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HIGHLIGHTS

« Methodology for classifying typical days based on irradiance patterns.

« Comparison between clearness and clear sky indices for weather class identification.
« Statistical approach based on data clustering to validate day classification.

« Data collection from locations with different latitudes and PV system configurations.
« Comparison of different energy conversion models to estimate the PV power output.

ARTICLE INFO ABSTRACT

Keywords: In the literature, many contributions compare the effectiveness of different energy models for photovoltaic (PV)

Clearness index generators in specific installation sites. Most techniques are analytical or based on electrical equivalent circuits.

Clear sky index However, only a few works investigate the performance of the models in different weather classes. The parameter

Energy models mostly used to classify the days into weather categories is the clearness index. An alternative parameter is the

\(/:\;ea:he.r classification clear sky index. However, information about their values and ranges in different weather conditions is missing in
ustering

the literature. This paper is based on data gathered in Italy, Brazil and Portugal, at different latitudes, with fixed
and sun-tracking configurations of the PV generators, and for different weather conditions, and has a twofold
objective. First, the clearness index is shown to be inappropriate to represent general situations, while the clear
sky index is suitable to identify consistent ranges that represent different sunny, partly cloudy and cloudy days,
at different latitudes and PV configurations, by using a clustering procedure. Next, the effectiveness of the PV
energy conversion models for different installation sites is evaluated, showing which model is more suitable for
each site and type of day. In this context, a model based on single diode model is proposed, formulated after
numerically determining the parameters of the equivalent circuit. The parameters under reference conditions
and the coefficients of the equations that quantify the dependency on weather conditions have been numerically
optimized starting from experimental datasets of PV modules.

Polito model

1. Introduction (PV) plants are among the most widespread RESs thanks to their high
lifetime and reliability [2], low maintenance requirements [3], and pos-
itive impact on reducing the frequency of voltage sags in the grid [4].
Currently, one line of research in this field consists of developing mod-
els to assess the irradiance availability in sites without measurements
for future PV production [5]. Another line refers to the identification of

Nowadays, the global energy consumption has increased signifi-
cantly due to factors like population growth and urbanisation. In this
context, the adoption of Renewable Energy Systems (RES) has become
fundamental to supply the increasing energy demand while limiting
the polluting emissions, driving the energy transition [1]. PhotoVoltaic
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Nomenclature

List of acronyms

ABC All Back Contact

ASHRAE American Society of Heating, Refrigerating and Air-
Conditioning Engineers

CDF Cumulative Distribution Function

HJT Heterojunction

m-Si Monocrystalline silicon

MBE Mean Bias Error (%)

MPP Maximum Power Point

NOCT Nominal Operating Cell Temperature (K)

p-Si Polycrystalline silicon

PoA Plane of Array

PV Photovoltaic

PVGIS PhotoVoltaic Geographical Information System

RES Renewable Energy Systems

N RM S E Normalized Root Mean Square Error (%)

SAM System Advisor Model

SDM Single Diode Model

STC Standard Test Conditions

TOPCon Tunnel Oxide Passivated Contact

List of symbols

A Empirical coefficient of ASHRAE model (-)

Apra Empirical coefficient of ASHRAE model for the site in Brazil
(W/m?)

Agam Empirical coefficient of SAM model (-)

a; ; Average distance between the i point and the elements of
the same jt cluster (-)

B Empirical coefficient of ASHRAE model (-)

Bg;a Empirical coefficient of ASHRAE model for the site in Brazil
)

Bsam Empirical coefficient of SAM model (-)

b; ; Minimum average distance between the i™ point of the j®
cluster and the elements of the closest cluster (-)

Cira Seasonality corrective coefficient of the ASHRAE model for
the site in Brazil (-)

E, Energy gap (eV)

Egstc  Energy gap at STC (1.121 eV)

fx PV power estimated by the model at £t instant (W)

G Solar irradiance (W/m?)

Glow Threshold irradiance in the Park model (150 W/m?)

Gnocr  Irradiance at Nominal Operating Cell Temperature condi-
tions (800 W/m?)

Ggrc Irradiance at STC (1000 W/m?)

Gr PoA irradiance (W/m?)

Grear  Clear sky irradiance on a tilted surface (W/m?)

Hg, Extraterrestrial irradiation (W/m?2)

H, Global irradiation (W/m2)

Hygear  Clear sky irradiation (W/m?)

hy Solar altitude (°)

I Current in the PV module (A)

I Reverse saturation current (A)

Iy stc Reverse saturation current at STC (A)

Inpp,stc  MPP current at STC (A)

Iph Photogenerated current (A)

Ihstc  Photogenerated current at STC (A)

I stc  Short-circuit current at STC (A)

kg Boltzmann constant (1.38 - 10723 J/K)
ke Clear sky index (-)
kg Irradiance-dependent term in the equation of the series

resistance (-)

kr Clearness index (-)

N Number of data (-)

N, Number of groups in the clustering technique (-)

Ny Number of days of the experimental campaign (-)

N, Number of series-connected cells in a module (-)

n Diode ideality factor (-)

ng Constant term in the polynomial approximation of » (-)

ng Irradiance-dependent term in the polynomial approxima-
tion of n (m?/W)

nr Temperature-dependent term in the polynomial approxi-

mation of n (1/K)
Prom Nominal PV power (W)

Ppy PV power (W)

Pstc PV power at STC (W)

q Charge of electrons (~ 1.6-1071° C)

R? Coefficient of determination (-)

Ry Series resistance (Q)

R s1c Series resistance at STC ()

Ry, Shunt resistance (Q)

Ry stc  Shunt resistance at STC (Q)

r; Number of points in the j™ cluster (-)

S Surface of the PV generator (m2)

S, Average silhouette (-)

Sij Local silhouette coefficient of the /" point in the j® cluster
)

Tair Air temperature (K)

Tairnocr Air temperature at NOCT conditions (293.15 K)

Tpy Photovoltaic module temperature (K)

