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A B S T R A C T   

When PV is installed in the field, the module technologies are rated according to their output energy yield under 
local operating conditions rather than at standard test conditions (STC), where the spectrum is set to AM1.5G. 
Care must be taken as this standard is not optimal for all latitudes and the solar spectral distribution variations 
are one primary influencing factor on PV performance. In addition, obtaining an accurate estimate of the spectral 
effects on PV performance, as set out in standard procedures, is hampered by the cost of gathering the inputs and 
the large amount of spectral data required for such a calculation. In this work, based on measured spectral 
irradiance data from nine sites of different latitudes and climates, we first show a characteristic trend in the 
spectral distribution over the year concerning the location latitude. The closer a site is to the equator, the more 
blue-rich the solar spectrum is and the fewer seasonal spectral variations it will contain. Then, we calculate and 
correlate the most popular metrics (device-independent and device-dependent) used to describe the influence of 
solar spectra on PV performance. In particular, the monthly irradiance-weighted Spectral Mismatch Factor for 
different PV technologies and Average Photon Energy show a global linear correlation for data from these nine 
sites. We use this global linear relationship to propose PV technology-dependent equations that predict annual 
and monthly spectral gains/losses within a prediction half-interval of up to ± 1.66% by only inserting the 
monthly or annual irradiance-weighted Average Photon Energy potentially for any site. Reducing the required 
spectral data sets for performance estimation through our methodology facilitates a more accessible and less 
costly communication of databases than complete spectral data sets. Finally, using this spectral data, we 
demonstrate statistically that the Spectral Mismatch Factor and Integrated Useful Fraction Ratio can be replaced 
by alternative spectral metrics, which require only averaged spectra and, thus, reduce the computational effort to 
estimate the above indicators.   

1. Introduction 

Energy production from solar PV is expected to continue its rapid 
expansion in the coming decades. The installed capacity is estimated to 
increase to nearly 5,200 GW by 2030 and exceed 14,000 GW by 2050, 
generally in the form of utility-scale [1]. This increase aims to accelerate 
the global energy transition, contributing to reducing annual CO2 
emissions to limit temperature rise due to global warming. It is also 
essential for long-term energy security, price stability, and national 
resilience, matching some of the goals of the sustainable development 
agenda [1,2]. To this end, the PV industry must reach a mature market 

level, guaranteeing investors’ confidence and thus fostering PV projects’ 
bankability [3–5]. For instance, the proper selection of PV module 
technology for PV projects in a specific location can be of the utmost 
importance for investors and PV project developers, backed by reliable 
yield estimations in a particular climate [6]. In recent years, yield esti-
mations have shifted focus to rating PV module technologies according 
to their output energy yield under local operating conditions rather than 
rating by their power at standard test conditions (STC) [6–10]. Together 
with the larger effects of irradiance and module temperature variations, 
the varying solar spectral irradiance is considered an influencing factor 
on PV module performance. 
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Even if the influence is smaller than that of irradiance and temper-
ature, even a small percentage of error in yield estimations during de-
cades of operation has implications in billions of euros in profit or loss 
[11]. 

The spectral impact can be evaluated based on measured short circuit 
current or calculated from solar spectra. Using short circuit current, it is 
challenging to isolate spectral effects from temperature, soiling, or the 
influence of the angle of incidence [12,13]. On the other hand, ground- 
based spectral databases remain scarce, and available spectral data often 
span over a limited range of wavelengths [14,15]. Synthetic spectra, 
such as those provided by the National Solar Radiation Database 
[16–18], offer an alternative for a particular site when spectral data is 
unavailable [19,20]. However, estimating the spectral impact and a 
site’s spectral characterization from large amounts of data composed of 
several spectral inputs is impractical to report. Faced with this, repre-
senting the solar spectrum by spectral indicators demonstrates a utility 
by condensing the extended spectral range into a single easily reportable 
and comparable scalar value [21,22]. 

The available range of spectral indicators with specific assumptions 
and associated uncertainties also makes finding general rules harder. 
Rodrigo et al. (2017) [23] classify spectral indicators into two groups: 
those independent of the PV device, such as the Average Photon Energy 
(APE, in eV) and those dependent on information from the PV device. 
Rodrigo et al. (2019) [24] presented a comparative analysis of different 
spectral indicators based on simulated spectral data from Granada, 
Spain, to analyze their associated accuracy in predicting spectral impact. 
They demonstrated that the appropriate choice of spectral indicators for 
predicting the spectral effects on PV performance depends on the type of 
PV material studied in Granada. In addition, they pointed out the 
importance of carrying out a study under different climates worldwide 
to have a general frame of reference for the different spectral method-
ologies available, as the present work indirectly aims. 

Louwen et al. (2017) [25] showed a scatter plot between different 
spectral indicators such as the Blue Fraction (BF), Useful Fraction (UF), 
the Spectral Mistmatch Factor (SMM) vs. the APE with experimental 
spectral irradiance data from Utrecht, the Netherlands. The device- 
dependent index considered the most accurate to date is the SMM 
[26,27], whose value represents a fraction of the spectral gains or losses 

in the photocurrent (in comparison to the photocurrent under illumi-
nation with AM1.5G spectrum and the same broadband irradiance). 
Specific experimental conditions and information such as a defined PV 
technology’s spectral response (SR) and a set of wide wavelength range 
measured spectral irradiances are required to ensure a reliable and ac-
curate calculation, as detailed by Dirnberger et al. (2015) [15]. Ishii 
et al. (2013) [28] report a polynomial relationship between instanta-
neous MM and APE for different photovoltaic technologies from data 
measured in Kusatsu (Japan). Note that a statistical verification of APE 
uniqueness for specific locations, initially in Kusatsu and extending to 
other regions in Japan has been shown [21,29]. Chantana et al. (2017) 
[30] showed a quasi-linear relationship between SMM of various PV 
technologies and APE for 71 spectral bands between 350 and 1050 nm in 
Kusatsu. That work was expanded by Tsuji et al. (2018) [31] for a few 
more locations, obtaining a more comprehensive range of APE. 

