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Abstract

Accurate produced PV energy estimation is critical to business decisions under long-term investments
in PV on a utility scale. PV energy yield is affected by different sites' specific conditions. The variability
of the spectral distribution after temperature and irradiation is a site condition that impacts energy yield
estimates. Evaluating the impact of the spectral irradiance distribution on the PV performance generally
requires accurate information about the PV device's spectral response and the site’s measured spectra.
Detailed spectral and device information may not always be available. This study analyzes the
interrelations between device-dependent and device-independent energetic spectral indicators with
spectral data from nine sites with different climates and latitudes, aiming to relax the requirement for
detailed device and spectral information. First, an apparent correlation of each site's spectral
distributions' yearly Average Photon Energy with the corresponding latitude is observed. As the
commonly applied device-dependent spectral indicator, it can be observed that the monthly mismatch
factors of all nine sites exhibit a global linear relationship with the monthly average photon energies.
This linear relationship with measured spectral data provides a predictive character for each PV device
technology by allowing the estimation of the annual spectral impact from the annual Average Photon
Energy, potentially for any site. This work also analyzes the validity of the Spectral Average Useful
Fraction and the Spectral Enhancement Factor as alternative device-dependent spectral indicators.
These require average spectra and, thus, would reduce the calculation complexity for spectral indicators.
Finally, the proposed method was validated qualitatively using synthetic spectral data from the National
Solar Radiation Database. The trends of the scatter plot between the synthetic Spectral Mismatch Factor
and the Average Photon Energy that follow the experimental linear regression give an idea of the

proposed method's functionality, despite the synthetic data's uncertainties.
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Resumen

La estimacion precisa de la energia fotovoltaica producida es fundamental para las decisiones
comerciales en el marco de inversiones a largo plazo en proyectos fotovoltaicos. El rendimiento
de la energia fotovoltaica se ve afectado por las condiciones locales epecificas. La variabilidad
de la distribucion espectral después de la temperatura y la irradiacion es una condicion del sitio
que afecta las estimaciones de rendimiento energético. Uno de los desafios al evaluar el
impacto de la variabilidad espectral es reducir la complejidad del calculo. Esto implica realizar
una estimacién precisa y rapida del impacto espectral con la minima informacion requerida a
priori. Con este fin, la presente tesis busca analizar las interrelaciones entre los indicadores
espectrales energeéticos dependientes e independientes del dispositivo fotovoltaico con datos
espectrales de varios climas y latitudes en todo el mundo. Debido al enfoque reduccionista que
proveen los indicadores espectrales, analizamos la dependencia de la distribucion espectral
representada por la energia fotonica promedio con la latitud en diferentes escalas de tiempo
mensuales y anuales. Al analizar los indicadores espectrales dependientes del dispositivo, se
destaca el Spectral mismatch factor, que exhibe una relacion lineal global con el la energia
fotonica promedio en una escala mensual. El analisis exhaustivo de esta relacion con los datos
espectrales medidos también proporciona un caracter predictivo al permitir el céalculo del
impacto espectral anual a partir de la energia foténica promedio anual, y por lo tanto tal relacién
lineal propone ser un modelo empirico para el calculo directo y sencillo del impacto espectral
anual. Adicionalmente, analizamos la validez de manera global de dos indicadores espectrales
dependientes del dispositivo, el Spectral Enhancement Factor y el Spectral Average Useful

Fraction para los sitios seleccionados. Con ello se busca ofrecer un catdlogo multiclimatico
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integrado de las interrelaciones de indicadores espectrales en escala de tiempo anual y mensual.
Finalmente, se realizd una validacion cualitativa del método propuesto utilizando datos
espectrales sintéticos de la National Solar Radiation Database. Las tendencias de los Spectral
mismatch factor y Average Photon Energy anuales basados en data espectral sintética siguen a
la regresion lineal experimental y por ende, dan una idea de la funcionalidad del método

propuesto, pese a las incertidumbres propias de la data espectral sintética.
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1. Introduction

1.1. General introduction

In the upcoming decades, solar PV energy production is anticipated to continue to increase.
Accordingly, the installed capacity is predicted to rise to around 5,200 GW by 2030 and exceed 14,000
GW by 2050, mainly in utility-scale power [1]. By speeding up the global energy transition and
lowering annual CO, emissions, this increase attempts to reduce the rate of temperature rise brought on
by global warming. It is also crucial for long-term energy security, price stability, and national
resilience, aligning with some sustainable development agenda goals [1,2]. To achieve this, the PV
market must develop to a mature level, ensuring investors' confidence and promoting the bankability of
PV projects [3-5]. For instance, based on accurate yield projections in a particular environment, the
appropriate selection of PV module technology for PV projects in a specific area may be of the utmost
importance for investors and developers [6]. In recent years, yield estimations in PV projects have been
increasingly rated according to their output energy yield under local operating conditions instead of by
their power at standard test conditions (STC) [6-10]. Fluctuations in the solar spectral distribution are
regarded as one of the influencing factors on PV module performance, along with variations in
irradiance and temperature. This makes the lifetime energy yield prediction and the PV module energy
rating susceptible to impacts by spectral fluctuations [6,11].

Small percentages of yield estimation error, such as those related to spectral effects over decades of
operation, would affect the profit or loss by billions of euros [12-15]. In this context, researchers from
around the world have shared their results regarding the spectral impact on various PV technologies.
Qualitatively, compared to materials with smaller bandgaps, wide bandgap PV materials are more
sensitive to spectrum changes [16]. The Average Photon Energy (APE) is the most common way to
represent the spectral distribution. When compared to the AM1.5G spectrum, APE can show how blue-

or red-shifted a solar spectrum is [17,18]. For sites with bluer spectra, cell technologies based on broad



bandgap absorber material present gains with regard to their STC efficiency, while those based on
narrow bandgap present losses, and vice versa [6]. However, having accurate information on the spectral
impact benefits optimizing some upstream processes, including conceptualizing, designing, and
producing PV modules. Additionally, estimating the spectral impact accurately is essential for activities
in the field, such as PV energy generation assessment and prediction. For instance, since its efficiency
rose from 3.8 in 2009 to 25.5% in 2023, perovskite solar cells have impressively gained prominence
[19-22]. In recent years it has also shown its attractiveness as a top subcell in tandem cells due to its
tunable bandgap [23-25], reaching in this configuration efficiencies of up to 31.3% [22]. Therefore, the
spectral behavior of these types of tandems and the subcells that compose them greatly interest the PV
community since they contribute to closing the gap between downstream and upstream stakeholders In
this technology by optimizing processes from PV module conceptualization to the expected generated
energy in the field [26]. Spectral evaluation, therefore, is still an open topic for discussion and analysis.
The spectral impact, for instance, can be estimated using the short circuit current or computed using
sun spectra. In the case of the short circuit current, isolating the spectrum impacts from temperature
impact or the effect of the Angle of Incidence is challenging [27,28]. One of the most critical aspects in
characterizing spectral impact on PV performance is the limited availability of experimental spectral
information [11]. Furthermore, concerning the available spectral information, most spectroradiometers
offer a limited range of wavelengths, which increases the uncertainty in calculating the spectral impact,
according to Dirnberger et al. (2015) [29]. One strategy to obtain a broader range of wavelengths is
through extrapolation based on the AM1.5G spectrum of spectra measured over a limited range. These
extrapolations occur in the ultraviolet region in Neves et al. (2021) [30] from 280 to 350 nm and infrared
between 1100 to 4000 nm in Martin and Ruiz (1999) [31]. However, there is yet little information
regarding the accuracy of these two methods. Additionally, determining the spectral distribution
variation based solely on individual physical parameters is quite complex because it depends on the
specific conditions of the location, such as latitude, climate, orientation, diffuse irradiation, albedo,
atmospheric components, and cloud cover [32-34]. In this sense, the most popular PV energy yield
modeling software offer simplified methods for calculating the spectral impact based on empirical
formulas using atmospheric properties [35-41]. However, one of the main limitations when assessing
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the spectral impact with empirical methods arises from the scarcity of validation studies of these
methods for different climates and latitudes [42,43]. Knowing how the spectral distribution variation
depends on different parameters has led to the development of empirical and physical models with
varying degrees of complexity to obtain synthetic spectra that allow a spectral characterization with
high spatial resolution [34,44-49]. Although synthetic spectra have reached good approximations in
clear sky conditions, they still present considerable uncertainties in cloudy-sky conditions [50,51].
Some drawbacks become evident when comparing the results about the PV spectral impact in different
locations and times, making it difficult to find a universal formula for the spectral impact: On the one
hand, the different time scales, such as instantaneous, monthly, and annual, for which the energetic
evaluation is carried out [11], do not allow a direct comparison of the results. On the other hand,
different spectral indicators with specific assumptions and associated uncertainties also make finding a
general rule even harder. Rodrigo et al. (2017) [52] propose classifying spectral indicators into two
groups on the one hand, those independent of the PV device, such as the APE, and, on the other hand,
those dependent on information from the PV device to be evaluated. The device-dependent index
considered the most accurate to date is the Spectral Mismatch Factor (MM) [53], whose value represents
a fraction of the spectral gains or losses in the photocurrent. According to Dirnberger et al. (2015) [29],
precise experimental procedures and data, such as a defined PV technology's spectral response (SR)
and a set of wide wavelength range recorded spectral irradiances, are necessary to enable a reliable and
accurate estimate. Faced with this, the search for a direct quantification of spectral gains and losses
based on spectral indicators requiring minimal information has been one of the approaches to evaluating
the spectral impact in recent times.

Ishii et al. (2013) [54] reported the experimental relationship between instantaneous MM and APE for
different photovoltaic technologies in Kusatsu (Japan). In that study, they proposed a polynomial
relationship of variable degree depending on the PV technology between the APE and MM. One of the
aspects that allowed a significant advance to the easy estimation of the spectral impact on PV
performance was the statistical verification of APE uniqueness for specific locations, initially in

Kusatsu and extending to other regions in Japan through the construction of the Percentage to the Total



Irradiance methodology which produces an average spectrum in 71 spectral bands in the range 350 to
1050 nm described in detail in [55,56]. With this criterion, Chantana et al. (2017) [57] showed a quasi-
linear relationship between MM of various PV technologies and APE for 71 spectral bands between
350 to 1050 nm in Kusatsu. That work was expanded by Tsuji et al. (2018) [58] for a few more locations,
obtaining a more comprehensive range of APESs.

In addition, the quasi-linear relationship using the Percentage to the Total Irradiance methodology was
also found when taking different reference devices in calculating the MM [59]. These studies were
extended to other regions of Japan, such as Tsukuba, Miyasaki, Naganuma Gifu, Tosu, and Okinoerabu
[27,60]. Additionally, expanding the scope for a spectral range from 350 to 1700 nm and eight different
SRs. Recently, Takeguchi et al. (2022) [61] presented a set of contour plots to estimate the spectral gain
or loss based on an average energetic APE and its standard deviation for seven different SRs. This result
was possible by using the MM and APE relationship found in previous studies mentioned above, also
assuming a Gaussian distribution for the APE as a function of the available irradiance and extrapolating
spectra based on a polynomial fit of the APE for different spectral ranges and in five locations
worldwide.

For Jaen, Spain, Nofuentes et al. (2014) [62] in-depth examined the association between the
instantaneous APE and an index that is practically the same as the MM. One year later, When comparing
instantaneous APE and MM, Dirnberger et al. (2015a) [11] in Freiburg, Germany, ruled out any
bijective association between MM and APE but also demonstrated the benefit of directly assessing the
spectrum impact through the monthly irradiance-weighted APE. Neves et al. (2021) [30] recently
identified linear regressions between monthly MM and APE for two locations in Brazil.