Tstc Module temperature at STC (298.15 K)

|4 Voltage of the PV module (V)

Ve Wind speed (m/s)

Vi Voltage of the p-n junction (V)

Vinpp,stc  MPP voltage at STC (V)
Voestc  Open-circuit voltage at STC (V)

w Module assembly parameter (-)

y Average PV power from measurements over the period
under analysis (W)

Vi Measured PV power at ith instant (W)

ag, Temperature coefficient of short-circuit current (%/K)

ﬁv‘,c Temperature coefficient of voltage (%/K)

y Temperature coefficient of maximum power (%/K)

AT Temperature difference between Tpy and Tgre (K)

ATgpay  Temperature difference between irradiated cells and their
dark surface in the SAM model (K)

py Conversion efficiency of the PV module (%)

nom Nominal conversion efficiency of the PV module (%)

0 Angle between the normal to the surface and the incident
irradiance (°)

0, Tilt angle of a surface with respect to the horizontal plane
)

0, Zenith angle (°)

accurate energy conversion models to estimate the PV production based
on irradiance and other environmental measurements.

In the literature, many techniques have been proposed to accurately
predict PV power over a given time period [6], with the development of

probabilistic techniques [7]. A detailed review of PV power prediction
methods is outside the scope of this paper. However, a short description
of the models currently used in the literature is presented to highlight
the novelty of this work. The work [8] carried out a comparison of
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analytical energy models for an installation site in Brazil, highlight-
ing the overestimation of PV power by models that do not take into
account the modules’ temperature variation. The models with best per-
formance were then applied to evaluate PV reliability [9]. The authors
in [10] compared the physical models required for PV power prediction
in Hungary, and the energy models under analysis were analytical or
based on the Single Diode Model (SDM) [11]. The works [12,13] com-
pared the energy estimated by five analytical techniques for PV modules
with different technologies installed in Spain. The analyses carried out in
these works rely on the application of analytical or diode-based models.

The analytical models estimate the PV production at the Maximum
Power Point (MPP) without providing any information regarding the
other operating points of the current-voltage (I-V) curve [14,15]. These
models are based on equations that do not require numerical methods
for their solution, with a negligible computational burden. However,
their accuracy is strongly affected by the technology and electrical char-
acteristics of PV modules under test as these models include empirical
coefficients that are valid for specific modules only.

On the contrary, the diode-based models rely on electrical equivalent
circuits [16]. These models permit achieving higher accuracy of power
estimation with respect to analytical models, and the whole I-V curve
of the PV generators can be determined for any operating condition.
The main drawbacks of diode-based models concern the high computa-
tional burden required to solve their implicit equations and the need to
know the parameters of the equivalent circuits at reference conditions,
as well as the dependency of each parameter on weather conditions. The
knowledge of reference parameters and weather-dependent equations is
required to trace the I-V curve of PV modules at any operating condi-
tion. However, despite these aspects being fundamental, very few papers
in the literature provide quantitative estimations based on experimental
studies, and most of them use reference parameters assumed by old re-
search works. In addition, the coefficients of equations used to estimate
the parameters under real conditions are not provided, with the risk of
considering values valid for old modules with outdated cell technologies
only.

Some works investigated the effectiveness of energy models for days
with different weather conditions. The classification of the days can
be qualitative or quantitative: in the first case, the days are manually
classified by observing the shape of the daily irradiance profile. This
is possible with low number of days under analysis. On the contrary,
studies with a quantitative classification rely on clustering techniques to
group the days of the campaign into different classes. The clearness index
[17] and the clear sky index can provide information about the clear-
ness of a day; however, information about their values and ranges for
different weather conditions is currently missing in literature. Other in-
dices are based on power measurements compared with simulated power
outputs from clear-sky and PV array performance models [18].

The paper also presents a model that is an extension, for different
datasets and solar cell technologies, of that proposed in [19], which is
based on equivalent circuits, here named Polito model. This model in-
cludes sets of reference parameters that are determined for PV modules
with different cell technologies, rated power, and manufacturing years.
In addition, the model includes analytical equations to estimate the
parameters under variable weather conditions, with their coefficients
being the result of numerical optimizations on experimental measure-
ments. The procedure used to identify the sets of reference parameters
and coefficients is presented in [19]. The model is validated for different
latitude locations, subject to different weather conditions (Brazil, Italy
and Portugal) using a statistical approach based on data clustering. In
this context, a methodology for classifying typical days based on irra-
diance patterns (as sunny, partly cloudy and cloudy days) is proposed
to evaluate the performance of the energy conversion models in specific
weather classes. The adequacy of using the clear sky index for a global
classification is evaluated.

The next sections of this paper are organized as follows. Section 2
presents the general structure of the proposed methodology. Section 3
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discusses the theoretical background of each step of the methodology.
Section 4 describes the PV systems and the experimental campaigns
considered in this analysis. Section 5 presents the results after the ap-
plication of the methodology to the three installation sites under study.
Section 6 contains the conclusions.

2. Proposed methodology

This section presents a methodology to evaluate the performance of
the energy models for the installation sites analyzed.

The methodology includes two procedures. The first procedure
(“Classification in three weather categories and application of energy
models”), permits to classify the days of an experimental campaign
into three weather classes, corresponding to sunny, partly cloudy and
cloudy days, previously determined through the clustering of clear sky
indices. Hence, this procedure permits the evaluation of the effectiveness
of energy models for installation sites with different latitudes, sun-
tracking configurations, and weather conditions. The second procedure
(“Application of energy models to global data and mutual compari-
son”), compares the different energy models under study and permits
the identification of the most accurate model for each installation site.

The flowchart of the methodology is presented in Fig. 1 and consists
of the following steps:

« Step 1 - Acquisition of tilted irradiance from measurements and
databases. The two procedures require the knowledge of the global
Plane of Array (PoA) irradiance Gr, i.e., the irradiance reaching a
tilted surface with the same inclination of the PV modules with re-
spect to the horizontal plane. This step aims to collect profiles of PoA
irradiance for each PV system under study from measurements and
from databases.
Step 2A - Selection of the model for clear sky irradiance estimation.

