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ABSTRACT 
 

This doctoral thesis will present an analysis of spectral impacts on 

mc-Si and new generation CdTe in distinct regions of Brazil: 

Florianópolis-SC (27°S, 48°W) in the South, Assu-RN (5°S, 37°W) in the 

Northeast, and other locations to be determined based on availability of 

funding for purchasing and installing adequate equipment. As utility-

scale PV power plants are progressively being deployed in the Brazilian 

Northeast, the need for evaluation of the spectral effects of local blue-

biased spectra on the energy yield of different PV technologies arises, as 

well as the need for spectral correction of field peak-power measurements 

done during commissioning and system performance tests. Considering 

the high cost of adequate spectral measurement equipment, this thesis will 

also examine three previously proposed methods (Sandia's AM-only, 

Pwat and 2-parameter), and a new approach for the estimation of spectral 

impacts without the need for in loco measurements. The proposed 

methodology consists of the use of satellite data acquired from NASA's 

Giovanni platform as inputs for SMARTS 2.9.5 spectra model. 

Preliminary results for measured spectra showed that, for both locations, 

CdTe has significant spectral gains: up to 10% for Assu-RN (Northeastern 

Brazil) and 2% for Florianópolis-SC (Southern Brazil). A seasonal 

variation could also be detected for both sites, with lower spectral gains 

for CdTe - and higher for mc-Si - close to the Southern Hemisphere’s 

winter solstice, due to higher air mass values and lower precipitable water 

content of the atmosphere. Out of the direct methods evaluated for mc-Si, 

Sandia’s AM-only had the best results with a Mean Absolute Error 

(MAE) of 0.026, while the 2-parameter method resulted in a 0.032 MAE. 

For CdTe, 2-parameter method yielded the best results with a 0.011 MAE, 

while Pwat presented a MAE of 0.024. This doctoral thesis will also 

propose new coefficients based on local measurements for these direct 

methods, better fitted for the blue-biased spectrum found in warm and 

sunny Brazil. Preliminary results show that the proposed method using 

Giovanni data and SMARTS spectra modeling performed very well for 

mc-Si, yielding better results than the direct methods evaluated. For CdTe 

the proposed methodology did not perform as well as the direct methods 

evaluated. Initially, the proposed method was also applied to 

instantaneous measurements for three different times (and AM values) of 

the day for Florianópolis: 9:00, 12:00 and 15:00, yielding satisfactory 

results for IV curve spectral correction. 
 

Keywords: PV performance; spectral response; spectral factor; spectral 

modeling; CdTe; SMARTS. 
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1  INTRODUCTION  

 

Unforeseen and impressive photovoltaic (PV) module price 

reductions over the last 10 years (Kavlak et al., 2018) have led to massive 

falling prices - and rising capacity factors and performance ratios - of 

utility-scale PV power plants, especially in warm and sunny climates all 

over the world (Bolinger et al., 2015; Parkinson, 2017, 2016; Reich et al., 

2012). Cheaper PV modules gave rise to a noticeable increase in inverter 

loading ratios (Burger and Rüther, 2006) in ground-mounted PV plants in 

recent years, adding more DC (PV) power to the same AC power 

converter (Bolinger et al., 2015; Deschamps and Rüther, 2019). Most of 

these large-scale PV projects aim at selling PV electricity under long-term 

contracts, and close to the $ 25/MWh mark or less. While the traditional 

silicon technologies (c-Si, both mono- and multi-crystalline) dominate the 

scene, with some 97% of the world market in 2018 (Mints, 2018), high-

efficiency (18% in current production and prospects of 22% demonstrated 

efficiencies (Bosio et al., 2018; NREL, 2018) and large-area (2.5 m2) new 

generation thin-film cadmium-telluride (CdTe) PV modules have recently 

been introduced in the market (First Solar, 2018a, 2018b; Strevel, 2017). 

These improved CdTe modules present some interesting features for 

utility-scale PV power plants in the same warm and sunny climates where 

record-low prices for solar electricity are being promised. While for mc-

Si PV spectral effects do not play a significant role, the narrower spectral 

response of CdTe results in different behaviors depending on the spectral 

content of sunlight at a particular site (Tsuji et al., 2018). The lower 

temperature coefficient on power, and the blue-shifted spectral response 

when compared to mc-Si, render thin-film CdTe, and the no longer 

commercially-available amorphous silicon PV technologies, good 

performers in the warm, sunny, humid and bluer skies predominant in 

sunbelt regions of the world (Dash et al., 2017; Munshi et al., 2018; Nann 

and Emery, 1992; Rüther et al., 2002; Rüther and Livingstone, 1994). 

After irradiance, temperature and soiling, the spectral content of 

sunlight is one of the predominant variables affecting the performance of 

PV devices in the field, and assessing spectral shifts from the standard 

ASTM G173-03 spectrum (ASTM, 2012) caused mainly by aerosols 

(quantified by the Aerosol Optical Depth – AOD parameter), precipitable 

water and air mass is a matter not only of scientific interest, but of 

economic importance as well. AOD increases due to haze and biomass 

burning have been found to have the greatest impact in the wavelength 

range from 400 to 500 nm (Perry and Troccoli, 2015), leading to a red-

shift in the spectral irradiance. This shift affects negatively the blue-
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biased spectral response of CdTe modules (Ye et al., 2014), especially 

new generation CdTe which shows a significant better response in the 

350-500 nm wavelength range than earlier versions of this technology 

(First Solar, 2017).  

Even though the effects of the spectral distribution of light on PV 

performance have been extensively studied, and there is clear evidence of 

their importance on energy predictions and data analysis of PV systems 

(Dirnberger et al., 2015a, 2015b; R Gottschalg et al., 2003; Huld and 

Gracia Amillo, 2015; King et al., 1997; Kinsey, 2015; Lee et al., 2015b; 

Nelson et al., 2013; Stark and Theristis, 2015), there is still very limited 

measured historical spectral data available (Huld et al., 2013), due to high 

costs of equipment, logistics and data collection and processing for 

continuous measurement of solar spectra (Myers and Gueymard, 2004).  

Instantaneous spectrum measurement for field IV curve correction 

is also a concern, seen that it is required by international standards 

(International Electrotechnical Commission, 2009, 2008) and that local 

spectra might have great impact on peak power measurements (Lad et al., 

2010; Nann and Emery, 1992; Roy et al., 2010). Even though portable 

spectroradiometers are commercially-available, instantaneous 

measurements of spectrum face nearly the same drawbacks as previously 

mentioned for routine measurements: expensive equipment, logistics for 

field measurements and time-consuming data processing.  

Considering the difficulty of obtaining measured and historical 

spectral data, the importance of taking into consideration spectral effects 

on energy predictions of PV systems, and the need for spectral correction 

of field measurements, this work proposes a simplified methodology 

using satellite atmospheric data combined with instantaneous and average 

irradiance-weighted relative optical air mass to generate instantaneous 

and irradiance-weighted average spectral factors using the SMARTS 

2.9.5 software. An evaluation of direct methods for the estimation of 

spectral factors for Brazil is also presented, including measured spectra, 

in order to validate the proposed method. 
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1.1 OBJECTIVES 

 

1.1.1  Objective 
 

This doctoral thesis project has the main goal of evaluating the 

spectral effects of the Brazilian climate on the two main commercially-

available PV technologies at the moment: mc-Si and CdTe. 

 

1.1.2  Specific scope of work to reach the objective 

 

a) Perform spectral measurements and characterize the local 

spectrum, comparing it to the reference ASTM G-173 spectrum; 

b) Verify the use of the SMARTS model along with satellite data for 

the approximation of spectra, comparing modeled and measured 

results;  

c) Calculate and map spectral factors for key PV technologies for 

sites throughout the Brazilian territory; 

d) Estimate spectral effects using previously proposed methods and a 

novel method using spectra modeling and satellite data, comparing 

it to measured results; 

e) Fit previously proposed direct methods for spectral impact 

evaluation to the Brazilian climate and atmospheric conditions. 
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2  LITERATURE REVIEW 

 

2.1 PHOTOVOLTAIC SOLAR ENERGY 

 

The PV effect allows converting the power of sunlight directly into 

electrical power. This method of energy conversion presents great 

advantages, such as extreme simplicity, the absence of moving parts, 

modular characteristic (from mW to MW), short installation time, high 

reliability and low maintenance. In addition, the PV conversion is 

virtually silent, non-polluting and uses the sun as a renewable and 

virtually inexhaustible source of energy. 

The PV conversion occurs using semiconductor materials, with 

silicon (Si) being the most used. In addition to silicon, thin-film cadmium-

telluride (CdTe), Copper Indium Gallium Diselenide (CIGS), as well as 

other composite semiconductors are also used (Parida et al., 2011; Rüther, 

2004). 

 

2.2 PHOTOVOLTAIC TECHNOLOGIES 

 

PV technologies can be divided into three categories or generations 

of PV modules. The first generation uses crystalline silicon (c-Si) cells, 

mono or multi-crystalline, with thickness in the 150-200 μm range, 

representing a more significant limitation in terms of cost reduction and 

production (Saga, 2010). The second generation also uses silicon, but in 

amorphous form (a-Si), besides other materials such as CdTe or CIGS. 

This generation has an emphasis on cost reduction using very thin layers 

(~ 1μm), hence also called thin films. The third generation was initially 

being defined as a technology that should have been abundant, non-toxic, 

thin-layer, extremely low production costs, and of intrinsically higher 

efficiency materials than single-junction devices, such as those presented 

in the first generation. This definition has been expanded to include other 

advanced PV technologies, such as organic PV cells (dye-cells) and 

perovskite cells. Although the third-generation of PV modules has a 

longer perspective of cost reduction in the long run, currently they still 

have costs compared to those from first and second generation, as well as 

low life expectancy and low efficiency when deposited in large areas 

(Green et al., 2016, 2015; Parida et al., 2011). Figure 1 illustrates the 

production development of PV modules by technology. It can be observed 

that the first generation technologies have the largest share of commercial 

production, with more than 95% of the market for the year 2017 (~ 62% 

multicrystalline and ~ 33% monocrystalline). 
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Figure 1 - Development of the production of PV modules by technology 

(Fraunhofer Institute for Solar Energy Systems, 2019). 