A general linear relationship between MM and APE has not yet been confirmed on an energetic time
scale encompassing many latitudes and climates on a global scale, despite the local reports of those
linear empirical associations between MM and APE mentioned above. The present work analyzes the
spectral distribution and its impact on different PV technologies based on experimental spectral data in
various climates and latitudes worldwide. Based on this data, it analyses the interrelationships between

different energetic spectral indicators according to three levels of spectral information on the PV device:



no spectral information, only knowing the bandgap, and knowing the SR. One of the objectives is to
present a general relationship between the monthly MM and APE. The latter gives rise to an empirical
method for determining the annual spectral impact based on information from the annual APE. In this
way, this work makes a comprehensive study of the straightforward determination of spectral effects
on PV energy yield with accuracy depending on the PV technology through the interrelation of different

spectral indicators according to the available information about the PV device.

1.2. Research objectives and hypotheses

The objectives and research hypotheses of this thesis are summarized below.

1.2.1 Research Hypothesis

There is a global and linear relationship between the MM and the APE.

e It is possible to predict annual (monthly) MM using solely annual (monthly) APE from
experimental spectral data.

o Synthetic spectral data from the NSRDB predicts the spectral distribution for Lima using the

APE.

e Synthetic spectral data from the NSRDB verifies the proposed empirical method

1.2.2. General objective
This work aims to develop a simplified and global procedure for determining the annual (monthly)
spectral impact knowing the annual (monthly) APE for six different photovoltaic technologies from

experimental spectral data from nine sites worldwide.

1.2.3. Specific objectives
e To analyze the interrelationships between the most representative spectral indicators based on
the experimental spectral data of the nine sites worldwide in different time scales (daily,
monthly, and annual).

e To validate synthetic spectral data from NSRDB in Lima-Peru using the APE.



e To analyze the spectral indicators on the synthetic spectral data and study their validity in the

proposed empirical method.

1.3. Outline

The document is organized as follows:

Chapter 2 describes the fundamentals related to the impact of the varying spectral distribution on PV
performance. This includes the description of the main spectral distribution atmospheric parameters, as
well as the link between the spectral sensitivity of PV devices and the site’s spectral distribution.
Additionally, chapter 2 describes the main spectral indicators this work focuses on, including both PV-
device-dependent and -independent spectral indicators.

Chapter 3 presents the experimental and synthetic spectral data sets, the methodology used in the present
work, and the spectral data analysis methods.

Chapter 4 analyzes the PV device's dependent and independent spectral indicators for one year based
on experimental data. This analysis seeks to show the main trends of these spectral indicators throughout
the year for different latitudes and climates worldwide.

Once the main annual trends are identified, chapter 5 shows the interrelationships between the PV
device's dependent and independent spectral indicators in different time scales. Chapter 6 proposes an
empirical method based on the interrelation between MM and APE that has the potential to predict the
monthly or annual spectral impact knowing only the monthly or annual APE, respectively. This
proposal is tested for two more locations in Brazil. Chapter 7 shows the results of validating the method

proposed in chapter 6 with synthetic data for 14 sites covering a broad latitude domain.



2. Fundamentals

2.1. Introduction

The incoming irradiation from the sun or, equivalently, because of the quantum nature of the light, the
stream of photons delivered by the sun, interacts in multiple ways with the atmosphere, with several
phenomena occurring simultaneously [34,63-65]. Incoming solar irradiance in the atmosphere gives
rise to thermal, ionizing, and chemical phenomena. However, solar irradiance is also affected by
atmospheric constituents. The atmosphere's mixture of gases and dust particles affects solar irradiance
mainly by reflections, scatterings, and absorptions at different wavelengths extended for several
thousand kilometers.

The variability of the traveled path and atmospheric conditions is mainly reflected in changes in the
spectral distribution of the solar radiation that reaches the Earth's surface and affects the energy harvest
of a PV device [34,66]. The photons that reach the earth do so with an energy ¢ related to the wavelength
A of irradiation through a fundamental equation in Quantum Mechanics called the Planck relation [67]

as given in Equation 1.

€=7 (1)

hc being the product of the Planck's constant by the light speed (1.986 x 10~ Jnm or
1239.842 eV nm). The quantum solar energy conversion in a PV device after absorbing and emitting
incident photons gives rise to useful work [65]. One way to evaluate this conversion's efficiency or
measure this device's spectral quality is through the External Quantum Efficiency (EQE), defined as the
ratio of collected charge carriers to the number of energetic photons incident on the PV device's surface
[68]. Therefore, the EQE is affected by the different mechanisms involved during the PV conversion,
which ultimately also impact the PV device's spectral sensitivity. On the other hand, another index that
describes the sensitivity of a photosensitive device is the Spectral Response which alternatively allows
accessing information about the EQE. This index quantifies the ability of a PV device to absorb sunlight

and convert it into electric current without considering intermediate microscopic phenomena, as shown



in Equation 2 [69-71]. Where I,,,(4) represents the generated photocurrent and G (4) the spectral

irradiance for a specific wavelength A.

Lpn (2)
= 2
SR = g @
The SR and the EQE are related through Equation S3.
A
SR(A) = Z—CEQE(A) (3)

2.2. Spectral indicators

This sub-chapter presents figures of merit that quantify the spectral influences on PV performance,
referring to them as spectral indicators. For this purpose, this work focuses on the Rodrigo et al. (2017)
[52] classification of spectral indicators. This approach classifies spectral indicators into PV device-
independent and -dependent indicators. The latter refers to the information dependence of the PV
device, which relates mainly to the bandgap and the SR or EQE.

The most popular device-independent indicator to represent the spectral distribution with a scalar value
is the APE (in eV). This device-independent indicator initially presented in Jardine et al. (2002) [17]
and Williams et al. (2003) [18] allows a direct way to determine the blueness or redness of a solar
spectrum concerning the AM1.5G spectrum [72]. The APE (in eV) is defined as the integrated spectral

irradiance of the solar spectrum divided by the integrated photon flux density, as shown in Equation 4.

1050
ApE = 350 Gen(dA 4)

5
q fogy Pexp(DdA

A 5
Bexp (1) = Gexp(D) = ©)
Where Gy, (1) (in Wmnm™) is the wavelength-dependent measured irradiance, and ¢, (1) is the

associated photon flux density (in m2nm™s?), as described by Equation 5. The APE for the AM1.5G
spectrum (APEp15¢) in the spectral range of 350 nm — 1050 nm is 1.876 eV. Therefore, a spectrum
with an APE higher than this value is considered blue-rich, while a spectrum with an APE less than

APE 4311 56 1S considered red-rich.



Another indicator agnostic of the PV device that allows the evaluation of the blueness of the solar
spectrum is the so-called Blue Fraction (BF) [52,73]. This indicator assumes that the blue portion of
the spectrum is below 650 nm. Therefore, its definition represents the fraction of blue irradiation

described by Equation 6.

650
BF = —{0so
JSiso Gexp(D)dA

The BF for the AM1.5 G (BF4p1.5¢) spectrum is 0.519; therefore, a spectrum with a BF higher than
BF,m1.5¢ corresponds to a bluer spectrum than the standard one, while a BF below BF,y,4 5¢ indicates
a reddened spectrum.

The device-dependent Useful Fraction (UF) indicator is defined as the ratio of the irradiance within the
spectrally responsive range of the solar cell to the total measured irradiance [74]. The device-dependent
index known as the Integrated Useful Fraction Ratio [52] UF /UF™ is the ratio between the UF of the

measured spectrum and the UF of the reference spectrum AM1.5G (UF*) as shown in Equation 7.

A 4000
UF _ 2890637519(1)611.[280 G?‘ef(/l)d/1 (7)

P 4000
3 f . Gref (A)dlf Gexp (A)dﬂ-

280 280

Where Ag represents the wavelength associated with the bandgap. Additionally, G, represents the

integrated irradiance of the AM1.5G spectrum.
One of the most representative and widespread indicators of spectral impact is the Spectral Mismatch

Factor (MM) according to the standard IEC 60904-7 [75], as given in Equation 8.

4000 4000
MM =f280 SR(A)G‘”‘P(’Dd’lfzso Grer(A)dA (8)

4000 4000
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This device-dependent indicator directly represents a specific PV device's spectral gain or loss under
operating conditions relative to standard spectral conditions such as the AM1.5G spectrum. Therefore,
MM above one indicates a spectral gain, while MM below one means a spectral loss.

The UF /UF™* expression reduces to Equation 8 when considering a unitary SR (or in general, a flat SR).

This can lead to the misconception that a device with such a property has the appropriate characteristics



to absorb light efficiently, which it does not. This is because a unitary SR through Equation 3 translates
into a hyperbolic EQE previously reported in [76], far from that of a realistic PV absorbent material.

To estimate their impact in terms of energy evaluation, the instantaneous indicators are averaged by
irradiance-weighted average indicators using Equation 9. Such averaging condenses spectral indicators

over time, giving their energetic nature.

YT KPI; % G; 9)

< KPI >;= TG
=1

Where a Key Performance Indicator (KPI) represents our instantaneous spectral indicator, such as the
APE, BF, UF /JUF* and MM. G; is the integrated spectral irradiance associated with the spectral index,
T is the period to consider, such as daily, monthly or annual, and Ny represents the total number of
measurements in the period considered. It should be noted that UF /UF* , when irradiance-weighted ,
is the Integrated Useful Fraction Ratio (IUF/IUF™*) [52]. The essence of UF/UF* expressed by
Equation 7 and its corresponding energy formulation in Equation 9 (IUF /IUF™) is to indicate the
portion of useful irradiance for the PV device relative to the reference spectrum portion of useful
irradiance. If these indicators are higher than 1, the measured spectrum has a higher possible useful
irradiance than the reference one. However, this denominated useful fraction of irradiance overestimates
the effective irradiance that the device absorbs by its SR, which makes it inaccurate to determine the
spectral impact [77].

Additionally, this work adapted two spectral indicators proposed by Rodrigo et al., (2019) [77], which
are calculated based on an average spectrum weighted to the irradiance given in Equation 10. This
adaptation focuses the calculation on the averaged irradiance spectrum, thus reducing the computational

effort of calculating additional averages and integrals.

Nt
 Goyp(1); X G
< Gexp > (/1) = Zl_l ze:;c\g(G)l l
i=1 i

(10)

The first index refers to the adapted Spectral Average Useful Fraction (for simplicity, it is kept the
notation SAUF), which presents the same expression as IUF/IUF* changing the instantaneous

measured Spectrum Ge,,, (1) by the < G, > (1) as represented in Equation 11.
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While the adapted Spectral Enhancement Factor (for simplicity, it is also kept the notation SEF) has
the same expression as the MM, the only difference is replacing G (1) with the < G > (A1) as expressed
in Equation 12.

Jyoo " SR(A) < Goxp > WA [ Grop (D)d2 (12)

SEF =
090 SR Grop WA [10 < Gy > (M)A

This simplified way of computing energy spectral indicators would reduce the extensive computation

required to solve many instantaneous integrals [52].

Since one of the main aims of this work is to assess the interrelationships of the different spectral
indicators, for a deeper analysis, it is also helpful to add the equations of some spectral indicators as a
function of the energy and photon flux. Thus, it is possible to redefine the BF in terms of energy using
Equations 1, 5, and 6.

23 ey ()de (10)

BF =
3.54
f1_18 €¢exp (e)de

In the same way, UF /UF™ is rewritten through Equations 1, 5, and 7.

4.43

UF — f04.-:13 g¢exP (e)de f0_31 £¢ref(€)d5 (11)
* 4.43 2.43
UF fgo gd)exp (S)dg fso €¢ref(€)d£

Notice that in Equation 11, the term on the right is constant, therefore by comparing equations 10 and
11 in their indefinite form (without integration limits), then mathematically, UF /JUF* < BF.

The APE from Equations 1, 4 and 5, is also rewritten, as shown in Equation 12.

3.54

J; 15 €Pexp(e)de (12)

APE =
3.54
f1_18 Dexp (e)de
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Additionally, the MM can be rewritten using Equations 1, 5, and 8. Thus, Equation 13 shows MM as a

function of energy.

Joas QE (&) Pexp (e)de [)'5y eprer (£)de 13
0 QE () Prep(e)de [ €bexp(€)de

Rearranging Equation 13 conveniently and considering an ideal case of perfect absorbent material

(EQE = 1) using Equation 3 gives rise to Equation 14.