Several models are proposed in the literature to estimate the ir-
radiance under clear sky conditions for specific site and installation
conditions. These models are summarized in the work [20] with in-
dication of their inputs. In this step, the most adequate clear sky
model is selected considering the information available for the anal-
ysis. Two parameters commonly used to perform the classification
of days into different weather classes are the clearness and the clear
sky indices.

The clear sky index has been selected for the reasons indicated in
Section 3.2.
Step 3A - Evaluation of daily clear sky index. This step evaluates the
clear sky indices for each day of an extended dataset that contains
the daily clear sky indices for a multi-year period, considering the
locations corresponding to the experimental datasets.
Step 4A - Clustering of daily indices and identification of ranges. The
dataset of each location under study is divided into the three groups,
corresponding to sunny, partly cloudy and cloudy days, by adopt-
ing an adequate clustering technique. Moreover, this step evaluates
the possibility of identifying general ranges of clear sky indices to
represent the different types of days for each location.
Step 5 - Selection of energy conversion models. Most of the techniques
used in the literature to estimate the PV energy production are
analytical equations with semi-empirical coefficients. Nevertheless,
advanced electrical models are becoming widely used in the research
field and in commercial software. This step identifies the energy con-
version models most suitable for assessing the PV energy starting
from input variables like solar irradiance, air temperature, and wind
speed. The two procedures of the methodology use these energy mod-
els to evaluate their effectiveness in different weather conditions and
select the best model for energy estimation by comparison of global
results.
Step 6A - Application of energy conversion models to clustered datasets.
The selected energy conversion models are applied to the three clus-
tered datasets of each installation site, and their effectiveness in the
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Classification in three weather
categories and application of
energy models
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Application of energy models
to global data and mutual
comparison
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Fig. 1. Structure and steps of the proposed methodology.

different weather categories is evaluated through the calculation of
proper indicators.

« Step 6B - Application of energy conversion models to global datasets. The
selected energy conversion models are applied to the global datasets
of each location, and their accuracy is assessed by comparing proper
indicators.

3. Theoretical background

This section presents the theoretical background for each step of the
methodology described in the previous section.

3.1. Selection of the model for clear sky irradiance estimation

The ASHRAE model is one of the most common models used to es-
timate the clear-sky irradiance reaching a surface with an inclination
relative to the horizontal plane. The global clear-sky irradiance on a
surface with tilt angle 6, relative to the horizontal plane (Gr e, is
estimated by the ASHRAE model as follows:

B
= " cosfy
Grglear = A-cOs0cos0, -e <0z

(€))
where A and B are empirical coefficients whose values are affected by
the month of the year [21], 6, is the zenith angle (i.e., the angle between
the incident irradiance and the vertical plane), A is the solar altitude
(i.e., the angle between the terrain and the incident global irradiance)
and is the complementary angle to 6,, and 6 is the angle between the
normal to the surface and the incident irradiance (Fig. 2).

In the literature, more complex models are available for assessing
the clear sky irradiance, as in [20]. However, in this methodology, the
ASHRAE model is suggested due to its good trade-off between high
accuracy and simplicity.

3.2. Evaluation of the daily indices

Two indices permit quantifying the degree of clearness for a day: the
clearness index ky and the clear sky index k.

|
g 1

4 )
o\ N
CNE

RN | PV module
h N

A
//////terrain

Fig. 2. Solar angles.

For a specific inclination and time period, the clearness index is
defined in the following way:

kr=H,/H

g/ Hex

@

where H, is the global irradiation, and H,, is the extraterrestrial irra-

diation. The clearness index is a stochastic variable that can be defined

by using probability distributions based on the meteorology [22].
Conversely, the clear sky index is defined as follows [23]:

ke = Hg/Hg,clear 3

where H, ., is the clear sky irradiation. This index can be defined for
different time frames. The work [23] defines this parameter as the ratio
between irradiances; however, the daily clear sky index is, generally, cal-
culated for this type of analyses as the ratio between irradiation values.
The clearness index can be determined at different time steps as well.
For a fixed photovoltaic plant, the clearness index ranges from 0 to 1
[24,25]. However, the validity of using the clearness index might be lim-
ited in PV installations with sun-tracking systems, because values higher
than unity could be reached depending on the type of sun-tracking op-
tion considered. The clear sky index ranges from 0 to 1 also in case of
sun-tracking PV installations and as such is appropriate for generalized
comparisons. For this reason, the clear sky index is used in this paper
and is determined for each day.
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3.3. Clustering of daily indices and identification of ranges

Let us consider the daily values of the clear sky index obtained over
a long period of time (e.g., N4 days spanning several years). From these
data, the N, days are partitioned into N, groups by using a clustering
technique. The number of groups is user-defined. In particular, without
loss of generality, N, = 3 types of days are considered in this paper,
corresponding to sunny, partly cloudy and cloudy days.

The main goal is to identify possible ranges of variation of the clear
sky index that can be considered as a common ground under different
conditions. The following procedure is used:

Apply a clustering algorithm whose execution depends on random
number extractions, such that different results may be obtained for
different executions and a statistical analysis of the results can be
applied.

For a given PV site, run the clustering algorithm for a statistically
significant number of executions and construct the cumulative distri-
bution functions (CDFs) of the limits of the intervals between cloudy
and partly cloudy days, as well as between partly cloudy and sunny
days. From the results, determine the ranges of the three types of
days that can be interpreted (using a terminology borrowed from
fuzzy logic) as membership degrees for each type of day.

Repeat the calculations for different PV sites to obtain a set of results
for each site.

Compare the results obtained from the different sites and synthesize
the ranges of the three types of days with global membership degrees.

The choice of the clustering technique and the assessment of the
effectiveness of the results by using an appropriate clustering validity
indicator are illustrated in the sequel.