 

The PV conversion efficiency is defined as the ratio of the 

maximum power produced by the cell or PV module, under standard test 

conditions (STC), to the product of the cell/module area and irradiance, 

also under STC (ABNT, 2006). 

Figure 2 presents an efficiency comparison of the best PV cells 

produced in the laboratory and the best efficiencies of PV modules for the 

year 2011 and in Figure 3 for the year 2018. It is important to note that 

the presented efficiencies are much higher than those commercially 

available since laboratory studies generally use high purity materials in 

well-controlled production processes, as well as cells of reduced 

dimensions. 

While the most widely used multi-crystalline silicon technology on 

the market had a 1.7% efficiency increase between 2011-2018 for the best 

modules, the best CdTe modules for the same period increased by 5.8%. 

During the last 10 years, while the efficiency of commercially 

available and market-dominant multi-crystalline silicon modules 

increased from 12% to 17%, CdTe modules increased from 9% to 16% 

(Fraunhofer Institute for Solar Energy Systems, 2019). 
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Figure 2 - Comparison of the efficiencies of the best PV cells produced in the 

laboratory x best PV module efficiencies for the year 2011 (Fraunhofer Institute 

for Solar Energy Systems, 2011). 

 

 
 

Figure 3 - Comparison of the efficiencies of the best PV cells produced in the 

laboratory x best PV module efficiencies for the year 2018 (Fraunhofer Institute 

for Solar Energy Systems, 2019; Green et al., 2019). 
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2.3 SOLAR SPECTRUM 

 

2.3.1 Solar Radiation 
 

The total radiation that reaches the Earth’s top of atmosphere (TOA) can 

be calculated considering the Sun as a black body through the Stefan-

Boltzmann’s law (𝐸 = 𝜎𝑇4). Considering an average radius of the Sun 

and the Sun-Earth distance, the total TOA radiance is approximately 1360 

W/m2, a value usually defined as the solar constant. The spectral 

distribution of light at the TOA is denominated extraterrestrial solar 

spectrum and can be found in Figure 4.  

Figure 4 also presents the reference ASTM G173-03 spectrum 

(ASTM, 2012), proposed by the American Society for Testing and 

Materials (ASTM) in order to standardize PV device rating tests under 

standard test conditions (STC). Absorption bands of ozone (O3), water 

(H2O) and carbon dioxide (CO2) are indicated in the image, as well as the 

ultraviolet (UV), visible (VIS) and infrared (IR) regions of the spectrum. 

The reference spectrum and how it compares to the local spectral 

distribution at the evaluated locations will be discussed later on. 

After reaching the TOA, radiation must go through the Earth’s 

atmosphere before reaching terrestrial semiconductor-based quantum 

converter devices, i.e. PV cells. In this trajectory, the atmosphere acts as 

a filter, modifying the amount and the spectral distribution of TOA solar 

radiation by scattering and absorption phenomena. The behavior of such 

filter (the atmosphere) depends on the amount of substance traversed by 

the solar rays in their course through the atmosphere and on the optical 

properties of the various atmospheric constituents (e.g. CH4, O2, CO2, O3, 

water vapor, aerosols, etc.). The Beer-Lambert law, shown in Eq. (1), 

describes the spectral distribution at the Earth’s surface (𝐸𝜆) as a function 

of the extraterrestrial spectral distribution (𝐸𝑇𝑅), considering the optical 

depth of each i-extinction process for a given wavelength (𝜏𝑖,𝜆) and 

optical air mass (𝑚), which quantifies the amount of substance traversed 

by the sun rays with respect to a vertical trajectory. 

 

𝐸𝜆 = ETR exp (− ∑ 𝑚𝜏𝑖,𝜆
𝑖

) Eq. (1) 
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Figure 4 - Extraterrestrial solar spectrum (blue line) along with ASTM G173-03 

reference spectrum (red line). Absorption bands of ozone (O3), water (H2O) and 

carbon dioxide (CO2) are indicated in the image. Ultraviolet (UV), visible (VIS) 

and infrared regions of the spectrum are also delineated (Dornelles et al., 2015). 

 

Even though each atmospheric constituent will have an optical air 

mass (AM) value, AM is usually reduced to a simple geometric parameter 

function of the solar position. The most widely used equation for AM as 

a function of the Sun’s zenith angle (𝜃𝑧) was proposed by Gueymard 

(2003). The equation, which takes in consideration the Earth’s spherical 

shape, is shown in Eq. (2). Increased AM values, usually found in high 

latitude regions and in the beginning and towards the end of the day in all 

regions, produce a significant attenuation on the ultraviolet (UV) region, 

red-shifting the spectral distribution. 

 

𝐴𝑀 = cos 𝜃𝑧 +
0.4835𝜃𝑧

0.095846

96.7412 − 𝜃𝑧
1.754 Eq. (2) 

 

Air mass, along with aerosol optical depth and water vapor are 

known to be the most relevant environmental parameters to affect spectral 

distribution of sunlight reaching the Earth’s surface. These parameters are 

variable over space and time, and comments on each of them are made in 

the forthcoming paragraphs. 
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Suspended particles in the air in solid or liquid state that scatter and 

absorb radiation depending on its size and optical properties are called 

aerosols. The spectral attenuation of such particles is quantified by the 

aerosol optical depth (𝐴𝑂𝐷). AOD can be estimated for a given 

wavelength (𝜆) by the Ångström turbidity equation, shown in Eq. (3), 

using the Ångström or wavelength exponent (𝛼) and the aerosol optical 

depth, usually measured at 550 nm (𝐴𝑂𝐷550) (Eltbaakh et al., 2012). 

AOD has a greater impact on the spectral distribution on the UV-visible 

region of the spectrum, also resulting in a red shift of spectral distribution.  

 

𝐴𝑂𝐷 = 𝐴𝑂𝐷550 (
𝜆

0.55
)

−𝛼

 Eq. (3) 

 

Another important constituent of the Earth’s atmosphere affecting 

terrestrial spectral distribution is water vapor. The most common 

approach to quantify water vapor in the atmosphere is using precipitable 

water (PW) that corresponds to the water column (usually in cm) that 

would be obtained if all water vapor overhead was to be condensed 

(Gueymard, 2014). An increase in precipitable water results in a strong 

attenuation on the near-infrared region of the spectrum, and therefore, a 

blue-shift of the spectral distribution. 

The above-mentioned factors will produce different effects on the 

performance of photovoltaic devices depending on their absorption 

bands. These effects have been previously investigated using the 

SMARTS (Simple Model of the Atmospheric Radiative Transfer of 

Sunshine) model and reference spectrum parameters, changing one 

environmental variable at a time (Fernandez et al., 2015; Fernández et al., 

2016; Senthilarasu et al., 2015). Results for air mass, AOD and 

precipitable water are show in Figure 5. 
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(a) 

 
(b) 

 
(c) 

 
Figure 5 - Individual impact of AM (a), AOD (b) and PW (c) on different PV 

technologies’ performance ratio, using the SMARTS model (Rodrigo et al., 

2017). 
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2.3.2 Reference and Brazilian Spectral Distributions 

 

Considering the relevance of spectral distribution on the power 

rating of PV devices, the solar community has agreed on a reference 

spectrum for the so-called standard test conditions (STC), used for testing 

PV modules. This spectrum was consolidated through the use of several 

spectral models and extensive research on the various extinction 

processes happening in the Earth’s atmosphere (Bird et al., 1983; 

Gueymard et al., 2002; Hulstrom et al., 1985). 

The most widely accepted spectral distribution to evaluate 

photovoltaic devices under STC is now the ASTMG-173-03 reference 

spectrum (ASTM, 2012) provided by the American Society for Testing 

and Materials (ASTM), obtained from the aerosol optical depth (AOD), 

precipitable water (PW), ozone column (O3), carbon dioxide (CO2), and 

average air mass (AM), from representative regions of the US. 

However, the ASTM G173-03 spectrum is rarely reproduced in 

field conditions, where the main value of interest is not the efficiency 

under STC, but the electrical output under realistic operating conditions. 

Considering this, the PV community has extensively studied ways to 

better understand and quantify the impact of spectral changes on the 

output of the different solar devices. 

Due to the high cost and complexity of maintenance and data 

acquisition, there are not many spectroradiometers available in Brazil, 

and there is currently no equipment performing continuous and long-term 

measurements for spectral characterization of the Brazilian territory. 

Simulation models for PV systems also do not faithfully represent spectral 

losses and/or gains, often neglecting this loss due to the complexity of 

modeling atmospheric dynamics and their impact on the solar spectrum 

(Duck and Fell, 2015). For these scenarios, an alternative is to obtain a 

spectral representation of a site using radiation transfer models (Myers 

and Gueymard, 2004), and atmospheric data originated from field 

measurements (Núñez et al., 2016) or satellite data (Amillo et al., 2015). 

Table 1 shows the aerosol optical depth (AOD), precipitable water 

(PW), ozone column (O3) and carbon dioxide (CO2), and average air mass 

(AM) atmospheric values used to characterize the typical standard 

spectrum employed worldwide in the characterization of PV modules. 

Average values of Brazilian locations are also presented, showing the 

atmospheric differences between distinct regions of Brazil and the 

reference ASTM G173-03 spectrum. Using these inputs and the 

SMARTS model, characteristic spectra were defined for Brazil (Haag, 

2012; Haag and Krenzinger, 2016). 
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Table 1 - Characteristic atmospheric parameters for distinct Brazilian locations 

and ASTM G173-03.The standard deviation for the concentration values of 

ozone (O3), precipitable water (PW), and AOD are shown in parentheses (Haag, 

2012). 

 

Site O3 [DU] PW [cm] AOD CO2 [ppmv] 

ASTM G173-03 343,8 1.42 0.084 370 

Porto Alegre, RS 275.4 (9.26) 2.30 (0.24) 0.061 (0.028) 384 

Petrolina, PE 286.5 (8.83) 3.24 (0.21) 0.040 (0.018) 381 

Alta Floresta, MT 270.2 (9.48) 4.53 (0.24) 0.246 (0.11) 382 

Manaus, AM 260.5 (9.75) 5.25 (0.15) 0.195 (0.068) 382 

 

2.3.3 Spectral Response 

 

The spectral response (SR) represents the conversion of the 

incident photons into electricity in a PV device and can be defined as the 

amperes generated per watt of incident light of a given wavelength 

(Rodrigo et al., 2017). In other words, the spectral response represents 

how the PV device responds to different wavelengths of the incident 

sunlight. Figure 6 shows the SR, or spectral absorption band, of some of 

the current most wide-spread PV materials. 