MM _ ( :;13 d)exp (g)dg ) (f:’:f gd)ref (€)d€> (14)
ideal — 4.43 4.43
f0_31 ‘S(.bexp(‘g)dfS f0_31 ¢ref(€)d€

The term on the right in equation 14 is a constant; therefore, when comparing equations 12 and 14 in
their undefined form (indefinite integrals) follows that MM;,.,; o< APE~1. For the range of about 1.78
to 1.92 eV of monthly weighted APE's considered in this work, MM; 4., 1S approximately linear with

the APE in their undefined form.

2.3. Summary

This chapter presented the most relevant definitions and expressions used in the present work. A PV
device acts as a photon-to-charge-carrier converter by its associated EQE. Photons have different
energies covering a wide spectral range. Since the efficiency with which each photon is converted into
a charge carrier is a function of its energy (or wavelength), a variable spectral distribution leads to a
variable number of charge carriers generated, i.e., a variable-generated photocurrent. Usually, the
variability of the spectral distribution and the effect on the generated current are quantified using the
AML1.5G (STC) spectrum as a reference. Spectral indicators presented are separated into two groups
following Rodrigo et al. (2017) methodology as dependent (MM, IUF/IUF*, SAUF, SEF) and
independent (APE, BF) of the PV device. This chapter presented the most widely used spectral
indicators in the PV community in their formulation based on wavelength and photon energy. These
spectral indicators will be calculated using experimental and synthetic spectral data from worldwide

locations.
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3. Spectral datasets and methods

3.1 Introduction

This work piled experimental ground-based spectral data sets from nine locations and synthetic spectral
data from 14 locations worldwide, covering various latitudes, climates, and installation conditions. This
chapter describes these spectral data sets and the spectral characteristics of the photovoltaic
technologies on which this work focuses. In addition, the data processing methods used that allow
comparing results are described. This implies the extrapolation of spectra to have spectra in the same

wide spectral range (280 to 4000nm) for each site provided with experimental spectral data.

3.2. Experimental spectral datasets
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Figure 1. Kdppen-Geiger-Photovoltaic (KGPV) [78] climate classification map with the nine selected sites
worldwide, covering 5 of the 12 climate classifications. KGPV Zones are mainly classified according to their
temperature-precipitation conditions (first letter) in Tropical (A), Desert (B), Steppe (C), Temperate (D), Cold
(E), and Polar (F). In contrast, the second classification criterion is the irradiation (second letter): Very High (K),
High (H), Medium (M), and Low (L) irradiation. The open dataset has a spatial resolution of 0.5° x 0.5° taken
from [79].
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These locations and the specific equipment characteristics and approximate climate type can be
visualized with the help of the Kdppen-Geiger-Photovoltaic climate classification map [78,79], as
shown in Figure 1. Each box in Figure 1 presents the location's name, latitude, longitude, approximate
KGPV climate classification, the spectroradiometer model, and the orientation plane. In this way, these
nine locations describe a representative variety of five climates available concerning the potential PV
performance worldwide. The selected data set cover exactly one year with a high spectral data
availability at the site. At most sites, a full-data day has more than 90% data availability during the
hours of sunlight.

Additionally, Table 1 summarizes additional characteristics of each spectral sensor, including collection

period, original spectral range, and equipment.

Table 1. Summary of the characteristics of each installation. Spectral data correspond to Global Tilted Irradiance (GTI),
Global Horizontal Irradiance (GHI), and Global Normal Irradiance (GNI). When necessary, the original spectral range
was limited to 1050 nm to ensure the same pre-processing procedure in all sites. After that, the resulting spectra were

extrapolated to a range of 280 to 4000 nm.

Location and approximate Original Data Filter by the
Type and tilt Spectral
KGPV climate Latitude spectral collection angle of
angle sensor
[source] range (nm) period incidence <
Grimstad 58.33° DL Spectrafy Jun-2020 —
GTI 45° 280 — 4000 60°
[80,81] SolarSIM-G May-2021
Jun-2019 —
Berlin 52.43° DM [?] GTI 35° EKO MS711 60°
300 - 1100 May-2020
Albuquerque 35.05° CH EKO MS700- Jan-2014—
GNI 350 - 1700 90°
[82] MS712 Dec-2014
Gaithersburg 39.14° DM EKO MS710- Jun-2015 —
GHI 350 - 1100 90°
[83] MS712 May-2016

14



Madrid 40.33° CH [] GTI 30°
Eugene 44.05° DM [84] GHI
Jaen DH 37.79° [] GTI 30°
Golden 39.74° CH [85] GTI 40°
Lima -12.07 BH [{] GTI 20°

EKO MS700

EKO MS700

EKO MS700

EKO MS700

EKO MS711

350 — 1050

335.4 -

1059

350 — 1050

343 -

1062.8

300 - 1100

Jun-2015 —
May-2016
Jun-2018 —
May-2019
Jun-2016 —
May-2017
Jun-2020 —
May-2021
Jun-2020 —

May-2021

60°

90°

60°

60°

60°

Global spectral irradiance is generally measured by spectroradiometer sensors in continuous outdoor

exposure across the sky hemisphere. These can be, to name a few, grating spectroradiometers such as

the EKO MS-7XX (10, 11, 12) and filter-type such as the SolarSIM-G. This last spectroradiometer

measures the spectrum at nine different wavelengths and then reconstructs a spectrum from 280 to

4000 nm from atmospheric models [81,86]. The spectral data sets considered three different

configurations of global spectral irradiance measurements: measurements in a horizontal plane

corresponding to Global Irradiance (GHI, in W/m?), in a tilted plane coinciding with a fixed plane-of-

array, represented here as Global Tilted Irradiance (GTI, in W/m?), and an experimental campaign in

two-axis tracking plane, corresponding to the Global Normal Irradiance (GNI, in W/m?).
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3.3. Synthetic spectral datasets
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Figure 2. The 14 selected sites for synthetic spectral data from the NSRDB in the available region of
spectra on demand. Latitude and the spectroradiometer installation tilt and azimuth angles are
indicated at each location.

The National Solar Radiation Database (NSRDB) [47] provided synthetic spectral data on demand for
the sites in Figure 2. These synthetic spectra are based on the Fast All-sky Radiation Model for Solar
applications with Narrowband Irradiances on Tilted surfaces (FARMS-NIT) [46,87]. FARMS-NIT
efficiently computes the Radiative Transfer Equation producing a spectral irradiance in all-sky
conditions transposed to a tilted surface in an hourly resolution in wavelength steps from 0.5 to 5 nm
and in the wavelength range from 280 to 4000 nm. The synthetic data for 2019 and the previous decade
(2009 - 2018) in Lima (location in Figure 2) served for validating synthetic spectra with experimental
spectral data from March 2019 to February 2020, as shown later. Additionally, the 2019 spectral data
for the sites in Figure 2 was selected as representative synthetic spectral distributions worldwide
covering a wide range of latitudes and climates. The titlt angles (optimum) and orientation in most of
cases were taken from Jacobson et al. (2018) [88]. Synthetic spectral data from Eugene, Golden,

Gaithersburg, and Lima preserve the same tilt angle and orientation as the experimental data.
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3.4. Spectral data pre-processing

3.4.1. Spectra data filtering

Additionally, the following filters were applied to maximize the data quality. Experimental spectra with
an integrated extrapolated irradiance of fewer than 5 W/m?2 and higher than 1500 W/m? were discarded,
thus ruling out extreme over-irradiance events and spurious measurements. In addition, The
experimental and synthetic GTI data sets were filtered by the angle of incidence (Aol) using pvlib
python [89], discarding data for Aol > 60° as recommended by Dirnberger et al. (2015) [11]. The latter
additionally allowed skipping data with a significant influence of larger Air Mass (AM) with
predominant diffuse irradiation on the global spectral irradiance.

This filter was unnecessary for experimental GNI, while data for Aol > 90° for experimental GHI were
discarded to preserve periods of the year in which the Aol is larger than 60°. Finally, when considering
the Aol > 90° filter for experimental GTI, though not shown here, the results did not present significant

changes.

3.4.2. Spectra extrapolation for the experimental spectral data

Cutting all measured spectra to the range between 300 nm and 1050 nm for all sites allowed for
maintaining equal conditions and applying the same analysis procedure for the different locations,
spectroradiometers, and measurement configurations. The extrapolation proposed by Neves et al.
(2021) [30] was adapted and applied to enhance the spectral range in the ultraviolet region from 280 to
300 or, in a few cases, up to 350 nm, depending on the spectral range of the experimental data
considered in Table 1. Applying the Martin and Ruiz extrapolation method extended the spectral range
from 1050 to 4000 nm. The analysis to validate this last extrapolation in the spectral range from 1050

to 1700 nm for GHI, GTI, and GNI spectra resulted in a small statistical error, as shown in Figure 3.
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Figure 3. Assessment of Martin and Ruiz procedure for solar spectrum extrapolation in the range of 1050-
1700 nm. The graphs show integrated irradiance in this spectral range from the extrapolated spectrum versus
that in the experimentally measured spectrum (using MS712 spectrometer). The black circles show the
GTlyitn ms712,integratea IM1adiance-weighted average monthly values. The line indicates linear regression of

the instantaneous points.

3.5. PV technologies’ spectral information

3.5.1. Experimental SRs
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Figure 4. Relative Spectral response (relative SR) and the normalized spectral irradiance AM1.5G at the
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Figure 4 shows this study's six representative relative SRs of different PV technologies, taken from

Conde et al. (2021) [90]. It is also essential to keep in mind that the additional uncertainties due to the
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varying SR between PV modules of one type, such as a-Si, CdTe, and c-Si, do not significantly impact
the variability of the spectral impact [11]. Temperature-related uncertainties on the spectral effects on
PV performance are also negligible [91]. Some technologies with tunable bandgaps, such as CIGS, can
present significant differences in SR. This work used two different SRs for CIGS, besides an SR for a-

Si:H, Perovskite, CdTe, and sc-Si, as depicted in Figure 4.

3.5.2. Derived EQE and SQ-Bandgaps derivation for six PV technologies
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Figure 5. Relative External Quantum Efficiency (relative EQE) and the normalized photon flux AM1.5G.
Dashed lines represent the SQ-Type bandgaps for each PV material calculated according to Rau et al. (2017)
[91]

This work defines the relative EQE as the normalized EQE spectra calculated from relative SR data as
shown in Figure 5. The associated EQE was calculated using the relation EQE(1) = (hc/qA) X SR(A),
with h being Planck's constant (6.62607015 x 10-** m?kg/s), c the light speed in vacuum (2.9979 x 108
m/s), 2 (nm) the wavelength, and g (1.602 x 10719 C) the elementary electric charge. The bandgaps
were obtined through the methodology of Rau et al. (2017) [92], which provides a simplified and
specific definition of the bandgap which results from calculating a bandgap that meets the assumptions
of the Shockley-Queisser theory [93]. This calculated bandgap is called the Shockley-Queisser bandgap

(SQ-Type bandgap); from here on, for simplicity, this work refers to it as bandgap.
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Finally, the comparison between two variables that expect to have precisely the same results, a sample
X; and its predicted value Y;, is carried out through two statistical indicators. The Root Mean Square
Error (RMSE) shows the average deviation between N tuples of these two variables defined in Equation

15,

N
(15)
RMSE = (X; - Y))2 /N
2

and the Mean Bias Error (MBE) expressed by Equation 16, whose calculation represents the direction

of the error bias.