In addition, the quasi-linear relationship using the same methodol-
ogy as in [21] and [29] was found when taking different reference de-
vices in calculating the SMM [32]. These studies were later extended to 
other regions of Japan [12,33]. Additionally, Takeguchi et al. (2022) 
[34] recently presented a set of contour plots to estimate the spectral 
gain or loss based on an average energetic APE and its standard devia-
tion in a gaussian distribution for seven different SRs, using a spectral 
range from 350 to 1700 nm. 

Alternatively, and in parallel, Nofuentes et al. (2014) [35] made a 
detailed analysis of the relationship between the instantaneous APE and 
an index essentially similar to the SMM for Jaen, Spain. One year later, 
Dirnberger et al. (2015) [14] in Freiburg, Germany, ruled out any 
bijective relationship between SMM and APE but also showed the 
advantage of directly calculating the spectral impact through the 
monthly weighted APE when using the linear regression of these ener-
getic spectral indicators. In the same vein, a study presented by 
Nofuentes et al. (2017) [36] based on ground-based spectral irradiance 
data collected over the course of a 2-year experimental campaign con-
ducted in Madrid and Jaen (Spain) disproved the one-to-one relation-
ship between APE and the global tilted irradiance (GTI) spectrum shape 
for these two locations. Recently, Neves et al. (2021) [37] determined 
linear regressions between monthly weighted SMM and APE for two 
locations in Brazil. Although these isolated linear empirical 

Fig. 1. Köppen-Geiger-Photovoltaic (KGPV) [38] 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). The second classification criterion is the irradiation (second letter): Very High (K), High (H), Medium (M), and Low (L) irradiation. We took the open 
dataset with a spatial resolution of 0.5◦ × 0.5◦ from [39]. Dots on the map correspond to the locations where the solar spectral data used in this study was recorded. 
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relationships between monthly weighted SMM and APE have been re-
ported locally, no general linear relationship between both spectral in-
dicators have been reported so far spanning different latitudes and 
climates on a global scale. 

This work takes the focus from a local to a global scale by analyzing 
measured spectral distributions from various climates and latitudes 
worldwide. We evaluate the ability of different spectral indicators to 
estimate the spectral impact on the performance of different PV tech-
nologies and analyze the interrelationships between different spectral 
indicators for two cases of spectral information on the PV device: 
knowing only the bandgap without spectral sensitivity information and 
knowing the SR. We analyze the global relationship between the 
monthly irradiance-weighted SMM and APE spanning the latitudes and 
climates of the measurement sites. Aiming towards global applicability, 
we develop an empirical method for determining the annual (monthly) 
site-specific spectral impact based on information from the annual 
(monthly) site-specific APE. 

2. Methodology 

2.1. Experimental data acquisition and pre-processing 

We collected experimental ground-based spectral data sets from nine 
different locations covering a broad range of latitudes, climates, and 
installation conditions, as depicted in Fig. 1. 

These locations, the specific instrument characteristics, and the 
approximate climate type can be visualized with the help of the Köppen- 
Geiger-Photovoltaic climate classification map [38], as shown in Fig. 1. 
Each box in Fig. 1 presents the name of the location, latitude, and 
longitude, and its approximate KGPV climate classification, the spec-
troradiometer(s) model, and the orientation plane. Table 1 summarizes 
additional characteristics of each spectral sensor, including collection 
period, original spectral range, and equipment. The selected nine loca-
tions cover a wide range of the variety of climates concerning the po-
tential PV installations worldwide. Each data set covers precisely one 
year chosen to have the highest spectral data availability at that site. For 

most sites, a valid day was considered to have>90% data availability 
during the hours of sunlight. 

Global spectral irradiance is generally measured by spectroradi-
ometer sensors in continuous outdoor exposure across the sky hemi-
sphere. These can be, to name a few, grating spectroradiometers such as 
the EKO MS-710 and filter-type such as the SolarSIM-G, which measures 
the spectrum at nine different wavelengths and then reconstructs a 
spectrum from 280 to 4000 nm from atmospheric models [41,46]. We 
considered three different configurations of global spectral irradiance 
measurements: measurements made in a horizontal plane corresponding 
to Global Horizontal Irradiance (GHI, in W/m2), measurements in an 
inclined plane coinciding with a fixed plane-of-array, represented here 
as Global Tilted Irradiance (GTI, in W/m2) and an experimental 
campaign with two-axis sun tracking, corresponding to the Global 
Normal Irradiance (GNI, in W/m2). 

We first limit all measured spectra to the range between 300 nm and 
1050 nm for all sites to maintain equal conditions and apply the same 
analysis procedure for the different locations, spectroradiometers, and 
measurement configurations. To enhance the spectral range, we 
adjusted and applied the extrapolation proposed by Neves et al. (2021) 
[37] in the ultraviolet region from 280 to 300 or, in a few cases, up to 
350 nm, depending on the spectral range of experimental data consid-
ered in Table 1. We applied the Martin and Ruiz extrapolation method 
[47] to extend the range from 1050 to 4000 nm. We validated this last 
extrapolation using experimentally measured data from 1050 to 1700 
nm for GHI, GTI, and GNI spectra. As shown in the supplementary in-
formation in Figure S1 and S2, differences between extrapolated and 
measured spectra are small. Then, Martin and Ruiz extrapolation 
introduced minor deviations to the integrated irradiance. The extrapo-
lation uncertainties are further reduced when averaging to monthly 
weighted values. Although, as far as we know, the Martin and Ruiz 
approach has not yet been validated, this extrapolation method has been 
used to produce a variety of spectral investigations employing the SMM 
[37,47–51]. 

Even, Kinsey et al. (2022) [11] suggested substituting the spectrum 
AM1.5G beyond measurement limits in normalized measured spectra, 
analyzing spectral effects on PV efficiency. 