3.3.1. Clustering technique
Among the many clustering algorithms available, the k-medoids
algorithm has been selected, for the following main reasons [26]:

1. The algorithm is based on random number extractions and enables
the user to conduct a statistical analysis based on a significant
number of executions.

2. Each cluster is represented by a medoid, that is, the actual clear
sky index closest to the average clear sky index determined for the
days clustered into the same group, as the average clear sky index
could not correspond to any actual value.

3. The kmedoids algorithm is robust to the presence of outliers or
noise in the data.

3.3.2. Clustering validity indicators

The clustering validity indicator considered is the average silhouette
S, [27], evaluated by computing the local silhouette coefficients s, ; for
each cluster j = 1,..., N, that contains r; points:

1 G/l %
Si= 2 (5 Xs) @
N, j=1 "7 =1
The local silhouette coefficient s, ; of the ith point of the j cluster is
evaluated according to the following equation:
b. . —a.

) L
_ (5)
max{bi’j, a; }

Sij
where g, ; is the average distance between the i point and the elements
of the same j!" cluster, and b; ; is the minimum average distance between
the i point of the j® cluster and the elements of the closest cluster to
the ji cluster.

The local silhouette coefficients vary from —1 to 1, with higher val-
ues corresponding to appropriate location of the day in the cluster to
which it has been assigned. For the average silhouette index, indica-
tively, values higher than 0.7 represent a strong clustering structure,
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values higher than 0.5 a reasonable clustering structure, while val-
ues lower than 0.5 (including negative values) represent weak or poor
clustering structures.

3.4. Selection of the energy conversion models

In the literature, many irradiance-to-power models permit to deter-
mine the PV power starting from the incident solar irradiance. This
subsection describes the most common models in the literature, namely
the Osterwald [28], Park [29], SAM [30] and Skoplaki [31] models.
In addition, a model proposed by Politecnico di Torino, called “Polito
model”, is included in this description.

3.4.1. Polito model

The I-V curve of PV modules can be described by electrical equivalent
circuits with a number of parameters ranging between three and nine.
The Single Diode Model (SDM) is a good compromise between high ac-
curacy and low computational burden [11] and its equation at cell level

[16] is the following:
[=[ph_]0.<exp<q—%>_1>_w 6)
n-kg - Tpy Ry

where q is the charge of electrons (~ 1.6 - 1071° C), kg the Boltzmann
constant (1.38-10723 J/K), Viis the p-n junction voltage, Tpy is the module
temperature expressed in K, I, is the photogenerated current, I, is the
reverse saturation current, n is the diode ideality factor, R, is the series
resistance, and R, is the shunt resistance. As the resistances are affected
by the number of cells N, in a module, their values at the module level
are obtained by multiplying the cell resistances by N..

SDM-based models determine the power of PV modules starting from
the knowledge of the SDM parameters. However, these quantities are af-
fected by weather conditions like irradiance and air temperature, and,
for each parameter, the quantitative knowledge of such a dependency
is required to trace the I-V curves of PV modules under any operating
condition. In particular, SDM-based models require the knowledge of
the parameters at reference conditions, as well as coefficients to quan-
tify their dependency on irradiance and module temperature. However,
most of the models proposed in the literature might be effective for old
modules with old cell technologies only. This might be due to the source
of sets of reference parameters and coefficients since these models are,
generally, formulated starting from old research works.

On the contrary, the Polito model includes sets of reference parame-
ters that are determined for PV modules with different cell technologies,
rated power, and manufacturing years. In addition, the model includes
analytical equations to estimate the parameters under variable weather
conditions, with the coefficients of such equations being the result of nu-
merical optimizations based on experimental measurements. The Polito
model consists of Egs. (6)-(11) and the coefficients (I, src, Lo, stcs> Mo
ng, nt, Ry stes krss and Ry, stc) are identified by following the proce-
dure reported in [19], where the model was applied to a high-efficiency
PV module with all-back contact monocrystalline silicon technology.

The equations describing the dependency of each equivalent cir-
cuit’s parameter on weather conditions in the Polito model are as
follows [32]:

Gr
Gsre

Iy = Ippstc - [1 +a_ - (Tpy — TSTC)] : 7
where ¢  is the temperature coefficient for short-circuit current, Tgyc is
298.15K, Gy is PoA irradiance (W/m?), Ggyc is 1000 W/m?, and Iy, src
is the photogenerated current at Standard Test Conditions (STC);

Tpv 3 Eg,STC Eg(TPV) 1
Iy=Iysrc - () - expl( -—) 1 (8)
’ Tsre Tsre Tpy ky,

where E,(Tpy) and E, gy¢ are the energy gaps of the semiconductor ma-
terial evaluated at temperature Tpy and at STC, respectively, and I grc
is the reverse saturation current at STC;
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Table 1
Coefficients of the Polito model.
Coefficients p-Si old m-Si m-Si
T stc(A) 8.64-9.42 5.74-10.08 10.47
Iystc (A) (107%) 8.90 20.8 0.17
ny () 0.80 1.14 2.21
ng (m?/W)(107) —25.7 5.42 15.9
np (1/K)(1074) 20.3 3.74 —37.4
Ry s1c (@) (107) 5N, 5N, 0.05 -N,
kgs () 0.15 0.04 -0.11
Ry s1c (€) 3.31 -N, 16.7 -N, 3.76 -N,
n=ny+ng-Gr+ny-Tpy (©)]

where the dependence of n on weather conditions is not unique in the
literature: indeed, a quantitative dependence of the diode ideality factor
with respect to the weather variables, irradiance and temperature, is not
provided. Previous studies [33,34] showed a weak dependence of such
a parameter on weather conditions, and most of the papers assume a
constant value for it [32,35]. In this work, the proposed model attempts
to find a more accurate modeling of the diode ideality factor by assum-
ing a linear dependence on irradiance and module temperature. In this
context, the term nj represents the constant value, and the terms ng and
nr quantify the mentioned dependence on irradiance and module tem-
perature, respectively. This assumption was confirmed by the results of
the analysis carried out in [19];

T, G
RS=RS’STC-ﬁ-(1—kRS~1n( T >> (10)

GSTC

where R, g1 is the series resistance at STC and kg, is a coefficient that
represents the impact of the irradiance on Rg;

Gste
Ry, = Ry st - Gr (11)

where Ry, g1 is the shunt resistance at STC.