N
(16)
MBE = Y (X;~Y) /N
2

3.6. Summary

This chapter presented the data sets and methods used to calculate and analyze the results of this thesis.
The experimental spectral data correspond to nine locations worldwide, including Grimstad, Berlin,
Eugene, Madrid, Golden, Gaithersburg, Jaen, Albuquerque, and Lima, covering various latitudes and
climates. The synthetic spectral data presented here was provided by the NSRDB for 14 sites in the 280
to 4000nm range. Like experimental data, synthetic spectral data covers many latitudes and climates
worldwide. Discarding spectral data with Aol greater than 60° for both sets allowed suppressing
influences of high AM values on the results. Only the experimental spectral data required extrapolation
due to its limited spectral range. The Neves et al. (2021) [30] extrapolation method was needed for the
range of 280 to 300 or 350 in some cases, while the Martin and Ruiz (1998) [31] method for the range
of 1050 to 4000nm. The synthetic spectral data presented a homogeneous range in all locations, so they
did not require extrapolation. This chapter also showed six different spectral responses (a-Si: H,
Perovskite, CdTe, CIGS 2, sc-Si, CIGS 1) on which this work focuses. The method proposed by Rau et
al. (2017) [92] yielded the bandgap associated with each spectral response. In the next chapter, use will
be made of the spectral indicators described in this chapter, following the proposal of Rodrigo et al.

(2017) [52], which classifies them into two groups: independent and dependent on the PV device. Those
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of the first group mainly aim to characterize the spectral distribution: BF and APE. On the other hand,
those of the second group try to quantify the spectral impact depending on the degree of information
available about the PV device: IUF/IUF*, MM. In addition, this chapter presented two additional
spectral indicators, SEF and SAUF, equivalent to irradiance weighted MM and IUF /IUF™, respectively.
Finally, it showed the most common spectral indicators in their photon energy-dependent form. This
formulation will help analyze the interrelations between PV device-independent and -dependent

spectral indicators in Chapter 5.
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4. Annual behavior of PV-independent and -dependent
spectral indicators worldwide based on measured spectra

4.1. Introduction

Commonly, the planning phase in a PV project requires prior knowledge and quantification of the
energy generated annually, called yield-performance analysis. Such an analysis includes modeling the
energy produced by a PV plant in the field for a year [6,94,95]. That energy analysis motivates to study
the different influences that give rise to energy gains or losses, also called Performance loss rate
[3,95,96]. The spectral indicators that characterize the spectral influences and the solar spectrum have
an energetic character when weighted to the irradiance, as shown by Equation 9. Therefore these
energetic spectral indicators throughout a year aim to quantitatively or qualitatively represent the
spectral influences on the energy yield performance [11,30,70,90,97]. Generally, this analysis in
different time scales is not widely disseminated. The monthly and annual parameters reported, such as
MM and APE, are not carried out using a standardized methodology [11,29], making their comparison
difficult. This chapter presents an analysis of the different spectral indicators, following the
methodology of Rodrigo et al. (2017) [52]. These indicators are divided into device-independent (APE,
BF) and device-dependent (MM, UF /UF*) indicators. This chapter predominantly focuses on device-
independent indicators because they only depend on local spectral characteristics. Their analysis on
different time bases (instantaneous, daily, weekly, monthly, and yearly) presumes a relationship with

the latitude of the study sites. This document will show the MM, ., @nd UF JUF* calculations

annual

for the selected sites to summarize the spectral impact on the six relatives EQEs presented in Chapter
3. This analysis is intended to show general characteristics and trends over time of the mentioned above

spectral indicators.
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4.1. PV device-independent KPIs

Device-independent spectral indicators are often used to represent the spectral distribution in a scalar
manner. The APE and the BF are the most used indicators for this end. However, this property has been
tested under some conditions and for some sites, such as those reported in [73,98]. In particular, the

APE has shown a direct correlation with the AM [38,99].
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Figure 6. Simulated global spectra using the Simple Model of the Atmospheric Radiative Transfer of
Sunshine (SMARTS) for varying AM in central Europe, setting the following parameters: Tilt
angle=35°, South-oriented, AOD=0.084, CO,=370.0ppm, PW (from AM1.5G), O3 (from AM1.5G).
The inset figures show the variation of APE and BF with AM.

Figure 6 shows a set of spectra simulated using the Simple Model of the Atmospheric Radiative Transfer
of Sunshine (SMARTS) [34], varying only the AM and keeping the other inputs constant. SMARTS
simulates spectra under clear sky conditions, meaning it only considers atmospheric parameters but not
the effects caused by clouds. The inset figures in Figure 6 show the APE and the BF vs. the AM. Both

indicators show a decreasing relationship with the AM.
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Figure 7. Variation of daily minimum (a) AM and (b) Aol throughout the year, considering the
installation conditions of eight locations out of the nine studied (GNI from Albuquerque
theoretically points the sun anytime). This graph does not include Albuquerque since it has a
theoretically constant 0° Aol.

Additional factors such as clouds, diffuse fraction, and atmospheric constituents influence this general
relationship in actual conditions; however, commonly, the AM has a predominant influence on spectral
distribution [99,100]. The expression of the AM depends explicitly on the site's latitude, where the
spectral distribution is evaluated [89,101]. Figure 7(a) shows the variations of the minimum daily AM
throughout the year for the sites for which there are experimental data, except for Albuquerque. Figure
7(b) shows the daily variation of the minimum Aol throughout the year according to the
spectroradiometer tilt angle at the selected sites, except for Albuquerque, because DNI ideally holds a
zero angle of incidence. The tilt angle influences the global spectrum. In a horizontal position, it usually
captures a higher amount of diffuse radiation that tends to shift to short wavelengths. Figure 7(b) shows
that Eugene and Gaithersburg have the highest Aol yearly because the spectroradiometer is placed
horizontally in these sites. This work, therefore, assumes that their annual spectral distribution would
have a blueshift compared to the spectral distribution of the spectroradiometer if it were located at the

optimum tilt angle.

24



4.1.1. Blue Fraction analysis

The BF, as mentioned above, is a PV device-independent spectral indicator, so it aims to quantify red-
shift or blue shift of the solar spectrum concerning the reference spectrum, for which BF takes the value
of 0.519 (in the range from 350 to 1050 nm, and considering blue radiation below 650nm). Although
the APE is the most widespread spectral indicator, recently, Paudyal and Imenes (2021) [73] studied
the uniqueness of the BF in Grimstad in Norway to determine the spectral distribution and determined
a possible bijectivity with the APE for this site. Given this ability to represent the spectral distribution,
some of its behavior is studied throughout the year for different sites worldwide.

Figure 8 shows the behavior of the BF over 12 months on a different time basis (instantaneous, daily-,
weekly-, monthly-, and annual-irradiance weighted average) for the sites with GTI. Sites with GHI
(Gaithersburg, Eugene) and GNI (Albuguerque) were not considered because it is expected that in these
other locations, the diffuse radiation components would be higher or lower, respectively, than what is
recorded on a tilted plane at an optimal angle. The BFy,;on¢ni, helps to visualize the seasonal spectral
behavior as a function of latitude. Interestingly, it is noted that for the selected sites, such seasonality
decreases until it disappears in Lima, for a site close to the equator. Thus, Grimstad presents the greatest
spectral seasonality, being blueshifted in the summer months and red-shifted in the winter months,
while, on the other hand, in Lima, a spectral blueshift is observed throughout the year. This decreasing
seasonality with latitude would exhibit the implicit dependence of AM on latitude. To the right of each
time series, its percentage irradiation distribution function throughout the 12 months is presented using
the Kernel Density Estimation (KDE). Spectral variability (including seasonality) is reflected in the
width of the distribution. From this, it is seen that Lima shows the lowest spectral variability, which
would make its monthly variations small. Therefore, the net annual spectral impact on the annual PV

performance would be more relevant than the monthly variations.
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Figure 8. BF 12-month time series in the instantaneous, daily, weekly, monthly, and annual regime for
spectral GTI sorted descendingly by latitude. The associated Irradiation percentage distribution is on the right
side according to the BF obtained by the Kernel Density Estimation (KDE) method.

Figure 9 summarizes the percentage irradiation distribution as a function of the BF for the 12 months
considered. In this case, this Figure does not consider Albuquerque because its distribution considers
spectra close to sunrise and sunset, which are influenced by high AM values. It is noted that the

BF nua indicates that in most cases, the spectral distribution throughout the year has a higher fraction
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of blue radiation compared to the AM1.5G, except for Grimstad and Golden. Lima is, above all, even

the sites with GHI, and has the most acute distribution.
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Figure 9. Irradiation percentage distribution in function of the BF (350-1050nm) over 12 months at the nine
locations obtained by the Kernel Density Estimation (KDE) method

4.1.2. Average Photon Energy analysis

The APE, on the other hand, is the most widespread PV-device-independent spectral indicator in the
literature. Like the BF, the APE seeks to characterize the spectral distribution with a scalar value,
qualifying it as red-shift or blueshift depending on its value compared to the value for the AM1.5G
spectrum (1.876 eV in the range from 350 to 1050nm).

Figure 10 shows the APE variations over 12 months on different time bases (instantaneous, daily,
weekly, monthly, and yearly) and the percentage irradiation distribution for the instantaneous APE's at
the right for the sites with GTI. Similar to the BF time series, APE exhibits a decreasing seasonality
with latitude, which would manifest the AM variation as shown in Figure 7(a); this means that the AM
becomes smaller for the months around July except in Lima, which is in the southern hemisphere. And
vice versa for the months around January. A higher AM would correspond to a bluer spectrum due to
the longer path length and, thus, more light scattering. While it becomes red-shift for circumstances in

which the AM is smaller due to the reduction of the diffuse component and the preponderance of the
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direct irradiance component over the global irradiance. It is noted that the APE, as the BF, represents

both seasonality and annual nominal values at each selected site.
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Figure 10. APE 12-month time series in the instantaneous, daily, weekly, monthly, and annual regime for
spectral GTI sorted descendingly by latitude. The associated Irradiation percentage distribution is on the right

side according to the APE obtained by the Kernel Density Estimation (KDE) method.
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Figure 11. Irradiation percentage distribution in function of the APE (350-1050nm) over 12 months at the
nine locations obtained by the Kernel Density Estimation (KDE) method.

The distribution of the annual percentage irradiation distribution as a function of APE is shown in Figure
11. These findings have statistical significance because all spectra cover a broad range of APESs. By
Chapter 3, GTI was filtered by the Aol to remove spectra with Aol more than 60°, eliminating the
nighttime and early morning hours with red-rich spectra from consideration in this research. Figure 11's
distributions exhibit an asymmetry that causes APE distribution skewness deviated from their
APE jnnuai- In Gaithersburg, there are two peaks, one below and another above the APE ;151,41 Felated
to the two remarked APE seasonal trends. The seasonal changes of APE at each location account for
the varying degrees of skewness in the distributions, as discussed in Figure 10.

It should be noted that when comparing Figure 11 with Figure 9, the mean annual values do not have
the same relative difference between the selected sites. For instance, APE ;,nuq iN Golden exhibits a
spectral distribution above APE 41 .5¢, While its corresponding BF,,nuar 1S below BF4pq 5¢- This is
very interesting as it shows a clear difference when representing the spectral distribution at a site.
Therefore, these results suggest that these indicators are not interchangeable, and a comparison of the
spectral distribution should be made without mixing these indicators, as they physically have different
meanings. An interrelation between these indicators would allow an exchange between them only under

a bounded uncertainty.
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4.1.3 Annual APE for different latitudes

Figure 12 shows the relationship between the APE ,,,.o; and the latitude of the site where it was
measured. The dashed linear regression line in Figure 12 shows a general trend for APE;;,4q1, With
decreasing values as the distance from the equator rises. APE 4,1 Values from [28] and [31], for three
additional sites in Japan and two in Brazil, respectively, are included to widen the range of sites further.
Gaithersburg and Eugene, two mid-latitude sites with recorded spectral GHI, may have slightly higher
values of APE, ;. OF spectra that have been shifted to shorter wavelengths. In fact,
spectroradiometers outside the tropics in a horizontal orientation measure more blue light during the
main daytime hours than if tilted to collect the most annual irradiation. The Albuquerque sun-tracked
spectroradiometer, on the other hand, observes less blue sky because GNI has a higher red-light
component than GTI. The spectral distribution variability changes depending on the location due to
other particular climatic factors not being studied here, such as cloud cover, aerosols, humidity, COg,
ozone, and the surrounding albedo [34]. For instance, Kusatsu has the highest, GTI-related APE ;041
surpassing the APE ;,,..q1 OF the GHI spectra at the other Japanese sites. Kusatsu is cited in numerous
studies as having a notably blue-rich spectral distribution [102-104]. This may result from the weather
being mainly cloudy [102]. In this location, it appears that this factor surpasses the impact of AM (and

hence, the latitude).
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Figure 12. APE ;... as a function of the absolute value of location latitude. | added additional points
for S&o Paulo and S&o José from Neves et al. (2021) [30] and Miyazaki, Kusatsu, and Tsukuba from
Chantana et al. (2020) [27]. For GTI data, the spectrometer tilt angle is indicated at each location.
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4.2. PV device-dependent KPIs

4.2.1. Annual Integrated Useful Fraction Ratio

The UF/UF* is based on the UF indicator, as described in Chapter 3, which has been used in the
literature to indicate the spectral gains or losses with only the bandgap information, avoiding the need
to know the spectral response of the PV device [77]. However, its ability to represent the spectral impact
on PV performance has limitations depending on the PV technology. A further physical interpretation
states that the UF may represent the influence of the solar irradiance spectrum useful fraction on the

ability to generate an electric current of a PV module [105].
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Figure 13. IUF /IUF~ . ..’s bar chart of our nine locations for each PV technology. The bars also indicate
the Useful Fraction Ratio gains&losses.