Additionally, we applied some filtering to maximize the data quality. 
We discarded spectra with an integrated extrapolated irradiance of 
fewer than 5 W/m2 and higher than 1500 W/m2, thus ruling out extreme 
over-irradiance events and spurious measurements. In addition, we 
filtered the GTI data sets by the angle of incidence (AoI) using pythons 
pvlib [52], discarding data for AoI > 60◦ as recommended by Dirnberger 
et al. (2015) [15]. The latter additionally allowed minimizing the in-
fluence of larger Air Mass (AM) with predominant diffuse irradiation on 
the global spectral irradiance. This filter was unnecessary for GNI, while 
we discarded data for AoI > 90◦ for GHI to preserve periods of the year 
in which the AoI is larger than 60◦. Finally, when considering the filter 
of AoI > 90◦ for GTI, though not shown here, the results did not present 
significant changes. 

2.2. PV technologies 

For this study, we chose six representative relative SRs of different 
PV technologies from Conde et al. (2021) [51], as shown in Fig. 2(a). It is 
also essential to keep in mind that the additional uncertainties due to the 
varying SR between PV modules of one type, such as a-Si, CdTe, and c-Si, 
do not significantly influence the spectral impact. [15]. Temperature- 
related uncertainties about the spectral impact on PV performance are 
minor as well [53]. Some technologies with tunable bandgap, such as 
CIGS or halide perovskites, can present significant differences in SR. We 
use two different SRs for CIGS, as depicted in Fig. 2 (a), and the most 
widespread archetypical perovskite composition CH3NH3PbI3 with a 
bandgap of ~ 1.6 eV. 

We define the relative EQE as the normalized EQE spectra calculated 
from relative SR data using the relation EQE(λ) = (hc/qλ)× SR(λ), h 

Table 1 
Summary of the characteristics of each installation. Spectral data correspond to 
GTI, GHI, and GNI. Superscript letters in brackets indicate contributing authors’ 
affiliations; otherwise, the numbers in brackets are the references. We sliced the 
original spectral range to a maximum of 1050 nm (if recorded in a wider range) 
to ensure the same pre-processing procedure in all sites. After that, we per-
formed the extrapolations resulting in spectra ranging from 280 to 4000 nm.  

Location, 
Latitude, 
KGPV climate 

Type 
and 
tilt 
angle 

Spectral 
sensor 

Original 
spectral 
range 
(nm) 

Data 
collection 
period 

Filter by 
angle of 
incidence 
<

Grimstad 
58.33◦ DL  
[40,41] 

GTI 
45◦

Spectrafy 
SolarSIM- 
G 

280 – 
4000 

Jun-2020 – 
May-2021 

60◦

Berlin 52.43◦

DM [b] 
GTI 
35◦

EKO 
MS711 

300 – 
1100 

Jun-2019 – 
May-2020 

60◦

Albuquerque 
35.05◦ CH  
[42] 

GNI EKO 
MS700- 
MS712 

350 – 
1700 

Jan-2014– 
Dec-2014 

90◦

Gaithersburg 
39.14◦ DM  
[43] 

GHI EKO 
MS710- 
MS712 

350 – 
1100 

Jun-2015 – 
May-2016 

90◦

Madrid 40.33◦

CH [c] 
GTI 
30◦

EKO 
MS700 

350 – 
1050 

Jun-2015 – 
May-2016 

60◦

Eugene 44.05◦

DM [44] 
GHI EKO 

MS700 
335.4 – 
1059 

Jun-2018 – 
May-2019 

90◦

Jaén DH 
37.79◦ [c] 

GTI 
30◦

EKO 
MS700 

350 – 
1050 

Jun-2016 – 
May-2017 

60◦

Golden 39.74◦

CH [45] 
GTI 
40◦

EKO 
MS700 

343 – 
1062.8 

Jun-2020 – 
May-2021 

60◦

Lima − 12.07 
BH [a] 

GTI 
20◦

EKO 
MS711 

300 – 
1100 

Jun-2020 – 
May-2021 

60◦
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being Planck’s constant (6.62607015 × 10-34 m2kg/s), c the light speed 
in vacuum (2.9979 × 108 m/s), λ (nm) the wavelength, and q (1.602×

10− 19 C) the elementary electric charge. EQE spectra are a common way 
to represent the spectral behavior of solar cells. We obtained the 
bandgaps through the methodology of Rau et al. (2017) [54], which 
provides a simplified and specific definition of the bandgap, which re-
sults from calculating a bandgap that meets the assumptions of the 
Shockley-Queisser theory [55]. This is called the Shockley-Queisser 
bandgap (SQ-Type bandgap); from here on, for simplicity, we refer to 
it as bandgap. 

2.3. Spectral indicators 

In the following, we present the common figures of merit that 
quantify the influence of the solar spectrum on PV performance. We 
present the most common spectral indicators in increasing order of the 
required inputs. Following Rodrigo et al. (2017) [23], we classify the 
indexes as PV device-dependent (i.e., they require relative EQE spec-
trum or device bandgap) and device-independent. To make spectral 
indicators comparable with previously reported values in the literature, 
we chose the integration limits accordingly. 

The most popular device-independent indicator representing the 
spectral distribution with a scalar value is the APE (in eV) [56,57]. The 
APE is defined as the integrated spectral irradiance of the solar spectrum 

divided by the integrated photon flux density as shown in Equation (1). 

APE =

∫ b
a Gexp(λ)dλ

q
∫ b

a ϕexp(λ)dλ
(1)  

ϕexp(λ) = Gexp(λ)
λ
hc

(2)  

where Gexp(λ) (in Wm-2nm− 1) is the wavelength-dependent measured 
irradiance, and ϕexp(λ) is the associated photon flux density (in m-2nm- 

1s− 1) described by Equation (2). We chose the range from a = 350 to b =

1050 nm. For this considered spectral range, the APE for the AM1.5G 
spectrum (APEAM1.5G) is 1.876 eV. Blue-rich spectra translate to values 
larger than that, and red-rich to smaller values. 