Figure 7, on the other hand, presents the quantum efficiency (QE) 

of several PV materials. The quantum efficiency indicates the amount of 

current generated when irradiated by photons of a particular wavelength. 

The integral of the quantum efficiency over the entire solar 

electromagnetic spectrum gives the amount of current the cell will 

produce when exposed to solar radiation. The spectral response and the 

quantum efficiency are related through the formula shown in Eq. (4), 

where 𝑞 is the electron charge, 𝜆 is the given wavelength, ℎ is the Plank’s 

constant and 𝑐 is the speed of light. Eq. (4) essentially shows that quantum 

efficiency can be determined from the spectral response by replacing the 

power of the light at a particular wavelength with the photon flux for that 

wavelength. 

 

𝑆𝑅 =
𝑞𝜆

ℎ𝑐
𝑄𝐸 Eq. (4) 
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Figure 6 - Spectral response (SR) of the most wide-spread PV materials 

nowadays (Rodrigo et al., 2017). 

 

 
 

Figure 7 - Quantum efficiency (QE) for different PV technologies (Minnaert 

and Veelaert, 2014). 
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It can be observed that a-Si and CdTe technology present a 

narrower spectral response mainly at short wavelengths (blue-biased). In 

this way, these PV devices’ performances will benefit in regions with 

blue-shifted spectral distributions (Gottschalg et al., 2005; Rüther et al., 

2002). On the other hand, crystalline silicon-based technologies - mono- 

and multicrystalline silicon - have a redder spectral response, ranging up 

to 1200 nm. 

 

2.3.4 Spectral Indexes 

 

Rodrigo et al. (2017) classify the indexes used to quantify the 

effects of spectral distribution of sunlight on PV devices in PV device-

independent and device-dependent. Indexes that do not depend on the PV 

device characterize the spectral distribution itself, therefore an index 

calculated for a specific spectral distribution is valid for all PV devices. 

PV device-dependent indexes, on the other hand, take into consideration 

the PV technology’s spectral response, thus the indexes must be 

recalculated for different PV devices. This second category of indexes can 

be further classified into indexes that characterize the spectral impact on 

a PV device, indexes that characterize the relative spectral impact 

between two PV devices, and indexes that characterize the spectrum from 

multi-juntion solar cells. Figure 8 schematizes the commonly used 

spectral indexes according to the above-mentioned classification. 

The Average Photon Energy (APE) is a PV device-independent 

index is defined as the total irradiance contained in the spectrum (integral 

of 𝐸𝐺(𝜆)) divided by the total photon flux density (integral of Φ𝐺(𝜆)) 

(Jardine et al., 2002; Williams et al., 2003), as shown in Eq. (5). The 

photon flux density, in turn, is given by the relation between the spectral 

irradiance (𝐸𝐺(𝜆)) and the product of the Plank’s constant (ℎ) by the 

speed of light (𝑐), divided by the wavelength (𝜆), as shown in Eq. (6). The 

final units for APE, when using SI units, is electronvolts (eV). 

 

𝐴𝑃𝐸 =
∫ 𝐸𝐺(𝜆)𝑑𝜆

𝜆2

𝜆1

∫ Φ𝐺(𝜆)𝑑𝜆
𝜆2

𝜆1

 Eq. (5) 

 

Φ𝐺(𝜆) =
𝐸𝐺(𝜆)

ℎ𝑐/𝜆 
 Eq. (6) 
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Figure 8 - Classification of indexes for quantifying spectral influences in photovoltaic systems (Rodrigo et al., 2017). 
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For the standard spectrum, considering wavelengths between 350 

and 1050 nm, APE is 1.88eV. This index is related to the radiation’s 

chromatic distribution, with low wavelength photons having less weight 

on the total photon flux density, meaning that low APE values correspond 

to “red-rich” spectral distributions. The disadvantage of the APE index is 

the need for measured/modeled spectral distribution and the vagueness 

between the index result and the actual spectral impacts. 

Another PV device-independent index is the Blue Fraction (BF), 

which is simply the integral of the spectral irradiance contained in 

wavelengths below 650 nm divided by the total irradiance (Sutterlueti et 

al., 2008), as presented in Eq. (7). For the reference ASTM G173-03 

spectrum, the resulting BF is 52% when integrating irradiance up to 1050 

nm. This means that spectra with a BF above 52% can be considered 

“bluer” than the reference. The disadvantages of this index are the same 

as the ones stated for the APE index. 

 

𝐵𝐹 =
∫ 𝐸𝐺(𝜆)𝑑𝜆

𝜆<650

∫ 𝐸𝐺(𝜆)𝑑𝜆
 Eq. (7) 

 

The spectral factor (𝑆𝐹) index, is a dimensionless PV device-

dependent coefficient that quantifies the spectral mismatch between the 

reference ASTM G173-03 spectrum (𝐸𝐺
∗ (𝜆)) and the local spectrum 

(𝐸𝐺(𝜆)), for a particular PV spectral response (𝑆𝑅(𝜆)) (Rodrigo et al., 

2017). This index quantifies the actual spectral gains of a PV technology 

regardless of the reference irradiance sensor used. It must be noted that 

when correcting IV curve measurements or other irradiance-dependent 

parameters, the mismatch factor (𝑀𝑀) is a more suitable index, seeing 

that it correlates the spectral response of the reference sensor and the 

device under test as well as the reference and the measured spectra 

(Rodrigo et al., 2017). The formula for the spectral factor (SF) calculation 

is shown in Eq. (8). 

 

𝑆𝐹 =
∫ 𝐸𝐺(𝜆)𝑆𝑅(𝜆)𝑑𝜆

∫ 𝐸𝐺
∗ (𝜆)𝑆𝑅(𝜆)𝑑𝜆

∙
∫ 𝐸𝐺

∗ (𝜆)𝑑𝜆

∫ 𝐸𝐺(𝜆)𝑑𝜆
 Eq. (8) 

 
The Useful Fraction (UF) index, proposed by Gottschalg et al. 

(2005) and R. Gottschalg et al. (2003), is defined as shown in Eq. (9). 

This index correlates the irradiance present up to the PV device’s 

absorption limits (𝜆 < 𝜆0) to the total irradiance. 
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𝑈𝐹 =
∫ 𝐸𝐺(𝜆)𝑑𝜆

𝜆<𝜆0

∫ 𝐸𝐺(𝜆)𝑑𝜆
 Eq. (9) 

 

The index used for the spectral correction of peak-power 

measurements according to the IEC 60904-7 standard (International 

Electrotechnical Commission, 2008) is the spectral mismatch factor 

(𝑀𝑀), given by Eq. (10). The need for spectral correction of IV curve 

measurements rises from the mismatching between the spectral response 

of the reference device (𝑆𝑅𝑟𝑒𝑓(𝜆)) and the device under test (𝑆𝑅𝐷𝑈𝑇(𝜆)), 

which results in different irradiances “seen” by the sample and the 

reference sensor. The mismatch factor, therefore, correlates the standard 

ASTM G173-03 (𝐸𝐺173(𝜆)) and measured spectra (𝐸𝐺(𝜆)) with the 

spectral responses of the sample (𝑆𝑅𝐷𝑈𝑇(𝜆)) and reference devices 

(𝑆𝑅𝑟𝑒𝑓(𝜆)). 

 

𝑀𝑀 =
∫ 𝐸𝐺(𝜆)𝑆𝑅𝐷𝑈𝑇(𝜆)𝑑𝜆

∫ 𝐸𝐺173(𝜆)𝑆𝑅𝐷𝑈𝑇(𝜆)𝑑𝜆
∙

∫ 𝐸𝐺173(𝜆)𝑆𝑅𝑟𝑒𝑓(𝜆)𝑑𝜆

∫ 𝐸𝐺(𝜆)𝑆𝑅𝑟𝑒𝑓(𝜆)𝑑𝜆
 Eq. (10) 

 

The mismatch factor equals the SF index when using an ideal 

device with a flat spectral response over the analyzed wavelength interval 

as a reference. The most common device that fits this description is a 

pyranometer, which operates under a thermoelectric rather than a 

photoelectric principle.
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3 METHOD 

 

3.1 MEASUREMENT SETUP 

 

In order to evaluate the methods presented in this study, measured 

spectral data among other environmental parameters were required. 

Long-term data and instantaneous measurements were used to evaluate 

distinct methods used in two particular scenarios where spectral impacts 

must be accounted for: instantaneous measurements for IV curve 

correction and long term analysis. 

The long-term measured data used in this study were obtained from 

the solar measurement station located at the Fotovoltaica-UFSC 

laboratory (www.fotovoltaica.ufsc.br), in the city of Florianópolis-SC, 

Brazil (27°S, 48°W). The solar measurement station is shown in Figure 

9, and a list of all of the sensors installed can be found in . The spectral 

measurements at this station are made using a stationary EKO MS-711 

spectroradiometer (sensor number 8 in Figure 9 and Table 2) in a one-

minute basis within the 300-1100 nm wavelength range, as presented in 

Table 2. Irradiance data for Florianópolis-SC were also acquired using a 

Kipp & Zonen SMP22-V pyranometer (sensor number 7 in Figure 9 and 

Table 2), together with relative humidity and ambient temperature, which 

were measured using a Vaisala HMP155A (sensor number 10b in Figure 

9 and Table 2). 

 

 
 
Figure 9 - Solar measurement station located at the Fotovoltaica-UFSC research 

laboratory in Florianópolis-SC, Brazil (27°S, 48°W), numbered according to 

Table 2.
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Table 2 - List of sensors installed at the Fotovoltaica-UFSC research laboratory in Florianópolis-SC, Brazil (27°S, 48°W), 

numbered according to Figure 9. 