Figure 13 shows the IUF/IUF* and the Useful Fraction Ratio Gains&Loss 100%(1-

annual

IUF/IUF* ;)- The latter can be interpreted as the annual gains or losses of the useful irradiance to

annua

the useful AM1.5G irradiance according to the bandgap of each PV technology. The results indicate
that useful irradiance losses occur in all cases for Albuguerque. At the same time, Grimstad exhibits
tiny variations around 0%, which suggests that its annual behavior in terms of UF is very similar to

AML1.5G for all PV technologies. In contrast, Lima exhibits the highest gains for a-Si, above 8%.
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4.2.2. Annual Spectral Mismatch Factor
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Figure 14. MM ;a0 s bar chart of our nine locations for each PV technology. The bars also indicate spectral
gains or losses.

Figure 14 shows the nominal gains and losses (spectral Gain&Loss defined as 100% * (MM — 1))
along with the annual MM for the six chosen PV technologies. In four locations—Lima, Gaithersburg,
Eugene, and Madrid—some observed spectral gain and loss trends for the aforementioned devices are
significantly confirmed. In Lima, the most significant spectral gains and losses for all PV technologies
were observed. The maximum APE,, .. IS also found here, and there is hardly any spectral
seasonality. The solar spectrum is also highly blue throughout the year. However, further examination
of the result in Figure 14 reveals that the site’s latitude alone is insufficient to predict spectral effects

and can only provide a rough path.

4.3. Conclusions

Spectral indicators were separated into two groups following the Rodrigo et al (2017) methodology
[52]. Those that depend on the PV device information, such as EQE or SR (e.g., MM and UF /UF*) and
independent (e.g., APE, BF). The former aims to characterize the spectral impact on PV performance,
while the latter describes the spectral distribution in a scalar manner. This chapter emphasized

describing the behavior of APE and BF during 12 months worldwide. Both indicators represented the
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seasonal behavior of the spectral distribution in the sites with GTI (Grimstad, Berlin, Madrid, Golden,
Jaen, and Lima) by weighting them by irradiance. For example, it was verified using spectra simulated
by SMARTS that AM influences the spectral distribution as expected from previous studies. The
implicit dependence of the AM on latitude would explain the spectral seasonality observed in the
localities with GTI. This work also shows that the BF,,;,,4,q1 and APE ;. 5uq €Xhibit different trends.
Golden, for instance, presents an BF,,yuaq1 below BFp15¢ and an APE g nua @bove APE 156,
indicating that these indicators, although they identify the spectral distribution, they do so in a different
way due to their different definition and physical meaning. Although the APE ;,,,,.c: Shows a decreasing
trend with the distance of a site from the equator (absolute value of latitude), such a rule of thumb ceases
to be true when other site climatic conditions, such as a high diffuse fraction, are significant and

superimpose the effects of AM. Finally, this chapter showed the MM ,,,,,uc: @nd IUF JIUF* for

annual

the nine sites. These results show that the IUF /IUF* differs in how much it predicts the spectral

annual

gains and losses compared to the MM ;,,,.,2:- HOWever, Lima showed the strongest annual spectral gains
and losses in PV performance. Grimstad behaved oppositely, having the minimum annual spectral gains
and losses.

Part of these results have been published in [106].
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5. Interrelationships between energetic PV spectral
indicators

5.1. Introduction

Various methods that estimate the spectral impact on PV performance, such as CREST, First Solar, and
Sandia, are commonly based on atmospheric parameters such as AM, Precipitable Water, and Clearness
index. These methods also typically use empirical formulas directly relating them to the spectral impact
[35,36,40,107-111]. However, the spectral distribution, independent of the PV device, is already
complexly dependent on the parameters above, as demonstrated by physical models based on the
Radiative Transfer Theory [34,51,112].

The previous chapter studied the behavior of the spectral indicators (PV-device-dependent and -
independent) throughout 12 months for the selected sites. In addition, that chapter emphasized the PV-
device-independent spectral indicators, primarily the APE. The APE showed a site-dependent seasonal
trend due to being influenced by the AM, which implicity depends on latitude. However, the particular
atmospheric conditions of the site may cause such a trend to no longer be preserved. In this way, the
solar spectrum has a complex dependence on such parameters, and predicting the APE from only
atmospheric parameters is a strenuous task. For this reason, this chapter references the PV-device-
independent indicators and seeks to find correlations with their corresponding PV-device-dependent
indicators for different climates and latitudes. Previously linear correlations, such as APE,onthiy VS
MM, oneniy have been reported locally [11,30]. Other studies, as mentioned above, tried to correlate
these indicators on an instantaneous basis, which reported a polynomial relationship [54] in Kusatsu,
while Dirrnberger et al. (2015) [11] showed that on an instantaneous basis, these two indicators in
Freiburg exhibited a non-bijective relationship.

In this way, this chapter first tries to find global correlations between these indicators using
experimental spectral data from nine sites worldwide. Thus, this chapter shows the interrelations
UF/UF* vs. BF, UF/UF* vs. APE, MM vs. BF, and MM vs. APE, in different time basis

(instantaneous, daily, and monthly) and globally.
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5.2. Detection of interrelationships between different spectral indicators
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Figure 15. Correlation matrix between different PV device-independent (APE, BF) and -dependent (MM
and UF JUF™) spectral indicators for six PV technologies: CIGS 1, CIGS 2, CdTe, Perovskite, a-Si:H and sc
-Si using spectral dataset from Berlin.

To determine the interrelationships between the different spectral indicators, it is essential to visualize
their relationship. For example, Figure 15 shows the correlation matrix between the various
instantaneous spectral indicators studied in this work for Berlin. As expected, it is noted that the APE
and BF present a high positive correlation. The correlation remains high for other indicators, such as
MM (although it depends on the PV technology, with CdTe showing the lowest correlation) and
UF/UF*. In addition, the BF presents a similar correlation with the other PV-dependent spectral
indicators, making it very attractive to represent the spectral distribution and find an empirical

dependence with another PV-dependent spectral indicator.
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5.3. ldentification of the “Lobster claws” in instantaneous APE vs. MM in
Berlin

The relationship between APE and MM has previously been reported locally. Such a relationship is
essential to identify the MM, i.e., the Spectral Impact, based on which is a PV-Independent Spectral
indicator and only requires as input the measured solar spectrum.

Figure 16 shows the relationship between instantaneous values of MM and APE in Berlin, where the
solid line indicates the total linear regression. The results show two MM branches for high APEs for
most PV Technologies like a "Lobster Claws" shape. This keeps concordance with what was evidenced
by Dirnberger et al. (2015) [11]; in their work, they presented the relationship between the instantaneous
MM and APE in Freiburg (Germany) for spectra measured between 300 and 1700 nm and concluded
that in a instantaneous time basis, MM and APE scatter plot exhibited two branches, as this work reports

for Berlin for the APE in the range between 350 and 1050 nm and MM between 280 and 4000 nm.
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Figure 16. MM vs. APE scatter plot showing the lobster claws belonging to cloudy sky conditions. The line
represents the total linear regression. Bandgaps are indicated in parentheses, along with their respective
technology.
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Figure 16 shows the instantaneous MM vs. APE relationship under two sky conditions: 1. under clear
sky, identified according to the Reno and Hansen algorithm (2016) and not-clear skies, those not
identified with the algorithm above. Under clear skies, the relationship APE vs. MM tends to be
injective, i.e., specific MM could correspond to a unique APE value in a good approximation. However,

the "Lobster Claws" are evident under not clear skies.
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Figure 17. Instantaneous MM vs. APE scatter plot in Berlin. The integrated irradiances of these extrapolated
spectra are shown in color.

Figure 17 shows the same relationship as in Figure 16, the scatter plot between MM and APE for Berlin,
but in color, indicating the extrapolated spectrum's integrated irradiance. It is evident that the “Lobster
Claws” appear for high APEs and low irradiances, most noticeable below 200 W/m2. Since spectral
measurements with an AOI above 60 ° were discarded, this spectral data set does not consider spectral
data from the early mornings or late afternoons. Therefore, the spectral measurements at low irradiances
and high APE could correspond to cloudy sky conditions. Because under an overcast sky, direct
irradiance is practically annulled, and the spectroradiometer mainly captures the diffuse spectral

distribution that is generally blueshifted.
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Figure 18. Two exemplary spectra from Berlin with similar APE normalized to their integrated irradiance and
the AM1.5G spectrum. Shading represents the relative SR for CdTe described in Figure 4. The solid green
line represents the APE 4y s¢ in terms of wavelength (nm).

Figure 18 shows two normalized exemplary spectra of similar APE corresponding to MM in different
"claws" for CdTe. These measured spectra present a high APE (blue-shifted). This correlates with the
measured spectra significantly exceeding the AM1.5G spectrum in intensities below the referential
green line. However, despite having the same APE, both spectra differ in MM. It is observed that the
spectrum of higher MM has higher intensities along the wavelengths in the regions where the SR of
CdTe is higher (visible range), which would corroborate such a discrepancy in MM. This is evidenced
despite the high short wavelength intensities for the spectrum with smaller MM. In these two particular
situations, the spectra variations in the ultraviolet and visible region could be explained by the variations
of incoming scattered irradiance in the global measured spectrum due to the presence of clouds, keeping

in line with the abovementioned hypothesis.
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Figure 19. Instantaneous MM and APE scatter plot in Berlin for clear sky conditions. The integrated
irradiances of these extrapolated spectra are shown in color.

Figure 19 shows the relationship above (Figure 17) under clear skies. Thus, the linear regression
corresponds to these values under clear skies. It can be noted that the APEs are markedly separated by
increasing irradiance levels. For example, the lowest APEs are remarkably related to low irradiances
and vice versa. This would reflect the seasonal behavior described in Figure 10. The spectral distribution
in Berlin tends to be bluer for the summer months, in which the irradiance levels are higher because the
AM is lower. Otherwise, the spectral irradiance exhibits low integrated irradiances for winter months

and less blue spectra.
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Figure 20. MM vs. APE scatter plot on different time scales: instantaneous, weighted daily, weighted weekly,
and weighted monthly in Berlin. The blue line represents the linear regression of the monthly weighted
values.