Another indicator agnostic of the PV device is the BF [22,23]. This 
index assumes that the blue portion of the spectrum is below 650 nm. 
Therefore, its definition represents the fraction of blue irradiation 
described by Equation (3). 

BF =

∫ 650
a Gexp(λ)dλ
∫ b

a Gexp(λ)dλ
(3) 

The BF for the AM1.5 G (BFAM1.5G) spectrum is 0.519 in the range 
from 350 to 1050, which is considered in the present work. A spectrum 
with a BF higher than BFAM1.5G corresponds to a bluer spectrum, a BF 

Fig. 2. (a) Relative Spectral response (relative SR) and the normalized spectral irradiance AM1.5G at the background. (b) 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) [54]. 
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below BFAM1.5G indicates a red-rich spectrum. 
The device-dependent UF indicator is defined as the ratio of the 

irradiance within the spectrally responsive range of the solar cell to the 
total measured irradiance [58]. The device-dependent index known as 
the Integrated Useful Fraction Ratio [23] 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 (4). 

UF
UF* =

∫ λg
c Gexp(λ)dλ
∫ λg

c Gref (λ)dλ

∫ d
c Gref (λ)dλ

∫ d
c Gexp(λ)dλ

(4)  

where λg is the wavelength corresponding to the bandgap. Gref (λ) (Wm- 

2nm− 1) represents the AM1.5G spectrum, and c and d are 280 and 4000 
nm, respectively, in the present work. 

As mentioned in the introduction section, one of the most repre-
sentative and widespread indices of spectral impact is the Spectral 
Mismatch Factor (SMM). The IEC 60904–7 standard [18] defines it as 

Fig. 3. APEannual as a function of the absolute value of location latitude. We added additional points for São Paulo and São José dos Campos from Neves et al. (2021) 
[37] and Miyazaki, Kusatsu, and Tsukuba from Chantana et al. (2020) [12]. For GTI data, the spectroradiometer tilt angle is indicated at each location. The dashed 
line represents the linear fit of all points and indicates the APEannual’s general trend with the absolute value of latitude. 

Fig. 4. Irradiation percentage distribution as a function of the APE (350–1050 nm) in intervals of 0.001 eV over 12 months at the nine locations obtained by the 
Kernel Density Estimation (KDE) method. Vertical lines represent APEannual. This Figure does not include the data from the tracked spectroradiometer in Albuquerque. 
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shown in Equation (5). We choose the range from 280 to 4000 nm to 
consider the broadest range of the solar spectrum. 

SMM =

∫ d
c SR(λ)Gexp(λ)dλ
∫ d

c SR(λ)Gref (λ)dλ

∫ d
c Gref (λ)dλ

∫ d
c Gexp(λ)dλ

(5) 

This device-dependent index represents an increase or decrease in a 

PV device’s short-circuit current produced by a specific broadband 
irradiance distributed conforming to an actual spectrum relative to that 
produced by the same broadband irradiance distributed conforming to 
the AM1.5G standard. Hence, SMM above/below one indicates a spec-
tral gain/loss. 

Since this study focuses on energy yield, we convert our instanta-

Fig. 5. SMMannual in nine locations for different PV technologies with their respective bandgap in parenthesis. The bars also indicate spectral gains/losses.  

Fig. 6. Linear relationship between IUF/IUF*
monthly and BFmonthly for six different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) CIGS 2, (f) sc-Si and (g) CIGS 

1. The grey dashed lines indicate the prediction interval. The vertical dotted line indicates BF for the AM1.5G spectrum. RSE and r are the residual standard error and 
the correlation coefficient, respectively. 
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neous calculated indicators to irradiance-weighted average indicators 
using Equation (6). 

< KPI >T =

∑NT
i=1KPIi × Gi
∑NT

i=1Gi
(6)  

where KPI is a Key Performance Indicator that represents our instanta-
neous spectral indicator, such as the APE, BF, UF/UF* and SMM. Gi (W/ 
m2) is the i-th recorded value of the integrated i-th spectral irradiance, 
Gexp(λ)i, associated with the i-th spectral indicator, T (day, month, year) 
is the period considered (such as daily, monthly or annual) and NT 
represents the respective number of measurements along T. Note that 
the so-called Integrated Useful Fraction Ratio (IUF/IUF*) [58] corre-
sponds to the weighted average irradiance (using Equation (6)) of the 
UF/UF*. A UF/UF* higher than one means that the measured spectrum 
has a higher fraction of useful irradiance than the reference spectrum. 
Note that the useful fraction is inaccurate as it overestimates the amount 
of irradiance absorbed by the device as it uses a step function for the SR 
instead of the device’s SR [24]. 

Additionally, we adapt two spectral indicators proposed in Rodrigo 
et al., 2019 [24]. Our adaptation focuses solely on calculating the 
weighted irradiance spectrum as described by Equation (7), thus 
reducing the computational effort of calculating additional averages and 
integrals. We consider the same spectral range (c = 280 and d =

4000 nm) as the abovementioned indicators. 

< Gexp > (λ) =
∑NT

i=1Gexp(λ)i × Gi
∑NT

i=1Gi
(7) 

The first index refers to the adapted Spectral Average Useful Fraction 

(for simplicity, we keep the notation SAUF), which presents the same 
expression as IUF/IUF* changing the measured instantaneous spectrum 
Gexp(λ) by the < Gexp > (λ) as represented in Equation (8). 

SAUF =

∫ λg
c < Gexp > (λ)dλ
∫ λg

c Gref (λ)dλ

∫ d
c Gref (λ)dλ

∫ d
c < Gexp > (λ)dλ

(8) 

The second index is called the adapted Spectral Enhancement Factor 
(for simplicity, we also keep the notation SEF) and has the same 
expression as the SMM, except replacing Gexp(λ) with the < Gexp > (λ) as 
expressed in Equation (9). 