 

 Measurement Model Manufacturer  Measurement Model Manufacturer 

1 Ultraviolet CUV-5-V Kipp & Zonen 9e 
Global Tilted 

(1-Axis) 
SMP11-V Kipp & Zonen 

2 Global Tilted SMP6 Kipp & Zonen 9f 
Global Tilted 

(2-Axis) 
SMP11-V Kipp & Zonen 

3 Global Horizontal SMP11-V Kipp & Zonen 10a Wind WINDSONIC1 GILL 

4 Global Tilted SMP11 Kipp & Zonen 10b 
RH & 

Temperature 
HMP155A VAISALA 

5 All- Sky Camera SRF-02 EKO 11 Global Horizontal Si-02-PT100 IMT 

6 Global Tilted SMP11-V Kipp & Zonen 12 
Global Tilted 

(Clean) 
Si-02-PT100 IMT 

7 Global Horizontal SMP22-V Kipp & Zonen 13 Pluviometer TB4-L HS 

8 Solar Spectrum MS-711 EKO 14 Global/Diffuse SPN1 Delta-T 

9a 
IR & 

long-wave 
SGR4-V Kipp & Zonen 15 Diffuse Horizontal SMP11 Kipp & Zonen 

9b Global Horizontal SMP22-V Kipp & Zonen 16 
Global Tilted 

(Soiled) 
Si-02-PT100 IMT 

9c Diffuse Horizontal SMP22-V Kipp & Zonen 17 PAR PQS-1 Kipp & Zonen 

9d Direct Normal SHP1-V Kipp & Zonen     
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Furthermore, instantaneous spectral measurements were made in 

the field at a utility-scale PV power plant in Assu-RN, located in the 

Brazilian Northeast (5°S, 37°W), using a portable EKO MS-720 

spectroradiometer, as shown in Figure 10. This device allows 

measurements within the 350-1050 nm wavelength range, as presented in 

Table 3. 

 

 
 

Figure 10 - On-site spectral measurements made with the EKO MS-720 

portable spectroradiometer in Assu-RN, Brazil (5°S, 37°W). 

 
Table 3 - Main specifications of the spectroradiometers used to obtain spectral 

data for the analysis. 

 

 MS-711 MS-720 

Type stationary portable 

Wavelength range 300 - 1100 nm 350 - 1050 nm 

Optical resolution FWHM < 7 nm < 10 nm 

Wavelength accuracy +/- 0.2 nm < 0.3 nm 
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Annual environmental data for the application of direct methods 

for spectral impact estimation at the Assu-RN site were acquired from a 

local weather station. The data comprehends a full year of consecutive 

measurements (Jan.-Dec. 2016) with a ten-minute time resolution (as 

required of new PV power plants to present in order to be eligible to take 

part in Brazilian energy auctions (EPE, 2017)). 

 

3.2 SATELLITE DATA ACQUISITION 

 

For the application of the proposed method, environmental 

parameters were obtained from publicly available data through the 

Giovanni online platform, a tool that displays data from NASA satellites 

directly on the internet (NASA, n.d.). The use of satellite data to model 

spectral behavior and analyze spectral impacts on PV technologies was 

previously proposed by Haag (2012). 

The Giovanni platform allows the user to research parameters, 

choose a satellite among the many available, select a time period and 

location, and plot the data in a very straightforward manner. After 

plotting, it is also possible to export the data as an image (chart format) 

or a comma-separated-values file (.csv, in table format). 

The satellites used in this study for the long-term analysis of 

spectral impacts in Florianópolis- and the corresponding parameters and 

resolutions obtained from each of them can be found in Table 4. 

For the Assu site, precipitable water data were obtained to correlate 

the spectral factor calculated for on-site measurements with different 

atmospheric conditions. The sources used to obtain data for this site are 

also presented in Table 4, along with their respective units, temporal and 

spatial resolutions. 
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Table 4 - Data sources within NASA Giovanni platform used in the present 

study. 

 

Source Measurement Units 
Temporal 

Resolution 
Spatial 

Resolution 
Site 

MODIS-
Terra 

Aerosol Optical 
Depth @ 550nm 

- Daily 1° Florianópolis 

AIRS 
Carbon Dioxide 
Mole Fraction 

ppmv Monthly 2° x 2.5° Florianópolis 

MODIS-
Terra 

Precipitable Water 
Vapor 

cm Daily 1° Florianópolis 

OMI 
Ozone Total 

Column 
DU Daily 0.25° Florianópolis 

MERRA-2 
Precipitable Water 

Vapor 
cm Hourly 0.5° x 0.625° Assu 

 

3.3 SOLAR GEOMETRY DATA 

 

Relative air mass data were retrieved for both locations using 

NREL’s Measurement and Instrumentation Data Center (MIDC) solar 

position (SOLPOS) calculator (NREL, n.d.). The SOLPOS calculator 

computes the solar position and intensity from time and place according 

to the user’s inputs of latitude, longitude, time zone, surface pressure and 

ambient dry-bulb temperature, among other optional inputs. The user 

must also input the time period and interval of the output and the desired 

parameters to be calculated. 

The calculated relative air mass was used for SMARTS spectra 

modeling, while pressure-corrected air mass was used in the application 

of direct methods for calculation of SF. The surface pressure values 

needed for the pressure-corrected air mass computation were the periods’ 

measured data average (from the solar measurement station shown in 

Figure 9) and satellite data average (from the Giovanni platform) for 

Florianópolis-SC and Assu-RN, respectively. 

 

3.4 SPECTRA MODELING 

 

The SMARTS (Simple Model of the Atmospheric Radiative 

Transfer of Sunshine) is a FORTRAN code that aims to model the spectral 

distribution of solar irradiance at a given location and environmental 

conditions. The model allows the user to input several parameters such as 

air mass, precipitable water, AOD, among many others, to model the 
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spectral conditions at a certain location and time (Gueymard, 2006, 1995; 

Myers and Gueymard, 2004). The SMARTS model is often used to model 

spectral characteristics in order to evaluate the spectral impacts of such 

spectrum on a given PV system (Betts, 2004; Haag, 2012; Haag and 

Krenzinger, 2016; Myers et al., 2002; Nelson et al., 2013; Stark and 

Theristis, 2015). 

The inputs for the SMARTS model used in the present study for 

Florianópolis are shown in Table 5. For precipitable water, ozone vertical 

column, carbon dioxide concentration and AOD, satellite data according 

to Table 4 for the day/month were used. As previously mentioned, when 

data were unavailable an interpolation or extrapolation was made with the 

available data points in order to fulfill gaps.  

 

3.5 SPECTRAL FACTOR 

 

As previously mentioned, there are several indexes for quantifying 

the effects of different spectral distributions of light on PV technologies. 

Some of these indexes characterize the spectral distribution of light itself, 

such as the blue fraction and APE (average photon energy), while others 

relate a given spectral distribution with the standard spectrum and a 

specific spectral response (spectral factor, useful fraction, etc.) or even 

correlate the relative spectral impacts between two PV devices (spectral 

mismatch factor) (Rodrigo et al., 2017). 

The focus of this study is the spectral factor (𝑆𝐹), a dimensionless 

coefficient that quantifies the spectral mismatch between the reference 

ASTM G173-03 spectrum (𝐸𝐺
∗ (𝜆)) and the local spectrum (𝐸𝐺(𝜆)), for a 

particular PV spectral response (𝑆𝑅(𝜆)) (Rodrigo et al., 2017). This index 

was chosen because it quantifies the actual spectral gains of a PV 

technology regardless of the reference irradiance sensor used. It must be 

noted that when correcting IV curve measurements or other irradiance-

dependent parameters, the mismatch factor (𝑀𝑀) is a more suitable 

index, seeing that it correlates the spectral response of the reference 

sensor and the device under test as well as the reference and the measured 

spectra (Rodrigo et al., 2017). The formula for the spectral factor (SF) 

calculation was previously shown in Eq. (8). 

Because the variables shown in Eq. (8) are discrete sets of data 
with distinct wavelengths, an interpolation between points was necessary 

in order to have all datasets in the same wavelength bases. The trapezoidal 

rule was employed to evaluate the definite integrals. 

The spectral responses used in the calculation of the spectral factor 

are shown in Figure 11 for mc-Si and new generation CdTe in red (wider, 
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red-shifted curve) and blue (narrower, blue-shifted curve) respectively. 

The spectral responses used in this study were provided by a reference 

cell manufacturer - for mc-Si - and a module manufacturer - for new 

generation CdTe (First Solar, 2017). 

 
 Table 5 - Inputs for the SMARTS model used in the present study for 

Florianópolis-SC, Brazil (27°S, 48°W). 

 

 

Card # Card Name Parameter Value Unit 

Card 2 Site Pressure 

Altitude 0 km 

Height 0 km 

Latitude -27.430706 ° 

Card 3 Atmosphere Reference Atmosphere 
SubTropical 

Summer 
- 

Card 4 Water Vapor Precipitable Water Satellite Data cm 

Card 5 Ozone Ozone Vertical Column Satellite Data 
atm-
cm 

Card 6 
Gaseous 

Absorption 
Use Defaults from Selected Atmosphere 

Card 7 
Carbon 
Dioxide 

Carbon Dioxide Concentration Satellite Data ppmv 

Card 7a 
Extraterrestrial 

Spectrum 
Gueymard 2004 

Card 8 Aerosol Model Rural 

Card 9 Turbidity 
Aerosol Optical Depth at 

550nm 
Satellite Data - 

Card 10 Albedo Green Grass Denver 

Card 10b Tilt Albedo Bypass 

Card 11 
Spectral 
Range 

Minimum 280 nm 

Maximum 1200 nm 

Solar Constant 1366.1 W/m2 

Solar Constant Distance 
Correction factor 

1 - 

Card 12 Output 

Create .OUT and .EXT files, include spectral results in .EXT file 
only 

Spectral range to be printed 280-1200 nm 

Spectral Results Global horizontal irradiance 

Card 13 Circumsolar Bypass 

Card 14 
Smoothing 

Filter 
Bypass 

Card 15 Illuminance Bypass 

Card 16 UV Bypass 

Card 17 
Solar 

Geometry 
Input relative Air Mass Calculated - 
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Figure 11 - Spectral responses for mc-Si (wider, red-shifted curve) and new 

generation CdTe (narrower, blue-shifted curve) used in the computation of 

spectral indexes in this thesis. 

 

On Figure 11 it can be observed that the spectral response of mc-

Si comprehends wavelengths of up to 1200 nm, while CdTe has a 

narrower response, ranging from 300 nm to 900 nm only. The measuring 

range of the spectroradiometers used in this study go up to 1050 and 1100 

nm, for MS-720 and MS-711 respectively, encompassing all of the CdTe 

spectral response range, but only part of multicrystalline silicon’s, 

introducing great uncertainty in the analysis (Dirnberger et al., 2015c). 