For each (G, Tpy) data, the equivalent circuit’s parameters are eval-
uated according to Egs. (7)-(11). Such parameters are used to solve Eq.
(6) and trace the I-V curve at module level; then, the Maximum Power
Point (MPP) is identified.

The analysis presented in the paper [19] was applied to seven PV
modules with different cell technologies, efficiency, rated power, and
manufacturing years. The modules were classified in three groups: three
old modules with monocrystalline silicon (m-Si) technology, one recent
module with newer m-Si technology, and three modules with polycrys-
talline silicon (p-Si) technology. The modules were tested under natural
sunlight in long experimental campaigns to determine one set of param-
eters and coefficients (I, src, Lo, stes> Hos 1Gs 11> Ry, stCs kRs> Rn, s1C) for
each PV generator. Except for Iy, src, the value of the coefficients was
the average between that of the modules in each group. The results of
such an analysis are reported in Table 1. The coefficient I, sr¢ has been
assumed equal to the short-circuit current of the PV generators at STC
(Ise,stc)- The reduction of Ijgrc in newer m-Si modules is due to the
better performance of PV modules under high-temperature conditions,
resulting in better temperature coefficients. The values of the diode ide-
ality factor are almost in the range between 1 and 2: in this case, the
dependence on weather conditions is weak, and the highest impact is
due to the constant term n,. The most evident change related to the
series and shunt resistances is the reduction of R gy¢ in newer m-Si mod-
ules. This effect is mainly due to the new technology of the PV module
analysed [19], which has back-contact cells that enhance the exploita-
tion of the area and the conversion efficiency of the module. In addition,
the series and shunt resistances at STC are provided as functions of the
number of cells in the module N, to make the model applicable to PV
modules with different dimensions and numbers of cells.
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3.4.2. Osterwald model
The Osterwald model is a simple irradiance-proportionality model
suggested in [28]:

G
Poy = Pste- —— - (1+7-AT) (12)
Gsrc
NOCT -T,
TPV — Tair + GT X air, NOCT (13)
Groct
where T, is the ambient temperature, NOCT is the Nominal Operating

Cell Temperature, T, nocr iS the air temperature at NOCT condi-
tions (293.15 K), Gnocr is the solar irradiance at NOCT conditions
(800 W/m?), P,y is the PV output power, Py is the PV power under
STC conditions, y is the temperature coefficient for power (in %/K), and
AT = Tpy = Tsrc-

3.4.3. SAM model

With respect to the Osterwald model, this technique includes addi-
tional coefficients affected by the installation of PV modules, which are
determined empirically. Indeed, PV power is estimated as follows [30]:

Poy =Gp - S - npy (14

Mpv = tom - [1 +7 - (Tpy — Tg1c)] (15)
AT

Tpy =Ty, + Gr - expAsamtBsam Vi +Gp - —__SAM (16)
Gsre

where S is the area of the photovoltaic array, #py is the PV efficiency,
Mhom 1S the nominal PV efficiency, ATgyy, is the temperature difference
between the irradiated cells and the dark-coloured surface of the mod-
ule, Agay and Bgay are empirical coefficients tabulated in [30], and V;
is the wind speed.

In this work, the coefficients for modules with glass/cell/polymer
sheet structure and installed in an open rack are selected from King et al.
[30], resulting in Agap; = —3.56, Bgay = —0.0750, and ATguy = 3 K.

3.4.4. Park model
The Park model [29] considers different equations for PV power
estimation according to the solar irradiance value:

G2
T
—_— < <
Pyrc < re———- ) for 0 < Gt £ Gy

17
Pstc % for Gy, < Gr < Ggre an

Pstc for Gr > Ggre

where Gy, is a threshold irradiance, typically ~ 150 W/m?.

3.4.5. Skoplaki model

Proposed in [31], the Skoplaki model takes into account the effects
of reduced efficiency due to wind and module assembly, according to
the following equation:

0.32

Ppy =0.12-5 -Gy - [1 —0.004 - (T; —_—
PV T [ ( ‘“r+w8.91+2.0'Vf

Gr —25)] (18)
where w is a module assembly parameter provided in [31], usually close
to unity.

3.5. Application of the energy conversion models to clustered and global
datasets

The above described models are applied to the available datasets to
assess the PV power and their effectiveness is evaluated through the
estimation of the three statistical indicators [36-38] reported below.

« Coefficient of determination: denoted as R?, ranges between 0
(bad approximation) and 1 (good approximation) and quantifies
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the adherence of the PV power determined by the model to the N
measurements as follows:

Tl = S

R =1 ~ 5
Zk:l (yk - }_})

19)

where y, is the measured PV power at the k™ time instant, £, is the
PV power determined by the model at the k™ time instant, and j is
the average value of the measured PV power over the period under
analysis.

Normalized Root Mean Square Error (NRM SE): estimates the
square deviations between the model outcomes and the measured
data, normalized with respect to the average measured value. Low
values correspond to good approximation by the model under anal-

ysis:
Z,f’zl (fr=yi)?
N

NRMSE =100 (20)

Mean Bias Error (M BE): calculates the deviations between the
model outcomes and the measurements, with low values correspond-
ing to good approximation by the model under analysis:

T (=)
MBE = 100—Y (21)
y

These indicators can be calculated considering the global dataset
or any clustered dataset. When the energy models are applied to the
three clustered datasets, the three indicators are computed for each
of them, as (R*, NRMSE, MBE),,,, (R>, NRMSE, M BE),,, .4, and
(R?, NRM SE, M BE) 4,4, Such indicators permit quantifying the ef-
fectiveness of the energy models in different weather conditions for each
installation site under study.