SEF =

∫ d
c SR(λ)〈Gexp > (λ)dλ
∫ d

c SR(λ)Gref (λ)dλ

∫ d
c Gref (λ)dλ

∫ d
c < Gexp > (λ)dλ

(9)  

3. Results and analysis 

3.1. Spectral distribution variability and spectral impact assessment in the 
selected sites. 

In general, there is a trend for APEannual to decrease as the distance 
from the equator increases, as indicated by the dashed linear regression 
line in Fig. 3. Additionally, to our measured data, we added values re-
ported in previous studies to broaden the range of locations further. We 
notice that the higher-latitude sites with measured spectral GHI, Gai-
thersburg and Eugene, exhibit a slightly higher value of APEannual, i.e., 
spectra shifted to shorter wavelengths. Indeed, spectroradiometers in 
horizontal position located outside the tropics measure a higher content 
of blue light during principal daytime hours than if tilted to maximize 

Fig. 7. Linear relationship between IUF/IUF*
monthly and APEmonthly for six different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) CIGS 2, (f) sc-Si, (g) CIGS 

1. The grey 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. 
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annual irradiation collection. On the contrary, the sun-tracked spec-
troradiometer in Albuquerque sees less blue sky due to the higher red- 
light content of GNI compared to that of GTI. Other specific climatic 
conditions such as cloud cover, aerosols, humidity CO2, ozone, and the 
surrounding albedo, not studied here, contribute to the spectral distri-
bution variability in each location. Kusatsu, for instance, exhibits the 
highest GTI-associated APEannual, even higher than the GHI spectra in the 

other sites. Several studies refer to Kusatsu as a place with a particularly 
blue-rich spectral distribution [59,60]. This could be a result of a cloudy 
climate [61]. This factor apparently outweighs the influence of AM (and 
hence the latitude) at this location. 

Fig. 4 displays the percentage irradiation distribution for the annual 
data sets. Note that all spectra cover a wide range of APE s, which gives 
statistical significance to the results discussed below. As described in 
Section 3, we filtered GTI by the AoI to discard spectra with AoI above 
60◦, so that evening and morning hours with red-rich spectra in GTI 
were removed from consideration in this paper. All distributions in 
Fig. 4 show an asymmetry resulting in APE values at their maximum that 
differ from APEannual. In Gaithersburg, two maximums correspond to two 
different APE distributions, one below and the other one above its 
APEannual. The different degrees of skewness of the distributions origi-
nate from the seasonal variations of APE of each location, as can be 
understood from Figure S3 in the supplementary information. Figure S3 
shows the seasonal behavior of the APE for the six sites with GTI spectral 
data on different timescales: instantaneous, daily-, weekly-, monthly-, 
and annual-weighted. It helps to understand, for instance, that the 
nearly symmetric distribution of the APE values in Lima (Fig. 4) origi-
nates from the minor variabilities in Lima’s APE values throughout the 
year. Additionally, the APEmonthly variation throughout the year in 
Figure S3, i.e., the seasonal spectrum variation of GTI, increases when 
the latitude and the corresponding traveled AM for the selected sites 
increase. Accordingly, Grimstad shows the most significant seasonal 
variation in spectral distribution throughout the year. 

Fig. 5 shows the annual SMM and the corresponding annual spectral 
gains and losses (spectral Gain/Loss defined as 100%*(SMM − 1)) for six 
selected PV technologies. Qualitatively, some reported spectral gain and 
loss trends [6] for the abovementioned devices are notably verified in 
four sites: Lima, Gaithersburg, Eugene, and Madrid. The AM1.5G 

Fig. 8. Linear relationship between SMMmonthly (and spectral gains/losses) and APEmonthly for six different PV technologies: (a) a-Si: H, (B) Perovskite, (c) CdTe, (d) 
CIGS 2, (f) sc-Si and (g) CIGS 1. The grey 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 
List of empirical equations of the global linear regressions between SMMmonthly 
and APEmonthly. These equations can be used to calculate SMM using APE on a 
monthly and annual basis, potentially, for any location in the world. In addition, 
we show the approximate half-interval of the prediction interval calculated by 
assuming the prediction interval as a parallel line.  

PV 
Technology  

(Bandgap in 
eV) 

Linear Regression 
equation for SMM 

Half- prediction 
interval (10− 2) 

RSE 
(10− 3) 

r 

a-Si 
(1.84) 

1.5707eV− 1 ×

APE − 1.9452  
1.66  8.3  0.9808 

Perovskite 
(1.59) 

1.0497eV− 1 ×

APE − 0.9692  
1.23  6.2  0.9765 

CdTe 
(1.47) 

0.4102eV− 1 × APE +

0.2311  
1.20  6.0  0.8771 

CIGS 2 
(1.16) 

− 0.1580 eV− 1 ×

APE + 1.2977  
0.54  2.7  − 0.8406 

sc- Si 
(1.11) 

− 0.4755 eV− 1 ×

APE + 1.8933  
0.50  2.5  − 0.9812 

CIGS 1 
(1.08) 

− 0.3710 eV− 1 ×

APE + 1.6973  
0.48  2.4  − 0.9722  
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Fig. 9. Comparison of SMMmonthly vs APEmonthly linear regressions for real (Fig. 2.) and ideal EQEs (step-function EQEs) for six different PV technologies. The shaded 
area indicates 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. 

Fig. 10. Comparison in (a) slopes and (b) residual standard error (RSE) vs. PV materials’ bandgaps from the SMMidealEQE.
monthly and SMMmonthly with APEmonthly linear 

regressions. 
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reference represents an atmospheric condition predominantly found on 
mid-latitude sites. Thus, it is unsurprising that the highest magnitude of 
spectral gains/losses for all the PV technologies was observed in Lima, 
where this condition fits the least. The annual APE in this location is the 
highest, and the solar spectrum is blue-rich compared to the other lo-
cations’ distributions and the reference itself throughout the year. In 
Lima, there are almost no seasons. However, Fig. 5 shows – as was to be 
anticipated based on the spectral variation distributions in Fig. 4, that 
just the location latitude is not sufficient to forecast spectral effects on 
PV performance, since no trend is evident between latitude and spectral 
gains/losses. 