Figure 20 summarizes the APE vs. MM relationship for different time scales (instantaneous, daily,
weekly, and monthly) in Berlin. The straight line, in this case, represents the linear regression for
APEponthiy VS- MMponeniy- 1t is noted that as the time scale increases, the linearity of the regressions
increases. Furthermore, it can be seen that the slopes obtained in this case are similar to the slopes
obtained in Figure 19 (based on instantaneous indicators and under clear skies). These results suggest
that weighting the spectral indicators by irradiance would increase the significance of conditions under
clear skies since these are usually endowed with higher irradiances. This makes it convenient to study
the interrelationships between the PV-device-dependent and -independent indicators monthly since

weighting by irradiance would be expected to help linearity.
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5.4. Global interrelationships for the IUF /IUF*
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Figure 21. Linear relationship between IUF /IUFy, on¢pn1, N0 BFponeniy, at nine world-wide locations for six
different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si and (f) CIGS 1. RSE
and r are the residual standard error and the correlation coefficient, respectively

Figure 21 depicts the correlation between the IUF /IUF* and BFpontni, Values for the nine

monthly
sites and various PV technologies. The 95% prediction interval is also shown graphically as dashed
lines. They anticipate a new observation will fall between the lines with a 95% probability. The residual
standard error (RSE) is indicated. The linear regressions for all technologies show an excellent
correlation (r = 0.99) between the two indicators.
The following three hypotheses may back up such a linear relationship:

1. The mathematical equations for UF /JUF* and BF, as stated in Chapter 3, are proportionate as

indefinite integrals.
2. The Martin and Ruiz (1999) [31] extrapolation approach assumes that the irradiance in the band

above 1100 nm is proportional to the irradiance between 700 and 1100 nm. As the integrated
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irradiance from 1050 to 1700 nm of the extrapolated spectrum by the Martin and Ruiz approach
is comparable to the observed irradiance in the same range, Figure 3 demonstrates that the latter
assumption is valid in the region from 700 to 1050 nm. As a result, the spectral irradiance in
various spectral bands may be proportionate. Given their integration limits, the UF /UF* with
the BF may exhibit such a proportionality, particularly for spectra taken under clear sky
conditions. As a result, selecting integration limits would not alter the two spectral indicators'
linear relationship.

3. The spectra recorded at higher irradiance are given more weight when calculating the weighted
average spectral indicators. As a result, indicators such as UF/UF* and BF receive more
significant contributions from spectral measurements made under clear sky conditions. This
prevents the linear trend from branching, which can occasionally be seen for instantaneous
values across similar indicators, such as MM with APE, as shown in [11].

While spectra changes are anticipated in the high energy region, the RSE of the linear regressions for

narrow bandgap technology is 3—4 times lower than that of solar cells with wide bandgap.
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Figure 22. Linear relationship between IUF /IUFy, 551, aNd APEronen1y, @t Nine world-wide locations for six

different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si, (f) CIGS 1. RSE and r

are the residual standard error and the correlation coefficient, respectively

Figure 22 illustrates the global linear interrelationship between the [UF/IUFpnen, and the

APE.oneniy- It is interesting to note that the linear regression between these two energetic spectral

indicators has RSEs that are even lower than those found when comparing IUF /IUFy,ntny VS.

BFmonthiy- Since that APE,, on¢ni1y is One of the indicators that is given more frequently to characterize

spectral distributions, this linearity may make it convenient to predict IUF /IUFy, o ¢ny,,- HOwever, the

linear relationship is still well supported (r > 0.98), even when daily integration is used instead of

monthly integration, as shown in Figure 23.
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Figure 23. Linear relationship between [UF /IUFgq;, and APEgyq;, at nine world-wide locations for six
different PV technologies: (a) a-Si: H, (b) Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si and (f) CIGS 1. The gray
dashed lines indicate the prediction interval. The vertical dotted line APE for the AM1.5G spectrum indicates.
RSE and r are the residual standard error and the correlation coefficient, respectively.

5.5. Global interrelationships for the MM

5.5.1. Theoretical examination of the relationship MM vs. APE

Due to its intuitive interpretation, the MM is one of the most often used spectral indicators to represent
the spectral impact on PV performance. However, uncertainties may be introduced due to its sensitivity
to many conditions. One critical point, for instance, is the limited spectral range. Thus, this work uses

the spectral range between 280 to 4000 nm through the extrapolations methods described in Chapter 3.
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Figure 24. Linear relationship between MM, ..,y (and spectral gains/losses) and BF,;,pn;y for six
different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si and (f) CIGS 1.

As described in section 4.1, the BF can represent the spectral distribution in a scalar way. In addition,

Spectral Gain&Loss (%)

Spectral Gain&Loss (%)

the previous chapter remarked that the BF and APE have different physical interpretations and that their

values are not interchangeable. Thus, it is interesting to examine the correlation between the BFy, ontniy
and the MM, ontniy, @S shown in Figure 24. It should be noted that the BFy,,pthi, and the MMy, o eniy

exhibit a linear relationship despite also presenting the “Lobster claws” shapes (not shown here); this

makes the BF,on¢niy @ Suitable indicator for predicting the monthly spectral impact (MM, onthiy)-
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Figure 25. Linear relationship between MM, ,n¢ny,, (and spectral gains/losses) and APE,;; ,p.ny for for six
different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si and (f) CIGS 1.

MM,yonthiy VS. APEyoneniy Showed a linear relationship in previous research when examined at a
particular location, as was mentioned in the introductory section [11,30]. Figure 25 demonstrates that
the linearity between the MM,y ,ptniy and APEp,oneniy is indeed global (see Figure 26 for the daily

weighted values). Once more, for wider bandgap PV technologies, the RSE rises.

46



* Grimstad, 58.33¢ ® Madrid, 40.33¢ Jaen, 37.79¢

x  Berlin, 52.43¢2 = Golden, 39.74¢ 4 Albuquerque, 35.05¢
= Eugene, 44.052 % Gaithersburg, 39.14°¢ + Lima, -12.07¢

1(a) (b) (c)
] slope = 1.41eV-! " slope = 0.97eV-! slope = 0.41eV-! [ .
1.2 4 r=096 r=0.95 " r=-0,78 = 20.00 =
1 RSE = 1.19e-02 RSE = 9.56e-03 RSE = 9.63e-03 [ =
w
1 w
£ 1.1 2
2 i| = =]
g ] ©
s 1.0 1 2
= 7] £
4 @]
4 [«4]
0.9 &

J(d) (e) ()
] slope = -0.17eV-! slope = -0.50eV-! slope = -0.39eV~! [ .
1.24 r=-0.79 r=-0.97 r=-0.96 r20.00
1 RSE = 3.88e-03 RSE = 3.47e-03 RSE = 3.11e-03 [ ~
2]
] . 2
£ 1.1 L 10.00 2
2 ] [ g
= ] L ©
é: 1 L Q
g 1.0 4 r0.00 —
| CIGS L =
(116 eV) 3
0.9 1 --10.00 &

1.8 1.9 2.0 1.8 1.9 2.0 1.8 1.9 2.0
APEgqity (eV) APE qity (eV) APEqily (eV)

Figure 26. Linear relationship between MM, and APE,;,,, for six different PV technologies: (a) a-Si:H, (b)
Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si and (f) CIGS 1. The gray dashed lines indicate the prediction
interval. The vertical dotted line indicates APE for the AM1.5G spectrum. RSE and r are the residual standard
error and the correlation coefficient, respectively.

Table 2 incorporates the estimate of the half-interval of the prediction interval by fitting the prediction
interval with parallel lines to the MM, on¢pniy, and APEp,onen, linear regressions, this table also

summarize the equations resulting from the global linear regressions. The half-interval in terms of

energy gains and losses is indicated by this value, which is expressed as a percentage (100%).
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Table 2. List of equations of the global linear regressions between MM, nni, aNd APE,5nen1,- These
equations can be used to calculate MM using APE on a monthly and annual basis, potentially, for
any location in the world. In addition, it shows the approximate half-interval of the prediction interval
calculated by assuming the prediction interval as a parallel line.

Half-
PV Technology Linear Regression equation prediction
. i RSE (1073) r
(Bandgap in eV) for MM = interval
(1072)
i 1.66 8.32 0.98
-1 — . : .
(1.84) 1.57eV™" X APE —1.95
Perovskite b £ 6.17 0.98
~ i ; : :
(1.59) 1.05eV™" X APE — 0.97
CdTe 1.20 5.98 0.88
-1 . g .
(1.47) 0.41eV™" X APE + 0.23
cles2 0.54 2.71 0.84
— -1 : . -0.
(1.16) 0.16 eV~ X APE + 1.30
S 0.50 2.49 0.98
_ -1 y . -0.
(1.11) 0.48eV™ " X APE + 1.89
clest 0.48 2.38 0.97
- —il : . -0.
(1.08) 0.37 eVt X APE + 1.70

By contrasting Figures 22 and 25, it can be noted that UF /UF* was ineffective in predicting the spectral
impact over a range of climates and latitudes. Even the trend in the spectral gains and losses frequently
reported for some PV technologies, such as CIGS and sc-Si, are distorted by this UF/UF*. This
indicator, by definition, employs a unitary SR, which results in a hyperbolically shaped EQE, much

different from the EQE found in most PV devices [76], as mentioned in Chapter 2.
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Figure 27. Linear relationship between MM, ,ptn1y @Nd APE,, onenyy, Tor six different absorbent materials: (a) a-

Si: H, (b) Perovskite, (c) CdTe, (d) CIGS 2, (e) sc-Si, (f) CIGS 1. The gray dashed lines indicate the prediction
interval. RSE and r are the residual standard error and the correlation coefficient, respectively.

However, by using only the bandgap of a particular PV technology, it is possible to define an ideal step-

function EQE and calculate an ideal MM based on this ideal EQE. Figure 27 shows the relationship

between the MMynonenry for an ideal EQE (MMongria’) and the APEmoneniy- Interestingly, the

linearity between both indicators is preserved. The differences between MM e EQE

monthly and MMmonthly

will be discussed in the next section.
Notwithstanding the different integration limits between MM and APE, this work proposes three factors

that affect the linearity between MM, optniy aNd MMy o1y in the ideal scenario (step-function EQE):

1. Being indefinite integrals, the MM ideal and the APE are proportional.
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2. Similar to the observations for [UF /I1UFy,on¢niy and BFponeniy, there is a linear relationship
between the integration of various spectral bands. APEs for different integration ranges, such
as the bands 450-500 nm with 800-850 nm, can maintain linearity with the APE in the 350—

1050 nm range, as demonstrated by Kataoka et al. (2014) [56]. Those findings might support

this hypothesis.
3. Irradiance-weighting the MM and APE, as did with IUF /IUFp, on1y @Nd BFpontniy, SUPPOIts
the MMy ontniy VS. APEmoniniy linear relationship.

According to the losses of the experimental relative EQE compared to the ideal solar cell, a measured

relative EQE in the calculation of MM,y ¢y, increases the linear relationship dispersion.
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5.5.2. Comparing the theoretical and experimental MM, on¢niy VS. APEontniy
interrelationship
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Figure 28. Comparison of MMy, opnniy VS APEroneniy linear regressions for real (Figure 5) and ideal EQEs
(step-function EQES).

Figure 28 contrasts ideal (red) and realistic (green) MM, onthiy VS. APEyoneniy linear regressions.