4. Description of the measurement systems

The experimental campaigns were conducted in three different coun-
tries (Italy, Brazil and Portugal) using outdoor measurement stations.
The specifications of the modules under test are reported in Table 2.

4.1. Experimental campaign in Italy

The Italian experimental campaign was carried out in Torino (Italy)
for one PV module with rated power of 410 W, and monocrystalline
silicon half cells technology.

The module was South-oriented with an inclination with respect
to the ground 6, of 30°. The measurement setup used consists of the
following components:

One programmable electronic load with maximum power of 800 W
(maximum voltage 120 V and maximum current 16 A), connected to
a single module under test. This device has a resolution of 16 bits,
and relative uncertainty lower than +0.15 % (voltage) and +0.25 %
(current).

One PT100 sensor (resolution of 0.1 °C, and relative uncertainty
lower than +0.3 °C) gathers the PV rear temperature;

One secondary standard pyranometer (measurement range 0-2000
W/m? and relative uncertainty of +20 W/m?) gathers the in-plane
solar irradiance G;

One weather station includes one anemometer to acquire the wind
speed (resolution of 0.01 m/s and relative uncertainty of +1 %) and
its direction (resolution 0.1° and relative uncertainty of +1 %), one
piezoresistive sensor to acquire the atmospheric pressure (resolution
of 0.1 mbar, relative uncertainty of +0.4 mbar), one PT100 sensor to
measure the ambient temperature (resolution of 0.1 °C, relative un-
certainty lower than +0.3 °C), and a capacitive sensor to measure the
relative humidity (resolution of 0.1 %, relative uncertainty +2.5 %).
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Table 2

Manufacturer data of the PV modules under test at STC.
Installation site Italy Brazil Portugal
PV technology m-Si m-Si p-Si
Pom 410 W 255 W 200 W
Hre 21.0 % 15.8 % 14.2 %
Voo STC 31.45V 30.0V 26.3V
Tppstc 13.04 A 8.50 A 7.61 A
ViesTc 37.32V 37.2V 329V
Ieste 13.95A 8.85 A 8.21 A
a 0.045 %/K 0.042 %/K 0.038 %/K
by, —0.275 %/K -0.306 %/K -0.374 %/K
4 —0.35 %/K —0.42 %/K —0.49 %/K

« One personal computer runs the control software in LabVIEW en-
vironment to store the electrical and environmental quantities in a
dedicated database.

The measurements were gathered with resolution of 15 min during
the period 27 June — 19 September 2023.

4.2. Experimental campaign in Brazil

The analysis is based on the actual PV system located in Brazil,
namely Petrolina-ENERQ, which consists of 10 monocrystalline PV
modules (rated power 255 W each), with total installed capacity of
2.55 kW. The modules have horizontal inclination (6, = 0° with respect
to the ground). The measurements are available in [39] with temporal
resolution of 5 min for summer days (December 2013) and winter days
(June 2014).

4.3. Experimental campaign in Portugal

The analysis is based on the experimental campaign conducted in
Porto (Portugal) for one PV module during the months of August and
October in 2013. The device under test belongs to GECAD — Knowledge
Engineering and Decision-Support Research Group of the Electrical
Engineering Institute of Porto. In particular, the polycrystalline sili-
con PV module has rated power 200 W, rated efficiency about 14 %
and horizontal inclination with respect to the ground (6, = 0°). The
module is equipped with an East-West horizontal single-axis sun track-
ing system and the data were acquired with a temporal resolution
of 5 min.

5. Results

This section presents the results for the application of the two pro-
cedures described in Section 2 to the experimental datasets of the three
installation sites under study.

In the first step of the methodology, the Plane of Array (PoA) ir-
radiance required by the two procedures was measured in the three
locations using three secondary standard pyranometers with the same
inclination of the PV modules. In addition, historical series of PoA irra-
diance and PoA irradiance under clear sky conditions were obtained for
the three sites in the period 1 January 2012 - 31 December 2023 from
the Solcast database [40], which provides global irradiance and weather
data records.

5.1. Classification in weather categories

In steps 2A and 3A of the methodology, the clear sky indices were
calculated on a daily basis. The clear sky irradiance required for the
calculation of the clear sky indices was taken from two different sources.
Regarding the installation sites in Italy and Portugal, average profiles of
clear sky irradiance for a typical day of each month under study were
taken from the PhotoVoltaic Geographical Information System (PVGIS)
database [41].

The clear sky irradiance on the tilted surface (G e,,) for Brazil was
calculated using the following modified equation of the ASHRAE Model,
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(a) Italy. (b) Brazil. (c) Portugal.

Fig. 3. Clear sky indices for the three installation sites (solution with the highest average silhouette index for each site).
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Fig. 4. Silhouette indices for the three installation sites (solution with the highest average silhouette index for each site).
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Fig. 5. Clear sky indices in descending order for the three installation sites (solution with the highest average silhouette index for each site).
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Fig. 6. Membership degrees from the assessment of the data from the three installation sites.

Table 3

Definition of the clear sky index ranges from 12-year data.
Weather class Italy Brazil Portugal
Cloudy 0-0.44 0-0.5 0-0.46
Partly cloudy 0.44 - 0.79 0.5-0.78 0.46 - 0.79
Sunny 0.79-1 0.78-1 0.79-1

which is valid for PV modules with horizontal inclination (6, for Brazil
= 0°):

_ Bpra
GT,clear = CBra ° ABra * oS ‘92 e ol

(22)

where Ag, and By, (1098 W/m? and —0.057, respectively) are the
empirical coefficients for Brazil, while Cy,, is a seasonality corrective
coefficient that is assumed equal to 1.3 and 1.1 for summer and winter
days, respectively.