The total uncertainty associated with the calculation of the SF can 

be estimated using the methodology presented by Dirnberger and Reise 

(2015), where uncertainties ranging from 0.9% to 1.8% were found. This 

analysis will not be presented at this time, but it is important to understand 

the sources of uncertainty and how they affect SF differently for mc-Si 

and CdTe.  

The uncertainty associated with the spectra measurements (𝐸𝐺(𝜆)) 

can be traced back to the spectroradiometers’ calibration, cosine response, 

linearity, wavelength accuracy and temperature dependence. The 

reference spectral distribution (𝐸𝐺
∗ (𝜆)) is a definition and, therefore, has 

no uncertainty. The spectral response of the evaluated PV devices also 

has an uncertainty associated with its measurement, with its temperature 

dependence caused by the semiconductor’s bang gap’s temperature 

dependence (Litjens, 2013), and with the use of spectral results of one 
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specific PV device for other devices employing that same PV technology. 

In addition, it has been shown that the magnitude of the spectral index 

itself is not significant for its uncertainty, but how similar the evaluated 

spectrum and the reference spectrum are is very relevant (Field and 

Emery, 1993; Hohl-Ebinger and Warta, 2011; King et al., 2002). 

Other sources of uncertainty in the present analysis are derived 

from the numerical methods employed: the interpolation carried out in 

order to have all datasets in the same wavelength bases and the trapezoidal 

rule used in the computation of the definite integrals. 

 

3.6 SF ESTIMATION 

 

3.6.1 SMARTS + Giovanni Method 

 

The proposed method for estimating the spectral factor consists of 

three basic steps: 

 

1. Acquisition of environmental parameter values for a specific 

location and time from NASA satellites’ database through the 

Giovanni online platform (NASA, n.d.); 

2. Modeling of the local spectrum using the SMARTS 2.9.5 

software; 

3. Calculation of the spectral factor (SF) in order to quantify the 

spectral mismatch impact of the modeled spectrum on a 

specific PV technology. 

 

This method allows the calculation of spectral impacts without the 

need for in loco measurements. From the spectra modeled through the 

SMARTS model, the spectral factor is calculated for two PV 

technologies: multicrystalline silicon (mc-Si) and new generation 

cadmium telluride (CdTe), using the spectral responses shown in Figure 

11. Considering that the proposed methodology involves the modeling of 

spectra, it can also be applied in the calculation of other spectral indexes, 

such as the mismatch factor (𝑀𝑀) and the APE (average photon energy). 
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3.6.2 Direct Methods 

 

Several authors have also proposed direct methods for the 

quantification of spectral impacts on PV systems (King et al., 2004, 1997; 

Lee et al., 2015a, 2015b; Nelson et al., 2013). These direct methods are 

empirical correlations that exempt the need of a local spectrum and the 

use of integrals in the computation of the spectral impact on a PV system. 

In this study, three of these empirical correlations will also be applied to 

measured data to assess their accuracy for South Brazil Florianópolis’ 

warm and humid subtropical climate. 

The most common direct method for quantifying the spectral 

impact on a PV system is the Sandia spectral correction method, 

developed by Sandia National Labs. The method consists of an empirical 

fourth-order polynomial expression shown in Eq. (11), where 𝐴𝑀𝑎 is the 

absolute pressure-corrected air mass and 𝑎0, 𝑎1, 𝑎2, 𝑎3 and 𝑎4 are the 

Sandia coefficients (King et al., 2016, 2004, 1997; King and Eckert, 

1996). The method was intended to be applicable to all PV technologies; 

however, it only takes into consideration the absolute pressure-corrected 

optical air mass (𝐴𝑀𝑎), which is the major environmental variable 

affecting mc-Si spectral gains, but the same is not true for CdTe modules. 

For this reason, the correlation works well for crystalline silicon based 

technologies, but not adequately for CdTe (Duck and Fell, 2015; Lee and 

Panchula, 2016).  

 

𝑆𝐹𝐴𝑀 = 𝑎0 + 𝑎1𝐴𝑀𝑎 + 𝑎2𝐴𝑀𝑎
2 + 𝑎3𝐴𝑀𝑎

3 + 𝑎4𝐴𝑀𝑎
4 Eq. (11) 

 

As previously mentioned, thin-film CdTe has a blue-shifted and 

narrow spectral response (up to 900 nm) and therefore has its performance 

increased by environmental conditions that absorb irradiant light outside 

its spectral response range. Water vapor is the major environmental 

variable that affects these wavelengths outside CdTe spectral response 

(above 900 nm), meaning that in conditions where precipitable water is 

in abundance in the atmosphere, CdTe PV modules have a significant 

boost in performance. This is where the second direct method evaluated 

in this study comes into place: the precipitable water (Pwat) method. 

Given that precipitable water (𝑈𝑊) is the main driver for CdTe spectral 

impacts, Nelson et al. (2013) proposed a method fitted for CdTe modules 

that consists of an empirical correlation between spectral factor and 

precipitable water only. Eq. (12) shows the precipitable water method 

correlation with the coefficients for new generation CdTe. 
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𝑆𝐹𝑃𝑤𝑎𝑡
= 1.266 − 0.0913 exp(1.1987(𝑈𝑊 + 0.5)−0.21) Eq. (12) 

 

The above-mentioned direct methods for spectral impact 

calculation can only be applied with satisfactory results to specific PV 

technologies. Aiming to attend to both CdTe and mc-Si modules, Lee and 

Panchula (2016) proposed a two-parameter empirical method (2-

parameter). The method uses both absolute pressure-corrected air mass 

(𝐴𝑀𝑎) and precipitable water (𝑈𝑊) as inputs, as shown in Eq. (13). The 

coefficients 𝑏0 through 𝑏5 for both mc-Si and new generation CdTe were 

obtained from (Lee and Panchula, 2016) and are shown in Table 6. 

 

𝑆𝐹2-𝑝𝑎𝑟 = 𝑏0 + 𝑏1𝐴𝑀𝑎 + 𝑏2𝑈𝑊 + 𝑏3√𝐴𝑀𝑎 + 𝑏4√𝑈𝑊 + 𝑏5

𝐴𝑀𝑎

√𝑈𝑊

 Eq. (13) 

 
Table 6 - 2-parameter method coefficients for mc-Si and CdTe obtained from 

(Lee and Panchula, 2016). 

 

 

For sets of data that did not include this parameter, precipitable 

water values (𝑈𝑊) were estimated from relative humidity (𝑅𝐻, given as a 

percentage) and ambient temperature (𝑇𝑎, in Kelvin) measurements from 

the solar measurement stations using Eq. (14) (First Solar, n.d.; 

Gueymard, 1994). 

 

𝑈𝑊 ≈ 0.1 (0.4976 + 1.5265
𝑇𝑎

273.15
+ 𝑒13.6897

𝑇𝑎
273.15−14.9188(

𝑇𝑎
273.15

)
3

)

× (216.7
𝑅𝐻

100𝑇𝑎

𝑒
22.33−49.14

100
𝑇𝑎

−10.922(
100
𝑇𝑎

)
2

−0.39015
𝑇𝑎

100) 
Eq. (14) 

 

 

 𝒃𝟎 𝒃𝟏 𝒃𝟐 𝒃𝟑 𝒃𝟒 𝒃𝟓 

mc-Si 0.8409 -0.02754 -0.00792 0.1357 0.03802 -0.002122 

CdTe 0.7946 -0.05423 -0.01319 0.1724 0.08372 -0.004376 
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4 PRELIMINARY RESULTS 

 

This section presents the preliminary results obtained in this thesis 

up to the present time. 

 

4.1 IMPACT OF ENVIRONMENTAL VARIABLES ON THE 

LOCAL SPECTRUM 

 

The main environmental variables that affect the spectral 

distribution of light are air mass (AM), precipitable water (PW), aerosol 

optical depth (AOD), ozone (O3) and carbon dioxide (CO2). The impact 

of these parameters on the spectrum was evaluated through the simulation 

of the standard ASTM G173-03 spectrum using the SMARTS model, 

with only one of the above-mentioned parameters being varied. The 

wavelength range simulated was from 280 nm to 4000 nm and results can 

be found in Figure 12. The ranges in which each individual parameter was 

varied was found to be representative of real conditions around the globe 

and had been previously used in other studies as well (Betts, 2004; Haag, 

2012; Lee and Panchula, 2016; Stark and Theristis, 2015). 

The air mass values were varied from AM 1.0 to 6.0, with 0.5 

intervals, and it was the variable that had the greatest impact on the 

simulated spectra, especially within the visible light range (400-750 nm). 

Precipitable water was varied from 1 to 6 cm in 1 cm intervals and it 

showed to have a great impact on higher wavelengths (infrared), 

especially around 950 nm and 1150 nm. For AOD values the range used 

was from 0 to 0.48, with 0.08 intervals; the impact of this variable is more 

noticeable in the shorter wavelengths. For ozone, the simulated interval 

was from 0.00 to 0.50 atm-cm, with 0.05 atm-cm increments, and the 

greater variation on the simulated spectra was observed within 500 nm 

and 700 nm. Carbon dioxide was varied from 200 to 600 ppmv and no 

significant impacts were observed. 



48 

 

 
(a) 

 
(b) 

  
(c) 
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(d) 

 
(e) 

 
Figure 12 - Impact of the main environmental variables on the local spectrum: 

(a) air mass (AM); (b) precipitable water (PW); (c) aerosol optical depth @ 

550nm (AOD550); (d) ozone (O3); and (e) carbon dioxide (CO2). 

 

The results presented in Figure 12 must be translated into spectral 

impacts on PV technologies in order to assess which variables would 

affect the most the performance of PV systems, seeing that a major 

change in spectrum might be irrelevant for one technology but might 

result in big changes in performance for a different one. Figure 13 shows 

the spectral factors calculated for both mc-Si and CdTe according to Eq. 