Realistic devices have smaller slopes than ideal ones for high-bandgap absorbers (a-Si:H, perovskite,
and CdTe), which results in decreased sensitivity of MM, ¢y, t0 Changes in APEp,optp,. ON the

other hand, low-bandgap devices show negative slopes that are more significant for the realistic than

for ideal devices. This suggests that the MM, o ¢p1y, IS More sensitive t0 APEy, neniy, Changes for real
devices. For all devices, it is noted that for APE,; o ¢niy Values below APE4u 56, the MMy, o iniy for

realistic devices is more significant than for ideal ones. This could mean that realistic devices have
relative EQE losses that are more pronounced at lower wavelengths than at higher wavelengths,

increasing MM, ontniy, for smaller APE, openi,, and decreasing it for greater APE, oneniy-
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In addition, the change in slopes from higher to lower bandgaps suggests that a device with a bandgap

and EQE that produces a constant M M., ,n¢n1y, independent of APE;, on ¢, May exist. The device that

exhibits the lowest slope, the CIGS 2, comes close to being immune to spectral variations.
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Figure 29. Comparison in (a) slopes and (b) Residual standard errors (RSE’s) vs. PV materials bandgaps from

the MM, oonimet and MMy oneny With APE onensy linear regressions

The slopes and RSE for the MM,onin;y and APEjoneniy linear regressions with an ideal EQE

(MM,ioa! 22F) and realistic EQE are compared in Figure 29 as functions of the bandgap energy. Figure

29 (a) shows a threshold value for an ideal EQE of about 1.2 eV, where slopes increase positively above
1.2 eV and slopes fall negatively below 1.2 eV as the bandgap widens. Moreover, real relative EQE
slopes for ¢-Si and CdTe show a more noticeable deviation from the ideal slopes. The wide prediction
interval for CdTe in Figure 28 decreases the discrepancy between the results based on ideal and
measured relative EQE, though. On the other hand, the smaller prediction interval of the c-Si increases

the discrepancy between the actual and ideal MM, 411y -
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5.6. Conclusions

Chapter 4 showed the ability of the APE and BF to represent the spectral distribution in different sites
of variable latitudes and climates in different time scales, in addition to the MM, and
IUF /IUF juar- This chapter aimed to study the interrelationships between the PV-device-dependent
(MM and IUF /IUF*) with the -independent (APE and BF). The different time scales (instantaneous,
daily, monthly) used to weight spectral indicators by irradiance helped to visualize such
interrelationships. On an instantaneous basis, for instance, MM exhibited having two well-differentiated
branches given an APE value in Berlin, similar to "Lobster Claws." These "Lobster Claws" shapes
seemed to have their origin in very cloudy conditions, that is, at very low irradiances (quite noticeable
for irradiances <200 W/m?) in situations of no clear skies. The monthly weighting of these indicators
by irradiance improves the linearity of such an interrelationship because monthly weighting highlights
spectra under clear skies, removing the “Lobster Claws” presented in the instantaneous data.
Interestingly, the slopes of the linear regressions, when considering under clear-sky situations, are
similar to those of the regressions after monthly weighting the MM. The latter comes from the fact that
generally, under clear skies, the irradiances are higher and therefore have a greater participation in the
average weighted by irradiance. [UF /1UFy,ontniy VS- BFannua €xhibited a linear relationship globally
when considering the spectral data from the nine selected sites, and this work put forward three possible
hypotheses for such an interrelationship. MMy, on¢piy @Nd APEp, oneni,, had previously been reported to
be locally linear. However, the MM, o ¢niy VS. APEyoneni,, demonstrated a linear relationship globally
in this work. The hypotheses raised for such an interrelationship are similar to those of IUF /IUFp, 51y
VS. BF nnual-

Part of these results have been published in [106] in the framework of this thesis.
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6. Empirical method for the monthly and annual spectral
impact prediction

6.1. Introduction

Depending on the site and the PV technology under examination, the effects of the varying spectral
distribution on PV performance can vary dramatically. The IEC 61853 standard series envisages
methods for making spectral gains and losses on PV performance estimation [6,8,9,113]. The most
popular PV energy yield modeling programs, such as PVSyst, Plantpredict, PVVwatts, Helioscope, etc.,
provide simple approximations for calculating the spectral impact using empirical formulas based on
factors like air mass and precipitable water. These tools do away with the need for time- and money-
consuming procedures for generating an energy rating per the IEC standard 61853-3 based on on-site
measurements [8,35,38,41,42]. Meanwhile, many of these empirical calculations do not account for all
PV market technologies. Additionally, there is little knowledge about them for varied climates and
latitudes [43].

The previous chapter showed that APE,ontniy and MMo,on:n,, €Xhibit a global linear relationship
using experimental data from various latitudes and climates. The linear relationship was different for
each PV technology. In addition, that chapter presented a table with the equations of each linear
regression with its corresponding approximation of the prediction interval. This fact suggests estimating
the MM, oneniy SIMply by knowing the APE;,oneniy » POtentially for any site. This chapter makes use
of such a linear relationship to predict the MM pyq;. In addition, APE,;oneniy and MMy oniny, Will
be used from two sites in Brazil (Sao Paulo and Sao José dos Campos) [30] to verify the effectiveness
of the proposed method. Finally, this chapter presents two additional spectral indicators, SAUF and
SEF, adapted from Rodrigo et al. (2019) [77], to require only irradiance-weighted spectra. Thus,

SEFmontniy and SAUFyontn;, aim to predict MMy, onipny,, and IUF /IUF™ respectively.

monthly’
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6.2. Method verification through experimental data
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Figure 30. MM gpnyar VS APE gpnuqr SCatter plot on the MM, onen1y VS APEy oneniy linear regression. The
annual values are within the monthly linear regression prediction interval.

The estimated prediction intervals of the monthly linear regression are overlaid with a scatter plot of
the MM ;a1 @92iNSt APE ;i iN Figure 30. The method’s ability to anticipate the spectral effects
using solely the APE;,,.a: @nd the equations in Table 2 is confirmed by the good agreement with the
linear regression and the fact that the MM ,,,,.,4; @re all within the prediction interval. In addition, data
from of APE ;uar @nd MM ;.00 from Neves et al. (2021) [30] prove the high accuracy of predicting

the MM 4,,1,.q; TOr Sao Paulo and Sao Jose dos Campos.

Table 3 summarizes the prediction sensitivity through the RMSE (Equation 15) ranging from 1.70 to
4.79 x 1073 for sc-Si, and a-Si:H, respectively. The MBE is also presented following Equation 16.
According to the MBE, the predicted MM, a1 USING the APE ;a1 are slightly lower than the

calculated based on experimental spectral data.
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Table 3. Spectral impact prediction sensitivity from Figure 30 using the empirical linear

relationship from Table 2.

a-Si:H Perovskite CdTe CIGS 2 sc-Si CIGS 1
RMSE (1073) 479 3.46 2.92 1.77 1.70 1.77
MBE (10™%) 6.76 3.96 2.69 1.63 1.54 1.35

6.3. Spectral indicators based on average spectra

The suitability of two additional energetic spectral indicators, SAUF and SEF, for forecasting
IUF/IUF* and the irradiance weighted MM, respectively, is assessed. Both additional indicators save
computing time by requiring the calculation of an average solar spectrum rather than the instantaneous
spectra, as shown in Equation 10. Figure 31 shows the average monthly spectra in the nine locations.
Although it is outside the scope of the present work, it is necessary to be particularly attentive to the
associated uncertainties that arise when computing these two extra indicators in order to make

SAUFpontniy and SEFponen,, €quivalent with IUF /IUF* and MM ontniy, respectively.

monthly
Rodrigo et al. (2019) [77] examined the accuracy of these two additional indicators with respect to MM
using synthetic spectra in Granada, Spain depending on the PV technology and seasons. Nevertheless,
this thesis demonstrates their direct comparison with their associated indicators based on one-year

measured spectral data for different latitudes and climates.
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Figure 31. Normalized irradiance-weighted average monthly solar spectral irradiance (N. Sp. Irr.) vs. wavelength
for the nine locations. These spectra allowed to calculate SAUFyoniniy aNd SEFroneni, With Equations 13 and 14,

respectively.
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6.3.1. Adapted Spectral Average Useful Fraction
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Figure 32. Comparison between the two bandgap-dependent indicators: SAUF,onen, and IUF/
IUFry;lonthly

The relationship between the SAUFy,on¢n1y and the IUF /IUF* is depicted in Figure 32. The

monthly
RMSE represents the difference in average between the predicted and actual values, in this case,

between the SAUFyon¢niy and the IUF/IUF*, v This statistical indicator is, in terms of its linear

nthli

relationship with the BFy; on ¢y, in Figure 21, smaller than the prediction interval and even has an order

of magnitude similar to the RSE. This comparison could indicate that IUF/IUF* is well

monthly

represented by the SAUFy, oneniy because of the small RMSE.
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6.3.2. Adapted Spectral Enhancement Factor
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Figure 33. Comparison between the two EQE-dependent KPIs: SEFy,on¢niy and MMy,ontniy

Similar to Figure 32, Figure 33 depicts the relationship between SEFy,,ptniy aNd MMpontniy. The

RMSE is also small in this case, following the same reasoning as Figure 32. This finding demonstrate

that the SEFy,oneniy, Offers a reliable estimate of the MM, o ¢piy -

6.4. Conclusions

Chapter 5 analyzed global interrelationships between PV-device-independent and -dependent spectral
indicators. MMy, ontniy VS APEmontniy Stands out for being the most used spectral indicators in the PV
community. Such interrelationships proved to be linear for six different PV technologies. This chapter
focused mainly on using the predictive character of such an interrelationship to determine the MM ;1,101
uniquely requiring the APE 4,441 TOr the nine selected sites. Furthermore, as a form of validation, this

method was shown to predict the MM, ,,,,,.41 reported for two sites in Brazil (Sao Paulo and Sao Jose
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dos Campos) by knowing only the reported APE ;,,,.q:- This method presented an RMSE between 1.70
and 4.79%, with the most significant discrepancy being for a-Si:H, considering it also has a broader
prediction interval than the other PV technologies. However, all the results were within the limits of the
prediction interval of such a linear regression. To further reduce the calculation, use was made of two
spectral indicators adapted to require only weighted irradiance spectra, SEF,;ontniy and SAUFyonthiy,

to predict the MMy, on¢niy and IUF /IUF® respectively. The results showed that the RMSE

monthly’
found are smaller than the prediction intervals of their respective linear regressions with the PV-device

independent spectral indicators APEy,ontniy aNd BFoncniy- This indicates that they can make an

accurate estimate of both the MM, ,y¢ny,, and the IUF /1 UF*monthly :

These results are already reported in [106].
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7. Annual spectral impact determination through
synthetic spectral data

7.1. Introduction

Simulation of spectral irradiance is useful when field measurements are unavailable. Many tools to
simulate spectra are available depending on the spectral region resolved, computation algorithm,
geometrical schematization, license type, etc. [45]. Physical models generally use the Radiative
Transfer Theory to estimate ground radiation directly based on cloud properties, aerosol optical depth,
water vapor, and ozone as inputs through calculations in different wavelength bands [34]. These
calculations are commonly used in atmospheric sciences, such as MODTRAN [114], libRadtran [115],
and SBDART [116]. However, these models usually require a long execution time, which makes them
unsuitable for engineering applications [34]. In solar PV energy applications, some models with less
computational cost are helpful. For example, SPECTRALZ2 allows us to calculate spectra under clear
skies. SMARTS presented notable improvements in spectral resolution and precision to model solar
spectra under clear skies, having wide approval in the PV community [34,105].

On the other hand, SEDES?2 and SolarSpectrum [117] are highlighted among the most common all sky
conditions models. The National Solar Radiation Database (NSRDB) Data viewer now includes on-
demand spectral data recently released by the National Renewable Energy Laboratory (NREL) [47].
Currently, longitudes from 25 °E to 175 °W and latitudes from 20 °S to 60 °N are covered by the spectral
on-demand data. The Fast All-sky Radiation Model for Solar applications with Narrowband Irradiances
on Tilted surfaces (FARMS-NIT), a novel radiative transfer model, is used to calculate the spectral data
provided by the NSRDB [49]. Using SMARTS to acquire the optical characteristics of the atmosphere,
FARMS-NIT then solves the radiative transfer equation using a pre-calculated look-up table to produce
a theoretical solar spectrum under all-sky conditions [46,48,51]. This model incorporates the advantages
of existing meteorological and solar energy spectral models.

The synthetic spectra generated by FARMS-NIT demonstrated high precision when predicting spectra

in clear skies. However, such effectiveness decreases for spectra in cloudy sky conditions for some sites
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[50,51]. Studies for these synthetic spectra at low latitudes and the limit of the scope of available
FARMS-NIT spectra are scarce [50]. Since this work focuses on analyzing the spectral influences on
PV performance at different latitudes and climates, the validation of synthetic data with experimental
spectral data for Lima is presented. This validation aims to give notions about the uncertainties of the

synthetic data that is finally propagated on the global relationship between APE, o ¢n1y aNd MMy ontniy

presented in chapter 5.