Step 4A of the methodology aims at identifying three ranges for the
clear sky indices, corresponding to sunny, partly cloudy, and cloudy
days. Therefore, the daily clear sky indices calculated from the irra-
diance values gathered for 12 years from the Solcast database were
grouped into the three clusters for each location using the kmedoids
tool (from Matlab, with 100 repetitions for each execution). To obtain a
statistically significant set of outcomes, the kmedoids clustering was ex-
ecuted 1000 times for each site. The partitioning into the three groups in
the solution with the highest average silhouettes (0.644 for Italy, 0.593
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Fig. 7. Experimental power vs. experimental and clear sky irradiance.
for Brazil, and 0.642 for Portugal) is shown in Fig. 3 for the clear sky 1
indices and in Fig. 4 for the local silhouette values. The results show that =
the local silhouette values are positive for each day and have relatively 508
high values, confirming the effective clustering structure obtained in the B
three installation sites. In Fig. 3, the indices are sorted in chronological So06"
order, while Fig. 5 presents the distribution of the clear sky indices with @
descending order. Hence, Fig. 5 demonstrates the need to perform clus- -% 0.4}
tering to identify the three weather classes since the distribution of the =
indices in descending order is quite regular without evident gaps among g 0.2
the weather classes. ) " ‘ ‘
The results shown in Fig. 6 contain the partitionings obtained in the 0 0.2 04 0.6 0.8 1
three installation sites, constructed by taking the CDFs of the higher kC

values for the cloudy days and for the partly cloudy days, as well as the
lower values for the partly cloudy days and the sunny days. Interestingly,
the separation into the three clusters is the same for all executions in the
same installation site.! Table 3 summarizes the clear sky index ranges
obtained from a statistically significant analysis.

Based on the previous clear sky index ranges, the experimental data
have been processed by assigning to the three types of days (sunny,
partly cloudy and cloudy) all the days with clear sky index (calculated
by integrating the irradiance measured on-site and the clear sky irradi-
ance gathered from the PVGIS or calculated from Eq. (22)) belonging to
the corresponding range. Then, the medoids of each type of day have
been identified. From the experimental data, each medoid corresponds
to a PV power pattern. Fig. 7 shows the experimental PV power (red
points) and PoA irradiance (blue points) for the three medoids for each
installation site. The green curve is the estimated clear sky irradiance.
The patterns shown in the figure belong to different periods of the year,
so that the sunny day does not necessarily belong to the season with
high daily irradiation.

1 By using data for a shorter period, e.g., daily values for one year or less, the
separation was not the same in all cases, having higher dispersion of the data;
this is a reason for choosing a multi-year set of data.

Fig. 8. Membership degrees from the global assessment of the data from the
three installation sites.

A further result is shown in Fig. 8, in which all the clear sky indices
of the three sites are considered together. It is interesting to note that
the separation between partly cloudy and sunny days is almost similar
in all cases, notwithstanding the clear differences in latitude, technology
and type of installation (fixed vs. sun-tracking). The similarity is lower
for the separation from cloudy to partly cloudy days. However, there
are well-defined ranges of the clear sky index in which the type of day
is consistently established with membership function equal to unity.

5.2. Comparison among the energy conversion models

In step 6A of the methodology, the energy conversion models de-
fined in Section 3.4 are applied to the classified datasets (sunny, partly
cloudy and cloudy days). This operation has the goal of evaluating the
effectiveness of the energy models in different weather conditions. The
results for the indicators defined in Section 3.5 are reported in Tables
4-6. For each weather class of the different sites, the best indicators
are presented in bold. Among the three considered statistical indicators,
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Table 4
Results of the R? indicator.
Italy Brazil Portugal
Sunny  Partly cloudy  Cloudy  Sunny  Partly cloudy Cloudy Sunny  Partly cloudy  Cloudy
Polito model 0.977 0.995 0.929 0.984 0.898 0.829 0.948 0.974 0.962
Osterwald 0.980 0.995 0.933 0.986 0.873 0.811 0.948 0.968 0.942
Park 0.943 0.964 0.906 0.970 0.769 0.713 0.931 0.962 0.954
SAM 0.979 0.995 0.932 0.986 0.865 0.805 0.162 0.141 0.764
Skoplaki 0.701 0.709 0.741 0.900 0.886 0.819 0.728 0.747 0.914
Table 5
Results of the NRM SE indicator.
Italy Brazil Portugal
Sunny Partly cloudy  Cloudy Sunny Partly cloudy  Cloudy Sunny Partly cloudy  Cloudy
Polito model 121 % 8.1% 16.2 % 18.6 % 42.0 % 53.5% 23.4 % 18.3 % 23.9 %
Osterwald 10.7 % 8.3 % 17.5% 17.5 % 46.9 % 56.2 % 23.8% 20.3 % 26.1 %
Park 25.3% 22.7 % 29.0 % 25.6 % 63.4 % 69.0 % 27.3% 22.7 % 24.6 %
SAM 11.5% 8.83 % 17.7 % 17.5% 48.3 % 57.0 % 86.7 % 96.5 % 42.9 %
Skoplaki 64.1 % 65.4 % 74.9 % 46.5 % 46.0 % 55.3 % 53.6 % 56.3 % 39.7 %
Table 6
Results of the M BE indicator.
Italy Brazil Portugal
Sunny Partly cloudy  Cloudy Sunny Partly cloudy  Cloudy Sunny Partly cloudy  Cloudy
Polito model 4.33 % 2.74 % 2.07 % —4.91 % 4.62 % 3.07 % 2.38% —0.03 % —2.12%
Osterwald 5.69 % 5.13% 6.03 % —-1.36 % 11.0 % 7.99 % —0.68 % —4.33 % —-10.7 %
Park 13.4 % 11.9% 1.27 % 3.42% 22.1% 111 % 7.75 % 1.69 % —10.8 %
SAM 6.25 % 5.56 % 6.24 % —0.91 % 12.0 % 8.51 % 50.1 % 56.4 % 141 %
Skoplaki —40.2 % —40.5 % —39.6 % —-25.1% —-14.9 % —-17.8 % 189 % 22.5% —-7.57 %
Osterwald —Park —SAM
—Skoplaki * Experiments —Polito
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(g) Sunny day Portugal.