(8) for the same ranges of values as Figure 12 for AOD, precipitable water 

and air mass. 
It can be seen on Figure 13 (a) that AOD has a very small impact 

on the spectral factor for CdTe and even smaller for mc-Si. Precipitable 

water, on the other hand, has a more significant impact on CdTe’s SF, 

while having nearly no effect on mc-Si’s, as shown in Figure 13 (b). This 
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result was expected once precipitable water lowers the spectral content 

outside CdTe’s spectral response range (see Figure 11 and Figure 12 (b)), 

which in turn yields a spectral advantage for this PV technology. Air 

mass, shown in Figure 13 (c), has a great positive impact on mc-Si and 

very negative impact on CdTe. On Figure 12 (a), it could be observed that 

increased air mass values decreased the spectral irradiance content for 

shorter wavelengths, meaning that high air mass values result in red-

shifted spectra, which in turn is an advantage for mc-Si - because of its 

broad spectral response - and a spectral disadvantage for CdTe. 

 

4.2 SATELLITE ATMOSPHERIC DATA  

 

Figure 14 shows the downloaded environmental data for 

Florianópolis. Precipitable water, AOD and ozone data were downloaded 

from September 2017 until January 2018 (Figure 14 (a), (b) and (c), 

respectively), to observe the parameters variation in that time frame.  

Linear interpolation between known points of data was used to 

obtain data needed for days in which they were unavailable. Due to lack 

of carbon dioxide data (Figure 14 (d)) for the analyzed period for the 

selected satellite, the time period downloaded for this parameter was 

extended and a monthly trend could be observed over the past seven 

years; this trend was then used to estimate CO2 values for the evaluated 

period. It must be noted that precipitable water for this site ranged from 

approximately 0.5 cm to around 2.2 cm in the evaluated period. AOD 

values varied from 0.07 to 0.43 and ozone values from 240 atm-cm to 380 

atm-cm. CO2 values have increased from 387 ppmv to 406 ppmv in the 

past seven years, although no significant change was observed for short 

time period windows.  

  



51 

 

 
(a) 

 
(b) 

 
(c) 

 
Figure 13 - Impact of (a) AOD, (b) precipitable water and (c) air mass on the 

spectral factor for mc-Si (red squares) and new generation CdTe (blue 

diamonds). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 

Figure 14 - Environmental parameters for Florianópolis-SC, Brazil (27°S, 48°W) obtained from the Giovanni platform (NASA, 

n.d.). (a) precipitable water (b) AOD @ 550nm (c) O3 and (d) CO2. 
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4.3 SPECTRAL IMPACTS ON MC-SI AND CDTE IN TWO 

DISTINCT REGIONS OF BRAZIL 

 

The impacts of measured spectra for two distinct regions of Brazil 

were also calculated in this study using the spectral factor metric 

previously presented in Eq. (8). Measured data were obtained with a 

portable EKO MS-720 spectroradiometer for Assu-RN (5°S, 37°W) and 

with a stationary EKO MS-711 spectroradiometer for Florianópolis-SC 

(27°S, 48°W), as described in the prior section. Florianópolis is located 

on the coast of the South region of Brazil and has a warm humid 

subtropical climate (Cfa in the Köppen-Geiger climate classification 

(Alvares et al., 2013; Peel et al., 2007)). Assu-RN, on the other hand, is 

situated in the northeast of Brazil, about 60km from the coast; its climate 

is hot and dry semi-arid (Bsh in the Köppen-Geiger climate classification 

(Alvares et al., 2013; Peel et al., 2007)). 

Figure 15 shows measured spectra for Florianópolis-SC and Assu-

RN, along with the reference ASTM G173-03 spectrum and the 

calculated Blue Fraction (BF) index. In order to truly compare the spectral 

distributions of the sites, spectra were normalized to match the same 

irradiance level as the reference spectrum for the measured wavelength 

range. The Blue Fraction (𝐵𝐹) was calculated using previously shown Eq. 

(7). 

By definition, the BF of the G173-03 spectrum is 52%, however, 

only the wavelengths within the spectroradiometers’ range (see Table 3) 

were considered for this analysis. Figure 15 shows that both sites present 

bluer spectra than the reference ASTM G173-03 (55% for Florianópolis 

and 57% for Assu), meaning CdTe has a spectral advantage on these 

regions over mc-Si. 

The spectral factor results for both mc-Si and new generation CdTe 

are shown in Figure 16 (a) for Florianópolis-SC. The spectral 

measurements for the computation of these SF were taken at the solar 

measurement station at Fotovoltaica-UFSC in Florianópolis on a one-

minute basis and averaged into 15-minute intervals on October 28th, 2017. 

In Figure 16 (b), the same results are presented for 89 spectral 

measurements made between November 21st and December 15th, 2017 in 

Assu. Pressure-corrected air mass values are also shown for both sites. 

Precipitable water values (𝑈𝑊) for Florianópolis were estimated from 

relative humidity (𝑅𝐻, given as a percentage) and ambient temperature 

(𝑇𝑎, in Kelvin) measurements from the solar measurement station shown 

in Figure 9 using Eq. (14). Precipitable water values for Assu were 



54 

 

obtained from the Giovanni online platform using the MERRA-2 satellite 

with hourly resolution data. 

For Florianópolis (Figure 16 (a)), a correlation between SF for mc-

Si and air mass values is noticeable, with this PV technology reaching SF 

values above 1 (representing gains) for early morning and late afternoon 

(air mass values above 3) and SF values below 1 (representing spectral 

losses) during most of the day. Overall, SF for mc-Si varied from 0.98 to 

1.00 for instants in which irradiance was greater than 200 W/m2 in the 

analyzed day, and the irradiance-filtered (only measurements where 

irradiance was above 200 W/m2 were considered) and weighted average 

obtained for this technology was 0.98. The average precipitable water 

content for the analyzed day was 2.43 cm, well above the 1.416 cm of the 

standard spectrum. In general, new generation CdTe SF values ranged 

from 1.00 to 1.02 for irradiance levels above 200 W/m2 on October 28th, 

2017 in Florianópolis-SC, and the irradiance-filtered and weighted SF 

obtained was 1.01. 

 

 
 
Figure 15 - Comparison between the reference ASTM G173-03 spectrum (gray 

line, 52% BF) and spectra measured for Florianópolis-SC, Brazil (27°S, 48°W) 

on November 12th, 2017 at 12:00 (orange line, 55% BF) and for Assu-RN, 

Brazil (5°S, 37°W) on November 22nd, 2017 (yellow line, 57% BF). Spectra 

were normalized to match the reference spectrum irradiance over the measured 

wavelengths. 
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The measurements for Assu-RN were done in different times of 

the day throughout several days, and ordered according to the local time, 

so that a daily trend could be observed. For precipitable water (yellow 

triangles), the values varied from day to day, and that is why there is a 

cloud of points instead of a set of continuous points of data for this 

variable. For this site, a stronger correlation between air mass and SF for 

both technologies could be observed. For air mass values greater than 2 

there is an abrupt increase in SF for mc-Si and a 4% decrease in SF for 

new generation CdTe. These results corroborate the results shown in 

Figure 13 (c) obtained from simulated ASTM G173-03 spectra with 

various AM values. The SF values for mc-Si ranged from 1.00 to 1.06 

during the evaluated period, with an irradiance-filtered and weighted 

average of 1.02. The irradiance-filtered and weighted average falls closer 

to the minimum values of SF for mc-Si because its higher values occurred 

during the end of the day, when there is high AM but low irradiance. For 

new generation CdTe, SF ranged from 1.06 to 1.10, with an irradiance-

weighted average of 1.09, showing that this technology has great spectral 

advantages in this area. The high SF values can be associated with low 

AM found in low-latitude regions and the higher precipitable water 

content of the region, which averaged 3.42 cm for the evaluated period, 

almost 1 cm more than the average value for the day analyzed in 

Florianópolis, which was 2.43 cm. It is important to highlight that both 

regions still presented higher precipitable water values than the standard 

ASTM G173-03 spectrum (1.416 cm), making the spectra at these regions 

very favorable for CdTe PV modules.  
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(a) 

 
(b) 

 
Figure 16 - Spectral factor for mc-Si (red squares) and new generation CdTe 

(blue diamonds) calculated for 15-minute-averaged spectral measurements 

during a clear day (Oct. 28th, 2017) in Florianópolis-SC, Brazil (27°S, 48°W) 

(a) and for several spectral measurements for clear days (Nov. through Dec. 

2017) in Assu-RN, Brazil (5°S, 37°W) (b), along with air mass (gray Xs) and 

precipitable water values (yellow triangles). 
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4.4 GIOVANNI + SMARTS METHOD: INSTANTANEOUS 

SPECTRUM 

 

During field measurements, it is not always possible to have access 

to spectral measuring equipment, and historical spectral measured data 

are still scarce for many parts of the globe, Brazilian territory included. 

However, for atmospheric conditions such as those found in the Brazilian 

Northeast, where most PV plants are being deployed (Campos et al., 

2018; Deschamps and Rüther, 2019), it has been shown that there is a 

significant spectral gain for both analyzed technologies (Figure 16), 

justifying the need for spectral correction of field measurements to 

standard test conditions (STC). To overcome the lack of spectral data, a 

spectral factor must be calculated directly from measured or historical 

environmental parameters (as shown in Section 3.6), or indirectly through 

the modeling of the local spectrum for the specific time and place in which 

a measurement was made, using locally measured or satellite-based 

environmental data (procedure explained in Section 3.6). 

To evaluate the effectiveness of the proposed method for an 

instantaneous approximation of local spectrum, the method was tested for 

Florianópolis-SC during a clear day (Oct. 28th, 2017 at 12:00). Air mass 

value was obtained from NREL’s solar position calculator (NREL, n.d.), 

while precipitable water, AOD, O3 and CO2 values were downloaded 

through the Giovanni platform using the same satellites mentioned in 

Table 4 . From the environmental data, an input file was generated using 

the metric shown in Table 5, and the pressure-corrected air mass for that 

instant. 