7.2. Synthetic spectral data validation for a low latitude site

Comparing the experimental and synthetic spectral data sets through comparing intensities between the
different spectral channels and time is impractical for the objectives initially set in the introduction
section. Since this work focuses on spectral indicators, here it proposes validating the synthetic spectral
data using the APE on a monthly and annual scale, i.e., this chapter validates the goodness of the
synthetic spectral data to predict the monthly and annual behavior of the experimental spectral
distribution in Lima, Peru. For this purpose, this work uses experimental spectral data from March 2019

to February 2020 in Lima in the same tilted plane (20° tilt angle, facing due North).
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Figure 34. Synthetic (NSRDB) and experimental average monthly irradiance-weighted APE.
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Figure 34 compares the 12 months of experimental spectral data (2019-2020) and the synthetic spectral
data (2019). This means that January and February correspond to 2020, and the following months
correspond to 2019 for the experimental data. The seasonal trends are similar in the winter months (June
to September) for both data sets. However, the APEy,;,neni, during the 12 months of the synthetic
spectral data overestimates the corresponding ones from the experimental data. As discussed above, the

APE.oneniy for both data sets does not exhibit evident seasonality, as is expected for the low latitude.
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Figure 35. Synthetic (from 2009 to 2019) and the experimental (12 months) annual average irradiance-
weighted APE s (APE 4ua1)

Additionally, Figure 35 describes the spectral distribution in Lima using the APE nuai- The
experimental data period (03.2019 to 02.2020) follows the theoretical data period (2009 - 2019). The
mean of the synthetic APE ;o Marginally differs from the experimental one at around 0.005 eV.
Furthermore, the APE ;a1 OF the synthetic data suggests a blue shift of the spectral distribution in
Lima for the entire synthetic data, similar to the experimental results for the composed year (2019 -

2020).
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Figure 36. Boxplots of the synthetic (NSRDB) average monthly irradiance-weighted APE along with the
experimental one superposed in the light blue line.

The synthetic APE,,cny,, distribution for the 11 years of synthetic data is shown in Figure 36 as a

monthly boxplot with 10 data points corresponding to each year in each box. The synthetic results show
a slight seasonality, with a mean APE,,n¢n1,, Value being lowest in the autumnal months around April
and highest in the winter months around July.

Knowledge of atmospheric variables, including air mass, cloud cover, diffuse irradiance fraction,
albedo, and the atmospheric characteristics that define the spectral distribution under clear and overcast
sky conditions, would be necessary to explain such seasonality in the spectral distribution. The scope
of this work does not include that analysis.

The experimental APE, neniy €xhibits a different behavior and distinctive values from July to
November but a similar seasonality trend and values to those of the synthetic during the first half of the
year, including December. The former is associated with the summer months (December, January,
February, and March), characterized by many clear sky days. It may be assumed that during these
months, the APE values associated with clear skies and high irradiance will contribute more

significantly to the APE, neniy - As previously mentioned, SMARTS, which has shown a high

64



spectrum prediction accuracy for clear-sky, provides accurate information on the optical characteristics
of the atmosphere for FARMS-NIT. The latter could account for the observed agreement between

experimental and synthetic APEy,on:niy, - When low irradiances prevail in the other months, including

atmospheric components for cloudy skies may increase the accuracy of spectrum modeling.

7.3. Testing the spectral impact’ empirical method with synthetic data

The experimental MMy, on¢n1, aNd APE on¢n1,, in the nine chosen sites demonstrated in Chapter 5 to
have a global linear relationship. Chapter 6 used this global linear relationship to predict the annual
spectral impact on PV performance for the chosen sites and two additional sites in Brazil using their
APE 4 nua S- Such a linear relationship constituted an empirical and direct method of obtaining the
spectral impact on a weighted annual (monthly) basis from a weighted annual (monthly) APE. To
broaden the validation scope of this new method, this work resorts to applying the interrelation analysis
to synthetic data generated by FARMS -NIT, covering 14 locations with low, medium, and high

latitudes.
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Figure 37. Synthetic MM gnyq1 VS APE gnnuq SCatter plot on the experimental MM,y o,¢n1y VS APEmontniy
linear regression. Slopes and prediction intervals correspond to experimental data from Table 2 in Chapter 5.

Figure 37 depicts the points corresponding to the MMy, ,tp1,, aNd APEr, oneniy, OF the synthetic data on

the linear regressions of the experimental data. Interestingly, despite the uncertainties that this data
presents compared to the experimental data, as demonstrated in the previous section, the synthetic
results annually follow the trends of the experimental linear regressions. In addition, for wider bandgap
technologies, most of the annual synthetic results are within the experimental prediction interval.
Arequipa and Mexico City are the sites whose results are farthest from what was predicted
experimentally. Additionally, the synthetic spectra exhibit an extra blue-shifted APE ;.1 COMpared
to the experimental results (Lima, Gaithersburg, Golden, and Eugene), i.e., in these cases, the annual
synthetic APE of the year considered (2019) overestimates the experimental APE in the years
mentioned in Chapter 3. However, the fact that most synthetic data points fall within the experimentally
acquired prediction interval affirms the validity of the proposed method for predicting the annual
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spectral impact on PV performance. This makes evident the global character of this method proposed

in the present work.
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Figure 38. Linear relationship between MM, ;.. (and spectral gains/losses) and APE,, n¢n,, based on
synthetic data of 14 locations for six different PV technologies: (a) a-Si: H, (B) Perovskite, (¢) CdTe, (d)
CIGS 2, (f) sc-Si and (g) CIGS 1. Slopes and prediction intervals are recalculated with synthetic data.

Figure 38 shows the results of MM, ,ntni, and APEy,oneniy based on the synthetic data. The slopes
and prediction intervals correspond to the linear fit recalculated from the synthetic data. The synthetic
data points exhibit a wide dispersion, as seen in the RSE above 1.52 x 1072, with a small absolute
value r, even 0.12 for CdTe and -0.22 for CIGS 2. This wide dispersion makes it impractical to represent
a linear relationship, and thus, the method based solely on synthetic data does yield the same predictive
character as when based on experimental data. Also, a blue shift is observed in the monthly results

compared to the experimental data. In this sense, there is no evident relationship for the MM, on¢n1y

and APEp,ontniy based on synthetic data. In contrast, the MM ny,q; aNd APE gy, based on synthetic
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spectra do follow the predictive trends, and in most cases, wider bandgaps spectral impact can be

predicted by the method proposed here.

7.4. Conclusions

This chapter applied the method proposed in the previous chapters to synthetic spectral data from 14
different sites, covering a wide range of low, mid, and high latitudes. The main purpose of this chapter
was to evaluate if the linearity and predictive character observed between experimental MM and APE
data was reproducible with synthetic data. First, this chapter compared the synthetic spectral data with
experimental spectral data in Lima, taking the APE as a representative indicator of the spectral
distribution. The comparison indicates that the synthetic and experimental monthly APE values differ
most in the winter months (June, July, August, and September) and are most similar in the summer
months (December, January, February, and March). The suitability of the models to synthesize spectral
data under clear skies is confirmed. The discrepancy during the winter months most likely originates
from the uncertainty of the models to synthesize spectral data under cloudy skies. Lima, commonly in
winter, presents a uniform cloudiness and few moments of sky clarity.

A validation was also made with historical synthetic data, thus demonstrating that the APE 4;,,,,4:S are
close to the experimental value with only a slight difference of 0.003 eV. By superimposing the results
of MMpnuar @and APE,nnuar USING Synthetic data on experimental linear regressions, the synthetic
MM gpuar @A APE 40001 Maintain the trend suggested by the linear regressions of the experimental
spectral data. However, it was not possible to reconstruct the monthly linear regressions using synthetic
spectra because of the wide dispersion.

Thus, the trends exhibited by the annual results based on synthetic spectra attest to the goodness of the
prediction of the spectral impact presented by the linear regressions that this thesis proposes. However,
the uncertainties associated with the synthetic data are outside the scope of this work, and therefore it
is not possible to determine the prediction accuracy. In addition, performing the monthly regression
proposed in this method is impractical due to the lack of information about the uncertainties of the

synthetic data. The above synthetic spectral data validation for Lima was reported in [50].
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8. Conclusions and outlook

This work analyzed the interrelationships between different spectral indicators based on GTI, GHI, and
GNI spectral data from nine sites around the world measured at ground level. Taking the latitude as an
implicit variable of the spectral distribution, a general decreasing trend of the APE 4,,1,1,; Was observed
as the absolute value of latitude increased. While there is such a general trend for the selected sites, the
impact of site-specific conditions on the APE,,..q: Variation can be significant, rendering the latitude
inadequate to predict the APE 4,,,,,.41- FUrthermore, the seasonal spectrum variation for GTls exhibited

a relationship with latitude, with larger APE,,n:pn,, Variations at higher latitudes. Both relations

between the APE and the latitude originate from the dependence of the spectral distribution on the AM,
which is a composite function of latitude. The APE and the BF verified condensing the spectral
distribution by a single scalar value in various time scales. Also, although the APE and the BF can
represent the spectral distribution as a scalar value and a bijective relationship was reported, they can
differ in indicating blue- and red-shift spectra for the same dataset, as demonstrated in Golden.

The empirical relationships between device-dependent and -independent indicators offer a practical
alternative for calculating the spectral impact. This work reviewed the general relationship between the

IUF/IUF* and the BFponeniy- These two indicators exhibit a linear relationship that could be

monthly
related to the form of their equations assuming proportionality between integrated regions of the
spectrum. This supposed proportionality would be accentuated for extensive data by applying the
weighted average to irradiance, contributing to the linearity between these two indicators.

On the other hand, interestingly, the IUF /IUF* and APE;,oneniy Present a linear relationship

monthly

and even with a lower RSE than with the BFy,onthiy-

The linear relationship between MM, ¢n1y aNd APEr, on¢niy, Was shown globally. This work finds this
relationship of great significance because it allows a direct estimation of the spectral impact on a
monthly basis. Contrasting this linear relationship with the one for an ideal EQE allows some additional
conclusions. On the one hand, it allows us to give three hypotheses that would contribute to the
explanation of such a relationship. These are very similar to those found for the IUF /IUF* Vs

monthly :
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BFmontniy Since the variable term of MM with ideal EQE resembles the inverse of the APE. On the
other hand, the comparison of the ideal and experimental MM, 1, @ a function of the APE,, on¢niy

gives us information on how the shape of the EQE affects the spectral sensitivity of different PV
technologies. Then the linear regression equations between the MM, ,ptpi, and APEpontniy, €Xhibit a
predictive character by allowing us to determine the value of MM, ,,,,.; from only knowing the
APE ,nua With a variable RSE depending on the PV technology.

Furthermore, the present work evaluated the global validity with multi-climatic spectral data of two
alternative indicators, SAUF and SEF, which are equivalent to the IUF/IUF* and the irradiance-
weighted MM, respectively. These two indicators gave a good estimate of their equivalent indicators
on a monthly scale as expressed by their RMSE comparable to the RSE in their correspondent predictive
linear regression.

Next, this work validated Lima's on-demand synthetic spectral data obtained from the NSRDB using
the APE. Verifying that in the summer months, there is a better prediction of the experimental spectral
data; in the winter months, it is the opposite. This would be due to the accurate spectral forecast that
FARMS-NIT has for clear skies, unlike cloudy skies. Finally, the synthetic spectral data from the
NSRDB of 14 locations were used to validate the proposed method to predict the annual spectral impact
from the APE,,,..a1- Despite the uncertainties associated with the synthetic spectral data, the results
follow the trend of the global linear regressions of MM, ,,tn1y,VS. APErmoneniy, Qualitatively verifying
their functionality.

In this way, this thesis experimentally showed that linear relationships for different spectral indicators
remain valid globally. It also established three hypotheses that support such experimental evidence, thus
reducing the calculation complexity of the spectral impact potentially for any site and a qualitative
validation with synthetic spectral data. Therefore, the results found here increase the knowledge base
in evaluating the spectral effects on the energy yield in a particular climate and for a given technology.
For future works, although this method allowed us to predict the spectral impact at two locations in
Brazil, better accuracy of the proposed method would imply adding more sites to the linear regression.

In addition, a study of the propagation of uncertainties of the spectra extrapolation methods on the
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different spectral indicators could also be added. Likewise, a deeper analysis of the uncertainties in the

synthetic data would allow a quantitative validation of the proposed method.
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