(h) Partly cloudy day Portugal.

(i) Cloudy day Portugal.

Fig. 9. Power prediction by the energy models vs. experimental data.
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the M BE better represents the accuracy of the energy assessed by the
models, as it calculates the PV power deviations without considering the
absolute value:

» In cloudy conditions, the Polito model is better in the Brazilian and
Portuguese sites and the Park model performs better with the data
from the Italian site.

+ In partly cloudy conditions, the Polito model has shown better
performance than the other models in all the sites tested.

« In sunny conditions, the Polito model performs better with the data
from the Italian site, while SAM performs better in the Brazilian site
and Osterwald in the Portuguese site.

In partly cloudy conditions, the better performance of the Polito
model is confirmed by the highest values of R? and the lowest values
of NRM SE in all sites. In addition, for the Polito model the NRM SE
is always better than the other models for all sites in cloudy conditions.
In summary, the Polito model is suggested for partly cloudy days and
cloudy days at all sites.

In sunny conditions, regarding the N RM S E, the best performance is
achieved by different models. Actually, the Polito model has exhibited
better performance for the Portuguese site, while Osterwald and SAM
have obtained better values for the Brazilian site (lowest NRM S E for
both) and the Italian site (Osterwald). These results are confirmed by the
R?: the Polito model has the highest value in Portugal, while Osterwald
and SAM achieve the best performance in the other sites. As a conclusion,
it is not possible to suggest one model for all the locations tested in sunny
conditions.

Fig. 9 presents the experimental power and the estimated power by
the different energy models for the three medoids, i.e., the most rep-
resentative sunny, partly cloudy, and cloudy days for each installation
site. The figure confirms that the power estimation by the Polito model
(black curve) is the closest to the experimental data (red points) for
partly cloudy and cloudy conditions. In sunny conditions, the best per-
formance is obtained by the Polito model, while SAM (purple curve) has
shown the best PV power estimation for Brazil and Osterwald (orange
curve) for Portugal.

In step 6B of the methodology, the energy models presented in
Section 3 were applied to the global datasets available for Italy, Brazil,
and Portugal. The results for the statistical indicators described in
Section 3.5 are shown in Table 7. For each site, the best model is high-
lighted in bold. The Polito model has achieved the best performance
for the Brazilian and the Portuguese sites, with the highest R? and the
lowest NRM SE and M BE. In Italy, despite SAM has shown better val-
ues of R?> and NRM SEs, the M BE by the Polito model is the lowest.
Therefore, considering the overall results, the Polito model is suggested
for all the three installation sites.

6. Concluding remarks

The methodology proposed in this paper has enabled reaching some
significant results. Starting from the inappropriateness of the clearness
index to represent PV systems with sun-tracking structures, the clear
sky index has emerged as an appropriate indicator for creating consis-
tent groups of sunny, partly cloudy and cloudy days considering PV sites
at different latitudes and technologies, and with fixed or sun-tracking
configurations. The results obtained from kmedoids clustering executed
for a statistically significant number of times have identified similar
ranges of the clear sky index that represent sunny days in different con-
ditions, while the ranges for the distinction between cloudy and partly
cloudy days are slightly different in the sites analyzed. This part of the
methodology can be used in a general way to identify the ranges of the
types of days, allowing a sound classification that can be considered for
assigning the days based on simulations, predictions or experimental
assessments. The day type indications may be used in future works in
this research line to classify days according to weather conditions in
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Table 7

Indicators for power estimation.
Installation site  Italy Brazil Portugal
Index R?
Polito model 0.981 0.913 0.968
Osterwald 0.979 0.894 0.889
Park 0.948 0.814 0.957
SAM 0.983 0.890 0.302
Skoplaki 0.704 0.901 0.784
Index NRMSE
Polito model 16.3 % 46.1 % 23.8 %
Osterwald 17.0 % 50.9 % 44.3 %
Park 27.0% 67.4 % 27.5%
SAM 16.0 % 52.2% 111 %
Skoplaki 64.6 % 49.3 % 61.9 %
Index M BE
Polito model 4.56 % 2.68 % 1.35 %
Osterwald 5.60 % 8.44 % 149 %
Park 12.0 % 16.6 % 2.54 %
SAM 6.00 % 9.31 % 47.0 %
Skoplaki —40.2 % —9.04 % 16.4 %

experimental campaigns for sites with latitudes close to that of the lo-
cations investigated in this study. Furthermore, the evaluation of the
effectiveness of the PV energy conversion models in different weather
conditions has shown the remarkable performance of the Polito model
for the Italian and Brazilian sites in any weather condition, as well as
in the Portuguese site campaign under partly cloudy conditions. In the
comparison of the performance of the PV energy conversion models for
the global datasets, the Polito model was the most accurate for energy
assessment, with mean bias errors lower than 5 % for all the three sites.
The Polito model has been formulated after numerically determining
the reference parameters of the equivalent circuit and the coefficients
of equations to quantify their weather dependency from experimental
datasets of modules with different cell technology, efficiency and man-
ufacturing year. However, newer technologies like the Heterojunction
(HJT), Tunnel Oxide Passivated Contact (TOPCon), and All Back Contact
(ABC) modules are arising in the global market and, currently, the ef-
fectiveness of the Polito model, as well as that of other models in the
literature, could be lower while analyzing PV modules with such tech-
nologies. Hence, in future works, the Polito model will be extended to
be applicable also for these PV technologies. Moreover, the Polito model
has the possibility of being extended to estimate the maximum power in
the case of partial shading. Since the parameters and coefficients of the
Polito model result from numerical optimizations applied to experimen-
tal studies, other sets for different operating conditions, like at partial
shading, will be identified by focusing on datasets affected by that con-
dition. The accurate estimation of the maximum power under partial
shading will be achieved thanks to the possibility of obtaining the whole
I-V curve by the Polito model, avoiding the need to select local maxima
in the case of multiple peaks.
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