3.2. Interrelations between spectral indicators in order of input required 

Fig. 6 shows the relationship between IUF/IUF*
monthly and BFmonthly 

for the nine sites and six PV devices represented by their bandgaps. The 
dashed line marks the 95% prediction interval [62,63]. There is a strong 
correlation for all technologies with r ≥ 0.99. Below we propose three 
hypotheses that would support such a linear relationship:  

1. As described in the supplementary information (Supplementary note 
1), the mathematical expressions for UF/UF* and BF are proportional 
if not considering the limits of integration.  

2. The extrapolation method of Martin and Ruiz (1999) [47] assumes 
that the irradiance in the band above 1100 nm is proportional to the 
irradiance of the band from 700 to 1100 nm. Figure S1 shows that the 
latter assumption is valid in the range from 700 to 1050 nm since the 
integrated irradiance from 1050 to 1700 nm of the extrapolated 
spectrum by the Martin and Ruiz method is very similar to the 
measured irradiance in the same range. Hence, the spectral irradi-
ance could be proportional in different spectral bands. The UF/UF* 

with the BF, considering their integration limits, could present such a 
proportionality, especially for spectra in clear sky conditions. 
Consequently, the choice of integration limits would not break the 
linear relationship between these two spectral indicators.  

3. The calculation of the weighted average spectral indicators gives 
greater weight to the spectra recorded at higher irradiance. There-
fore, spectral measurements under clear sky conditions have higher 
contributions to the metrics UF/UF* and BF. This results in avoiding 
branching of the linear trend, sometimes observed for instantaneous 
values between similar metrics as in [14]. 

The RSE of the linear regressions for narrow bandgap technologies is 
lower by a factor of 3 to 4 compared to solar cells with wide bandgap, as 
variations in the spectra are expected in the high energy range. 

Note the global linear relationship for the IUF/IUF*
monthly with the 

APEmonthly, as shown in Fig. 7. Interestingly, the linear relationship has 
RSEs even lower than those obtained comparing IUF/IUF*

monthly vs. 
BFmonthly. This linearity is very convenient to predict IUF/IUF*

monthly. 
APEmonthly is an index that is often reported to quantify spectral distri-
butions. Additionally, as shown in Figure S4, the linear relationship 
remains well justified (r ≥ 0.98) even if monthly weighted integration is 
replaced with daily weighted integration. 

The SMM is one of the most frequently used spectral indicators for 

Fig. 11. SMMannual vs APEannual scatter plot on the SMMmonthly vs APEmonthly linear regression. The annual values are within the monthly weighted linear regression 
prediction interval. The shaded area indicates 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 3 
Spectral impact prediction sensitivity by using the equations from Table 2 to 
predict SMMannual, shown in Fig. 11.   

a-Si:H Perovskite CdTe CIGS 2 sc-Si CIGS 1 

RMSE (10− 3)  4.79  3.46  2.92  1.77  1.70  1.77 
MBE (10− 4)  6.76  3.96  2.69  1.63  1.54  1.35  
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energy yield calculations due to its intuitive interpretation. However, it 
is sensitive to different influencing factors that may introduce un-
certainties [15]. For instance, an important point is the lack of available 
wavelength range in the instruments from which spectral measurements 
are taken. This work uses spectral irradiance from 280 to 4000 nm to 
reduce that uncertainty. 

As reported in the introduction section, the SMM and APE (monthly 
weighted) demonstrated a linear relationship in prior studies when 
analyzed at a particular location. In Fig. 8, we show that the linearity 
between SMMmonthly and the APEmonthly is indeed global (see Figure S5 for 
the daily weighted values). Again, the RSE increases for wider bandgap 
PV technologies. We summarize the equations resulting from the global 
linear regressions in Table 2, where we added the estimate of the half- 
interval of the prediction interval by fitting the prediction interval 
with parallel lines to the SMMmonthly and the APEmonthly linear regression. 
This value expressed in percentage (× 100%) indicates the half-interval 
in terms of energy gains and losses. 

Comparing Fig. 8 with Fig. 7, we note that IUF/IUF* distorts the 
trend in spectral gains and losses for CIGS and sc-Si technologies re-
ported in the present work. As expected, IUF/IUF* by itself does not 
adequately represent spectral effects. By definition, this indicator uses a 
unitary SR which translates into a hyperbolically shaped EQE [64], 
vastly different from the typical PV device EQE. 

We list three reasons that influence the linearity between SMMmonthly 
and APEmonthly in the ideal case (the EQE being a step function, see 
supplementary note 1 and Figure S6), despite the different integration 
ranges:  

1. SMMideal and APE are proportional as indefinite integrals.  
2. The relationship between the integration of different parts of the 

spectrum is linear, similar to the observation for IUF/IUF*
monthly and 

BFmonthly. In addition, Kataoka et al. (2014) [29] showed that the APE 
for different integration ranges such as the bands 450–500 nm with 
800–850 nm can preserve linearity with the APE in the range of 350 
to 1050 nm. This observation could contribute to this hypothesis.  

3. Same as for IUF/IUF*
monthly and BFmonthly, the linear relationship is 

supported by irradiance-weighting the SMMmonthly and APEmonthly. 

Finally, a measured relative EQE in calculating SMM increases the 
linear relationship dispersion depending on the losses of the experi-
mental relative EQE compared to the ideal solar cell. 