The modeled and measured spectra are compared in Figure 17 for 

three distinct times of the day: (a) 9:00, time at which global tilted 

irradiance usually reaches minimum requirements for IV curve tracing 

(700 W/m² as local standard requires (ABNT, 2014)) in Florianópolis; (b) 

12:00, time at which irradiance levels are close to their maximum; and (c) 

15:00, around the time at which irradiance falls back below the minimum 

levels recommended for PV module measurements. For all three times 

chosen the comparison is very satisfactory proving that the SMARTS + 

Giovanni proposed method is considerably accurate for instantaneous 

spectral modeling for clear-days. Considering that PV system 

measurements are to be done under clear skies conditions, the method is 

well fitted for correction of field IV curve measurements.   
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(a) 

 
(b) 

 
(c) 

 
Figure 17 - Comparison between modeled spectrum (SMARTS + Giovanni 

method) and measured spectrum for Florianópolis-SC, Brazil (27°S, 48°W) at 

three distinct times of a clear-day (Oct. 28th, 2017): 9:00 (a); 12:00 (b); and 

15:00 (c). 
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4.5 GIOVANNI + SMARTS METHOD: IRRADIANCE-

WEIGHTED SPECTRUM 

 

Another use for spectral correction is long-term data analysis. In 

the case of daily calculations for spectral impact on the PV system, a 

representative SF value for the day should be estimated. The first 

approach to find this representative value was calculating individual SF 

values for several moments of a clear day, and then filtering and 

averaging these values using an irradiance-weighted average. In order to 

apply this method, spectral measurements taken with a one-minute 

resolution were averaged for 15-minute intervals for a clear day (Oct. 28th, 

2017) in Florianópolis-SC (spectra shown in Figure 18 (a)) and filtered 

for irradiances below 200 W/m2 (irradiance profile shown in Figure 18 

(b)). Consecutively, for each spectral measurement the SF for both mc-Si 

and new generation CdTe was calculated. From these values, two 

irradiance-weighted SF were obtained, one for each of the evaluated PV 

technologies. These results were then compared to the one obtained from 

first calculating an irradiance-weighted average spectrum for the day - 

also applying a 200 W/m2 filter - and then calculating the SFs for mc-Si 

and CdTe. These results are compared in Table 7, and it can be seen that 

both approaches have reached the same results, meaning that an 

irradiance-weighted spectrum can be used to compute a representative 

spectral factor for a clear day. 

 
Table 7 - Comparison between irradiance-weighted average SF and SF 

calculated from irradiance-weighted average spectrum for mc-Si and new 

generation CdTe for a clear day (Oct. 28th, 2017) in Florianópolis-SC, Brazil 

(27°S, 48°W). 

 

PV 
Technology 

Irradiance-weighted SF 
SF calculated from irradiance-

weighted spectrum 

mc-Si 0.98 0.98 

CdTe 1.01 1.01 

 

Two paths could be followed to obtain this representative 

irradiance-weighted spectrum for the day using the Giovanni + SMARTS 

method proposed. The first approach would be modeling spectra for 

several instants of the day, and then calculating a daily irradiance-

weighted spectrum. This would require several spectral simulations and 

several SF calculations, making this approach onerous. 
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Considering that the satellite databases used are in daily resolution 

(and so are most satellite-based sources), the only parameter variable 

throughout the day would be the air mass. This leads to a more straight-

forward approach: calculate an irradiance-weighted air mass and use this 

value as an input to SMARTS - along with Giovanni-downloaded 

environmental parameters - to model a representative spectrum for the 

day. In this approach, air mass values for irradiances lower than 200 W/m2 

were filtered to avoid problems caused by large air mass values present 

in the beginning and end of the day. Figure 18 (a) presents the global 

horizontal irradiance (orange line) and air mass (gray Xs) profile for a 

clear day in Florianópolis-SC (Oct. 28th, 2017), as well as the 1.39 

irradiance-filtered and weighted calculated AM (gray dashed line). For 

this specific day, irradiances below 200 W/m2 represented only 2.5% of 

all the measured irradiation (energy). 

 

 
(a) 

 
(b) 

 
Figure 18 - Measured global horizontal irradiance (orange line), corresponding 

optical air mass (gray Xs) and irradiance-weighted air mass (gray dashed line) 

and (a), and solar spectral distribution with 15-minute-averaged resolution (b) 

for a clear-day (Oct. 28th, 2017) in Florianópolis-SC, Brazil (27°S, 48°W). 

 

This approach to find the representative daily spectrum was 

applied to 28 non-consecutive days with diffuse fractions ranging from 

10% up to 95% for Florianópolis-SC, between October 23rd and 

December 4th, 2017. Figure 19 shows the comparison between modeled 

and measured irradiance-weighted spectra for some of the days analyzed: 

(a) 10% diffuse fraction, 1.3 irradiance-weighted average AM; (b) 25%, 

AM1.2; (c) 38%, AM1.2; (d) 62%, AM1.4; (e) 71%, AM1.2; and (f) 91%, 

AM1.2. It can be seen that modeled spectra match measured spectra more 

closely for low-diffuse-fraction days, which was expected considering 

SMARTS is a model for clear skies. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
Figure 19 - Comparison between modeled (Giovanni + SMARTS method with 

irradiance-filtered and weighted AM, orange curve) and measured irradiance-

weighted daily spectrum (blue curve) for several diffuse fractions in 

Florianópolis-SC, Brazil (27°S, 48°W). 

 

The spectral factor was then calculated from modeled spectra for 

the above-mentioned days. These results were compared to the ones 

obtained from measured spectra. Figure 20 shows, for both mc-Si (red 

squares) and new generation CdTe (blue diamonds), the relative deviation 

between SF calculated from modeled and measured irradiance-filtered 

and weighted average spectra as a function of the daily diffuse fraction.  



62 

 

 
 

Figure 20 - Relative deviation between measured SF and SF computed from 

SMARTS modeled spectra using irradiance-filtered and weighted AM values 

for Florianópolis-SC, Brazil (27°S, 48°W) for mc-Si (red squares) and new 

generation CdTe (blue diamonds) as a function of diffuse fraction for the 

analyzed days. 

 

For mc-Si, deviation between SF calculated from modeled and 

measured spectra increases for days with higher diffuse fractions. This 

result was expected considering that SMARTS is a model for clear skies 

and cannot effectively model spectra for days with higher nebulosity. 

From Figure 19 it can be observed that days with higher diffuse fraction 

were over-estimated by the model, mainly within the 400 to 800 nm 

range, resulting in larger deviations for mc-Si. For new generation CdTe, 

the proposed method presented slightly better results for higher diffuse 

fractions than for clear days. 
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4.6 ASSESSMENT OF DIRECT METHODS FOR SF 

COMPUTATION 

 

The three direct methods for the quantification of spectral impacts 

described in the prior section were applied to estimate the spectral impacts 

of the local environment on mc-Si and new generation CdTe for 

Florianópolis-SC. Locally measured environmental parameters - obtained 

from the solar monitoring station shown in Figure 9 and described in 

Table 2 with a one-minute time resolution from October 21st, 2017 

through September 30th, 2018 - were used as inputs to the Sandia AM (for 

mc-Si), Pwat (for CdTe) and 2-parameter (mc-Si and CdTe) methods. 

The estimated spectral factors were computed in the one-minute 

basis, then filtered for low irradiances (below 200 W/m2) and daily 

irradiance-weighted averages were computed. The same was done for air 

mass and precipitable water values. The obtained results were then 

compared to spectral factors calculated from measured daily irradiance-

filtered and weighted spectra for each individual day in the period 

analyzed. Only days with more than 500 minutes of valid data were 

accounted for. The daily results for mc-Si and new generation CdTe are 

shown in Figure 21 (a) and (b), respectively. 

On Figure 21 (a), a seasonal variation can be observed for mc-Si, 

with this technology’s SF presenting higher values around the Southern 

Hemisphere’s winter solstice (June 21st), which can be explained by the 

lower altitude angle of the Sun’s trajectory at that time, resulting in redder 

spectra for this time of the year. Also, Figure 21 (a) shows a lower 

precipitable water content for the winter months, also resulting in redder 

spectra. It can be observed that for the period close to the Southern 

Hemisphere’s winter solstice (June 21st), the direct methods evaluated 

resulted in very similar spectral factors for mc-Si, showing that AM has 

a more significant impact on 2-parameter SF for mc-Si than precipitable 

water. Daily values of SF were averaged weighted by that day’s 

irradiation, for measured data, the results obtained for mc-Si were as 

follow: 0.97 for measured spectra; 1.00 for Sandia’s AM only method; 

and 1.01 for the 2-parameter method. 
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(a) 

 
(b) 

 
Figure 21 - SF results for measured spectra (gray squares) in comparison with 

2-parameter method (blue diamonds, mc-Si and CdTe), Sandia’s AM method 

(orange triangles, mc-Si only) and precipitable water method (red triangles, 

CdTe only), for mc-Si (a) and new generation CdTe (b) in Florianópolis-SC, 

Brazil (27°S, 48°W). Daily irradiance-filtered and weighted air mass (gray Xs) 

and precipitable water (yellow triangles) are also displayed on both graphs. 
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The opposite can be observed for new generation CdTe on Figure 

21 (b), which presented lower spectral factors for the winter months, on 

account of this technology having a blue-biased response. There is also a 

slight reduction in the difference observed between SF estimated through 

the 2-parameter and the Pwat methods for the months near the winter 

solstice, implying that precipitable water has a greater impact on CdTe 

SF than AM, according to the 2-parameter method. The annual 

irradiation-weighted SF for new generation CdTe were: 1.02 for 

measured spectra; 1.04 for Pwat method; and 1.03 for the 2-parameter 

method. Figure 22 (a) and (b) present the correlation between measured 

SF and estimated SF for mc-Si and new generation CdTe, respectively. 

For mc-Si, both AM and 2-parameter methods overestimated the 

local spectral impacts on the technology. On average, the AM method 

showed a 0.026 mean absolute error (MAE) when compared to SF 

calculated from measured spectra, while the 2-parameter method 

presented a 0.032 MAE. The direct methods also overestimated the 

spectral factor for CdTe, but the MAEs were only 0.024 and 0.011 for the 

Pwat and 2-parameter methods, respectively. 

Figure 23 shows - for mc-Si (a) and new generation CdTe (b) - the 

deviation between estimated and measured SF for the three analyzed 

direct methods and the proposed method using data from the Giovanni 

platform, irradiance-filtered and weighted air mass and SMARTS spectra 

modeling for 28 non-consecutive days with diffuse fractions ranging from 

10% up to 95% for Florianópolis-SC, between October 23rd and 

December 4th, 2017. 

For mc-Si, all methods presented an increase in the difference 

between measured and estimated SF for days with higher diffuse 

fractions. The proposed Giovanni + SMARTS method demonstrated the 

best overall results for the 28 days evaluated, averaging a 0.014 absolute 

error. Sandia’s AM method presented better results than the 2- parameter 

method - the opposite of what was previously found in the literature for 

the United States (Lee and Panchula, 2016) - with a 0.018 deviation 

versus 0.026 obtained from the 2-parameter method. 

