varying reflective surface types (in front of the 
panel), provides model adjustments based upon inverter 
selection and has the capability to view and compare several 
PV system options all at one time and on one screen.  
Validation and comparison of our model against the widely 
used PVWatts indicate that our model results in lower 
prediction Mean Square Error values. Our next steps will be to 
incorporate newer PV technologies such as the organic PV 
modules and die-sensitized PV cells as well as further extend 
the model to incorporate hourly inverter performance which is 
highly dependent on the PV power ratings. 
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