Fig. 9 compares linear regressions for ideal (red) and realistic (green) 
relative EQEs. For high-bandgap absorbers (a-Si:H, perovskite, CdTe), 
realistic devices show lower slopes than ideal ones, which means lower 
sensitivity of SMMmonthly towards APEmonthly changes. On the other hand, 
low-bandgap devices exhibit negative slopes that are more significant 
for realistic devices than ideal ones. This indicates a more considerable 
sensitivity of the SMMmonthly towards APEmonthly changes for realistic 
devices. For all devices we observe that the SMMmonthly for realistic de-
vices is larger than for ideal ones for APEmonthly values below APEAM1.5G. 
This may indicate, that realistic devices exhibit more significant relative 
EQE losses in the lower wavelengths than in larger wavelengths, 
consequently enhancing SMMmonthly for smaller APEmonthly, and dimin-
ishing it for larger APEmonthly. 

Furthermore, the change of the slopes when going from higher to 
lower bandgap indicates that there possibly exists a device with a 

Fig. 12. Comparison between the two bandgap-dependent indicators: SAUFmonthly and IUF/IUF*
monthly for six different PV technologies, using experimental data from 9 

locations. The dashed line represents the identity SAUFmonthly = IUF/IUF*
monthly. RMSE and MBE are the Root Mean Square Error and the Mean Bias Error, respectively. 
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bandgap and EQE that results in a constant SMMmonthly, independent of 
APEmonthly. The CIGS 2, which demonstrates the lowest slope, approxi-
mates to such a device that would be insensitive to spectral changes. 

In Fig. 10, we compare the slopes and RSE as functions of the 
bandgap energy for the monthly SMM and APE linear regressions with 
an ideal (SMMidealEQE.

monthly ) and realistic EQE. In Fig. 10(a), we notice a 
threshold value around 1.2 eV in the case of an ideal EQE, for which, 
above 1.2 eV, the slopes increase positively while below 1.2 eV the 
negative slopes decrease as the bandgap increases. In addition, slopes 
associated with real relative EQE of c-Si and CdTe exhibit a more sig-
nificant deviation from the ideal ones. However, in Fig. 9, the wide 
prediction interval for CdTe decreases the gap between the results based 
on theoretical and measured relative EQE. In contrast, the narrow range 
of the c-Si prediction interval increases the difference between the re-
sults for an actual and an ideal case when trying to predict the spectral 
impact. 

On the other hand, Fig. 10(b) shows the increasing RSE as the 
bandgap energy increases for the ideal cases. We further note that these 
RSEs underestimate the RSEs for realistic relative EQEs except for 
Perovskite, where the ideal RSE overestimates the RSE for measured 
relative EQE. 

In Fig. 11, we have superimposed a scatter plot of the SMMannual 
versus APEannual with the limits of the calculated prediction intervals of 
the monthly weighted linear regression. Good agreement with the linear 
trend and the fact that they are all within the prediction interval con-
firms our ability to predict the spectral effects using only APEannual and 
the equations in Table 2. Additionally, as a test, we evaluate the pre-
dictive capability of the SMMannual for São Paulo and São Jose dos 

Campos based on their APEannual reported in Neves et al. (2021) [37]. We 
also show that the prediction intervals of our general monthly weighted 
linear relationship harbor those reported values. Table 3 summarizes the 
prediction sensitivity through the RMSE and the MBE. 

Finally, we evaluate the suitability in predicting the IUF/IUF* and 
irradiance weighted MM of two additional spectral energy indicators, 
SAUF and SEF, respectively. Both require the calculation of an average 
solar spectrum instead of the instantaneous spectra as indicated in 
Equation (7) (see Figure S7 for observing the average monthly weighted 
spectra in the nine locations), saving computational time. However, to 
make SAUFmonthly and SEFmonthly interchangeable with IUF/IUF*

monthly 

and SMMmonthly, respectively, requires careful attention to the associated 
uncertainties that arise from calculating these two additional indicators, 
which is outside this work’s scope. Rodrigo et al. (2019) [24] analyze 
these last two indicators using synthetic spectra. However, in this work, 
we show their direct comparison with their respective associated in-
dicators based on measured spectral data for different latitudes and 
climates. 

Fig. 12 shows the relationship between the SAUFmonthly and the 
IUF/IUF*

monthly. The RMSE is comparable to the IUF/IUF*
monthly’s RSE in 

its linear relationship with the APEmonthly (Fig. 7) and, both indices show 
similar trends for all technologies. Additionally, positive MBE indicates 
that the SAUFmonthly generally slightly overestimates the IUF/IUF*

monthly 

values for all cases. 
Similarly, Fig. 13 shows the relationship between SEFmonthly and 

SMMmonthly. In this case, the RMSE values are lower than the RSE indi-
cated in Fig. 8, except for sc-Si and CIGS 1. While the positive MBE 
expresses that the SEFmonthly generally overestimates the SMMmonthly for 

Fig. 13. Comparison between the two EQE-dependent KPIs: SEFmonthly and SMMmonthly for six different PV technologies, using experimental data from 9 locations. The 
dashed line represents the identity SEFmonthly = SMMmonthly. RMSE and MBE are the Root Mean Square Error and the Mean Bias Error, respectively. 
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wider bandgaps, the opposite occurs for narrow bandgaps. These results 
show that the SEFmonthly provides a reasonable estimation of the 
SMMmonthly. 

4. Conclusions 

We analyzed the interrelationships between different spectral in-
dicators based on ground-based spectral GTI, GHI, and GNI data from 
nine sites worldwide. We studied latitude as an implicit variable of the 
spectral distribution and observed a general decreasing trend of the 
APEannual as the absolute value of latitude increases. Due to the impact of 
the latitude on the seasonal AM variation, higher seasonal spectrum 
variation in GTIs was observed in locations further away from the 
equator. We reviewed the general relationship between the 
IUF/IUF*

monthly and the BFmonthly. These two indicators exhibit a linear 
relationship. The IUF/IUF*

monthly is also linear to the APEmonthly with even 
a lower RSE than for the linearity to BFmonthly. 