For CdTe, the direct methods did not show a dependence on diffuse 

fraction for the evaluated days. For this PV technology, the proposed 

Giovanni + SMARTS methodology averaged a 0.030 deviation from SF 

calculated from measured spectra, presenting slightly better results for 

days with higher diffuse fractions. The 2-parameter method performed 

the best, averaging a 0.009 deviation from measured SF, followed by the 

precipitable water only method, with a 0.025 deviation, results that 

corroborate previous findings from Lee and Panchula (2016). 



66 

 

 
(a) 

 
(b) 

 
Figure 22 - Correlation between direct methods and measured SF for mc-Si (a) 

and new generation CdTe (b) for a full year of data from Florianópolis-SC, 

Brazil (27°S, 48°W). Sandia’s AM method is shown as orange triangles (mc-Si 

only), Pwat method as red triangles (CdTe only) and the 2-parameter method as 

blue diamonds (mc-Si and CdTe). 
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(a) 

 
(b) 

 
Figure 23 - Absolute deviation between SF calculated from measured spectra 

and SF estimated through Sandia’s AM method (orange triangles, mc-Si only), 

Pwat method (red triangles, CdTe only), 2-parameter method (blue diamonds, 

mc-Si and CdTe) and the proposed Giovanni + SMARTS method (grays 

squares, mc-Si and CdTe) for mc-Si (a) and new generation CdTe (b) in 

Florianópolis-SC, Brazil (27°S, 48°W). 
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The three direct methods for the quantification of spectral impacts 

were also applied to estimate the spectral impacts of the local 

environment on mc-Si and new-generation CdTe at the Assu site. Locally 

measured environmental parameters were used as inputs to the AM-only 

(for mc-Si), Pwat-only (for CdTe) and 2-parameter (mc-Si and CdTe) 

methods. The estimated spectral factors were computed in the ten-minute 

basis, then filtered for low irradiances (< 200 W/m2) and daily irradiance-

weighted averages were calculated. The same was done for air mass (𝐴𝑀) 

and precipitable water (𝑈𝑊) values. Only days with more than 500 

minutes of valid data were accounted for. Daily results for mc-Si and 

new-generation CdTe are shown in Figure 24 (a) and (b), respectively. 

In Figure 24 (a), a seasonal variation can be observed for mc-Si, 

with this technology’s spectral factor presenting higher values around the 

Southern Hemisphere’s winter solstice (Jun 21st), when irradiance-

weighted AM values are also higher, resulting in redder spectra for this 

time of the year. Additionally, Figure 24 (a) shows a lower precipitable 

water content for the winter months. Daily values of spectral factor were 

averaged-weighted by that day’s irradiation, the results for mc-Si were 

0.99 for AM-only and 1.00 for the 2-parameter method. For the AM-only 

method, the spectral factor values ranged from 0.98 to 1.00 and for 2-

parameter from 1.00 to 1.01. 

The opposite seasonal variation can be observed for new-generation CdTe 

in Figure 24 (b), which presented lower spectral factors for the winter months, 

on account of this technology having a blue-biased spectral response. There 

is also a slight reduction in the difference observed between SF estimated 

through the 2-parameter and the Pwat methods for the months near the winter 

solstice. Implying that precipitable water has a greater impact on CdTe SF 

than AM, according to the 2-parameter method. The annual irradiation-

weighted spectral factor for new-generation CdTe were 1.04 for Pwat-only 

and 1.03 for the 2-parameter method. Daily spectral factor values ranged from 

1.02 to 1.05 for Pwat-only and from 1.01 to 1.04 for 2-parameter method. 

A summary of results for annual evaluation of direct methods for the Assu-

RN site with minimum and maximum daily values, as well as annual 

irradiation-weighted averages are shown in Table 8. 
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(a) 

 
(b) 

 
Figure 24 - Daily average air mass (gray Xs), precipitable water (yellow 

triangles) and spectral factor estimated from measured data for Assu-RN, Brazil 

(5°S, 37°W) using the 2-parameter (blue diamonds), AM-only (orange 

triangles) and Pwat-only (red triangles) methods, for mc-Si (a) and new-

generation CdTe (b). 
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Table 8 - Minimum and maximum daily irradiance-weighted and filtered 

averages, and annual irradiation-weighted averages for SF and measured 

environmental parameter for the Assu-RN, Brazil (5°S, 37°W) site. 
PV 

Technology 
Method Daily Min. Daily Max. Annual Avg. 

mc-Si AM-only 0.98 1.00 0.99 

mc-Si 2-param 1.00 1.01 1.00 

CdTe Pwat 1.02 1.05 1.04 

CdTe 2-param 1.01 1.04 1.03 

Air Mass (AM) 1.11 1.57 1.35 

Precipitable Water (UW) 2.26 cm 4.84 cm 3.49 cm 

Global Horizontal Irradiation 
(GHI) 

1.77 W/m2 7.60 W/m2 5.66 W/m2 

Ambient Temperature (Tamb) 26.99°C 34.80°C 32.53°C 

 

The performance of the direct methods evaluated in this study 

corroborate previous findings from Lee and Panchula (2016) for new 

generation CdTe in establishing which methods performed better; 

however, for the mentioned study, the authors have found the direct 

methods to underestimate the spectral factor, whereas here the opposite 

was observed for Florianópolis. This might be due to the fact that these 

methods are empirical approximations computed from data measured in 

the United States, and would be expected to respond differently to the 

blue-bias Brazilian spectral distribution of sunlight. 
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5 PRELIMINARY CONCLUSIONS 

 

This thesis aims at evaluating alternatives for the calculation of 

spectral factors for long-term data analysis and for instantaneous 

measurement corrections. Long-term spectral impacts must be evaluated 

in the analysis of historical and current performance data of existing PV 

systems and in the energy yield estimation of future systems, especially 

for utility-scale power plants market which is expanding rapidly all over 

the world. For field evaluations, instantaneous spectral correction is 

necessary for the correction of measured peak-power values to STC 

conditions, especially during the commissioning of utility-scale power 

plants. 

Firstly, the impacts of environmental variables were assessed 

through the SMARTS modeling of the standard ASTM G173-03 

spectrum varying one parameter at a time. The results showed that air 

mass has the greatest impact on spectra, especially within the visible light 

range (400-750 nm), when AM varied from 1.0 to 6.0. Increasing AOD 

values also resulted in the attenuation of spectral content on shorter 

wavelengths (500 - 700 nm). Spectral factors calculated for mc-Si and 

new generation CdTe showed that larger AM and AOD values (meaning 

redder spectra) have a positive impact on mc-Si and a negative impact on 

new generation CdTe, due to its narrow blue-shifted spectral response. 

Higher precipitable water values led to spectral gains for CdTe, since it 

attenuates longer wavelengths (950-1150 nm), outside of this 

technology’s spectral response range. Ozone values ranged from 0.00 to 

0.50 atm-cm in this analysis, and the results showed a minor attenuation 

in the spectral distribution within 500 and 700 nm. Carbon dioxide was 

varied from 200 to 600 ppmv and showed no significant impacts on the 

distribution of modeled spectra. The results from this part of the study 

agree with similar analyses performed by Betts (2004), Haag (2012), 

Litjens (2013), Stark and Theristis (2015) and Lee and Panchula (2016). 

The spectral impacts of measured spectra from two distinct 

locations in Brazil (Florianópolis, in the South and Assu, in the Northeast) 

were evaluated for mc-Si and new generation CdTe. It was shown that 

both locations presented great spectral advantages for new generation 

CdTe, with spectral gains up to 2% for irradiance levels above 200 W/m2 

for Florianópolis and and impressive 10% for Assu. The spectral gains 

for new generation CdTe at these sites can be attributed to the small 

relative optical air mass found in low-latitude regions and to the high 

precipitable water content present at the sites when compared to the 

reference spectrum (2.43 cm for Florianópolis and 3.42 cm for Assu, 
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compared to 1.416 cm of ASTM G173-03). The irradiance-filtered and 

weighted SF for new generation CdTe calculated for Assu during the 

evaluated period (between November 21st and December 15th, 2017) was 

1.09, and 1.01 for Florianópolis on October 28th, 2017 (SF values for 

irradiances below 200 W/m2 were disregarded). 

Multicrystalline silicon presented spectral factors that ranged from 

0.98 to 1.00 for irradiance levels above 200 W/m2 for Florianópolis, 

reaching SF values above 1 (representing gains) only for early morning 

and late afternoon (air mass values above 3, meaning redder spectra), and 

the irradiance-filtered and weighted average obtained for this technology 

was 0.98. The lower SF for mc-Si can be attributed to the blue-shifted 

spectral distribution of the region, caused by high precipitable water 

content and overall low relative optical air mass values. For Assu, a strong 

correlation between air mass and SF for both technologies could be 

observed. For air mass values greater than 2 there is an abrupt increase in 

SF for mc-Si, corroborating the results obtained from modeled reference 

spectra with varying air mass. SF values for mc-Si ranged from 1.00 to 

1.06 during the evaluated period, with an irradiance-filtered and weighted 

average of 1.02. 

The proposed methodology employing Giovanni downloaded data 

and the SMARTS model was also tested as a method for correction of 

field instantaneous measurements. The results for modeled vs. measured 

spectra were satisfactory for all three evaluated times of the day (9:00, 

12:00 and 15:00, times during which minimum irradiance levels are met, 

allowing field measurements at the specific site), showing that the use of 

satellite data as inputs to the SMARTS model is a good approach to model 

spectra for clear skies conditions, which are the expected conditions for 

field measurements. 

Overall, the proposed method using satellite data from NASA’s 

Giovanni platform along with air mass and SMARTS model yielded good 

results for both long-term and instantaneous spectral impact evaluation. 

Further work must be carried out to simplify the computation process and 

expedite the calculations, making it possible for the method to be applied 

to a larger set of data. Also, it is important to highlight that a quantitative 

uncertainty analysis is recommended in order to better evaluate results 

obtained through the proposed methodology.
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6  WORKPLAN AND TIMELINE  
 

 
 

 
*First article submitted on March 23rd, 2019 to Solar Energy, accepted with minor reviews on May 23rd, 2019. 
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