As the main contribution of this paper, we demonstrate a linear 
relationship between SMMmonthly and APEmonthly considering global 
spectral data from the nine sites. This linear relationship allows for a 
direct estimation of the spectral impact on a monthly or annual basis. 
The linear relation between the SMMmonthly and APEmonthly also allows 
calculating the value of SMMannual directly from APEannual, thus revealing 
that the spectral effects on PV performance for the studied PV technol-
ogies would require only the spectral information represented by the 
weighted APE. As publically accessible online databases with experi-
mental and synthetic spectral information, such as the National Solar 
Radiation Database, become more available, relying on weighted APE 
instead of complete spectral data would significantly reduce costs and 
computational resources to estimate the spectral performance impact. 

Finally, the two indicators, SAUF and SEF can be used as reasonable 
estimates for IUF/IUF* and the irradiance-weighted SMM, respectively. 
As alternative indicators, the SAUF and SEF require only averaged 
spectra and can, thus, reduce the computational effort to estimate the 
IUF/IUF* and the irradiance-weighted SMM. 
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de la Casa, J., 2021. Spectral effects on the energy yield of various photovoltaic 
technologies in Lima (Peru). Energy 223 120034. 

[52] Holmgren, F., Hansen, W.C., A. Mikofski M,, 2018. Pvlib Python: a Python Package 
for Modeling Solar Energy Systems. J. Open Source Softw. 3, 884. 

[53] Herrmann, W., Nixdorf, I., Bonilla Castro, J., 2020. Uncertainty of PV Module 
Energy Rating Caused by Spectral Effects. 37th Eur Photovolt. Sol. Energy Conf. 
Exhib. 816–821. 

[54] Rau, U., Blank, B., Müller, T.C.M., Kirchartz, T., 2017. Efficiency Potential of 
Photovoltaic Materials and Devices Unveiled by Detailed-Balance Analysis Phys. 
Rev. Appl. 7, 1–9. 

[55] Shockley, W., Queisser, H.J., 1961. Detailed balance limit of efficiency of p-n 
junction solar cells. J. Appl. Phys. 32, 510–519. 

[56] Jardine, C., Betts, T., Gottschlg, R., Infield, D.G., Lane, K., 2002. Influence of 
spectral effects on the performance of multijunction amorphous silicon cells. 17th 
Eur. Photovolt. Sol. Energy Conf. 44, 2–5. 

[57] Williams, S.R., Betts, T.R., Helf, T., Gottschalg, R., Beyer, H.G., Infield, D.G., 
Modelling long-term module performance based on realistic reporting conditions 
with consideration to spectral effects, in: 3rd World Conference onPhotovoltaic 
Energy Conversion, 2003. Proceedings of, vol. 2, 2003, pp. 1908–1911. 

[58] Eke, R., Betts, T.R., Gottschalg, R., 2017. Spectral irradiance effects on the outdoor 
performance of photovoltaic modules Renew. Sustain. Energy Rev. 69, 429–434. 

[59] Minemoto, T., Toda, M., Nagae, S., Gotoh, M., Nakajima, A., Yamamoto, K., 
Takakura, H., Hamakawa, Y., 2007. Effect of spectral irradiance distribution on the 
outdoor performance of amorphous Si//thin-film crystalline Si stacked 
photovoltaic modules. Sol. Energy Mater. Sol. Cells 91, 120–122. 

[60] Minemoto, T., Nagae, S., Takakura, H., 2007. Impact of spectral irradiance 
distribution and temperature on the outdoor performance of amorphous Si 
photovoltaic modules. Sol. Energy Mater. Sol. Cells 91, 919–923. 

[61] Nakada, Y., Takahashi, H., Ichida, K., Minemoto, T., Takakura, H., 2010. Influence 
of clearness index and air mass on sunlight and outdoor performance of 
photovoltaic modules. Curr. Appl. Phys. 10. S261–S264.  

[62] Hyndman, R.J., Athanasopoulos, G., Forecasting: principles and practice, 2nd 
edition, OTexts: Melbourne, Australia. OTexts.com/fpp2. 

[63] Seabold, S., Perktold, J., 2010 Statsmodels: Econometric and Statistical Modeling 
with Python Proc. 9th Python Sci. Conf. 

[64] Meydbray, J., Riley, E., Dunn, L., Emery, K., Kurtz, S., 2012. Pyranometers and 
Reference Cells: Part 2: What Makes the Most Sense for PV Power Plants? PV Mag, 
108 – 10.  

M.A. Sevillano-Bendezú et al.                                                                                                                                                                                                                

http://refhub.elsevier.com/S0038-092X(23)00312-2/h0125
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0125
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0125
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0130
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0130
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0130
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0140
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0140
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0140
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0145
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0145
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0145
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0150
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0150
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0150
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0150
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0155
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0155
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0155
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0160
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0160
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0160
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0165
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0165
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0165
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0165
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0170
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0170
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0170
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0170
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0175
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0175
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0175
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0180
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0180
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0180
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0185
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0185
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0185
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0190
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0190
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0190
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0200
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0200
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0200
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0200
https://pvpmc.sandia.gov/download/7984/
https://pvpmc.sandia.gov/download/7984/
https://doi.org/10.18434/M3S67G
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0230
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0230
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0230
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0235
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0235
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0240
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0240
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0240
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0245
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0245
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0245
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0250
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0250
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0250
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0255
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0255
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0255
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0260
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0260
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0265
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0265
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0265
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0270
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0270
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0270
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0275
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0275
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0280
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0280
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0280
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0290
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0290
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0295
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0295
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0295
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0295
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0300
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0300
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0300
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0305
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0305
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0305
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0320
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0320
http://refhub.elsevier.com/S0038-092X(23)00312-2/h0320

	Predictability and interrelations of spectral indicators for PV performance in multiple latitudes and climates
	1 Introduction
	2 Methodology
	2.1 Experimental data acquisition and pre-processing
	2.2 PV technologies
	2.3 Spectral indicators

	3 Results and analysis
	3.1 Spectral distribution variability and spectral impact assessment in the selected sites.
	3.2 Interrelations between spectral indicators in order of input required

	4 Conclusions
	Declaration of Competing Interest
	Acknowledgments
	Appendix A Supplementary data
	References


