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Abstract

The single-diode model is widely used for the analysis of photovoltaic systems and reproducing accurately the
I-V curve. Numerical or analytical methods can be employed to estimate the model parameters; among them
explicit methods are well assessed providing precise results and low computational complexity, thus suitable
to be developed on embedded systems. Due to their approximated nature, the accuracy of such methods may
be affected by the operating conditions and by the state of health of the photovoltaic modules that have been
characterised. The main contribution of this paper is to analyse a selection of explicit methods with the aim of
testing their capability to detect degradation in photovoltaic modules. Since different degradation phenomena
are reflected in a variation of the series resistance of the single diode equivalent circuit, the study is mainly
focused on the estimation of this parameter. The comparison of different explicit methods has been done
by using outdoor experimental -V curves of a photovoltaic module operating in normal as well as degraded
conditions. The analysis shows that only few methods exhibit enough reliability to estimate correctly the model
parameters in presence of degradation and are less sensible to the environmental operating conditions.

Keywords: photovoltaic diagnosis, parameter identification, photovoltaic module simulation

1. Introduction

Photovoltaics (PV) is a key technology for the transition from the fossil fuel toward the decarbonized and
sustainable energy supply [I]. Moreover, solar energy is available and abundant in a large part of the world and
cannot be monopolised, thus the development of PV systems as well as other renewable sources is strategic for
many countries. Research activities in the field of PV cell technology, power electronics, monitoring, controls
and grid integration are mainly focused on improving the PV energy production and system reliability, thus
increasing the overall efficiency of PV installations and reducing the cost. However, despite a very long lifetime
(around 25 years) of PV modules, many studies [2] highlight that some degradation effects can be accelerated
by various unpredictable and unavoidable phenomena which are related to the environmental and the operating

conditions, the type of electrical connections and the manufacturing processes, among others [3].
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Some of these degradation mechanisms induce visible negative effects on the photovoltaic module, e.g dis-
colouration of the encapsulation material, bubble formation or snail tracks, with possible detrimental effects on
the photovoltaic electrical parameters [4]. Despite these visual defects, many faults and degradation phenomena
cannot be distinguished with a visual inspection thus no information can be provided to users that could request
the replacement of the modules if they do not meet the warranty, especially if the degradation is due to the
manufacturing processes.

For these reasons, in the PV market there is an increasing interest into non—invasive and cheap functionalities
to be integrated into PV plants in order to identify early degradation of PV panels. On-site monitoring systems
are aimed to provide/report information about the energy production, operating conditions and analysis of
different faults. In this scenario, diagnostic functions allow to detect quickly the faulty PV modules and to
estimate the difference between the produced energy and the expected one, thus supporting the owners of PV
plants to reduce the payback time and maximise the profit from the produced energy. In [5] a review of effective,
low cost, and viable PV monitoring systems for small and medium scale PV plants is shown.

As described in literature [6], the diagnostic procedures could be classified into “off-line” and “on-line”
methods. The “off-line” methods require to disconnect the module from the photovoltaic array to be measured
and characterised independently. On the contrary, “on—line” methods use information acquired while the
module is working without disconnecting it from the array. Due to their low cost and flexible configurations,
embedded systems installed on site are used to perform the measurement and process the experimental data.
As “on-line” diagnostic methods are directly implemented on this type of devices, it is useful that the equations
required to implement those methods are as simple as possible to speed up the data processing, avoiding implicit
expressions and iterative procedures.

In the literature it is possible to find two different approaches to characterise a photovoltaic panel (and
hence having a tool to estimate the degradation). The first type relies on the performing of a comparison
between the solar energy received by the PV module, and the electrical energy delivered through its terminals
and estimated by means of its electrical measurement [7H9]. The electrical behaviour of a photovoltaic module
under specific conditions of irradiance and cell temperature is described in terms of its I-V curve [10]. In order
to estimate the energy input it is required a solar irradiance sensor and a cell temperature sensor attached
to the module, then the PV performance, in a given window of time, is obtained by calculating an indicator
denominated Performance Ratio [II]. The evolution of this performance indicator throughout time allows to
detect the possible degradation in terms of energy production [I2]. The drawback of this approach is that
hardly the required sensors are available due to their high costs [I3], and in the case of having them, there are
multiple associated problems related to the inaccuracy of measurement and their periodically calibration and
cleaning [14].

Other techniques, usually defined as “model-based” approaches, consist on the identification of some param-
eters associated to models that are suitable to describe accurately the electrical behaviour of the photovoltaic
devices. Depending on the evolution of these parameters, the degradation could be diagnosed and estimated
[15, [16]. The identification of the values of these parameters could be done from the data obtained only from
its I-V curve without measuring the irradiance. Moreover, some of these methods only require a few selected

points of the I-V curve.



The most popular photovoltaic electrical models are the Single Diode Model (SDM) and the Double Diode
Model (DDM) [I7], both derived from Schottky diode equation with the addition of a series resistance and a
parallel resistance for taking into account the losses inside the PV device. For both models the relationship
between voltage and current (mathematical model of the PV module) is described by a non-linear and implicit
equation with five unknown parameters for the SDM and seven unknown parameters for the DDM.

In the literature, it is possible to find a lot of different methods to determine a valid set of the parameters
values [I8H21]. However, there are also works that are only able to estimate a reduced subset of the parameters
[22H24], even some that are only focused on the identification of the series and shunt resistances [25], [26], since
internal resistances are indicators of some degradation phenomena. For example, the series resistance is affected
by corrosion in the electrical contacts, soldering problems and degradation of the cells, among others [27].

Since this work focuses on the on-line estimation of these parameters, it is preferred to avoid the execution
of iterative procedures to reduce the computational burden. As it is shown in [28] or in [29], many papers
propose simple procedures or explicit equations for calculating the parameters of the SDM model [30H3§]. Such
approaches are potentially suitable to be easily integrated in the on-line diagnostic function. Nevertheless,
such papers test the methods by using data coming from the specifications or by using experimental -V curves
acquired in normal operating conditions thus by validating the identification methods only in non—degraded
conditions.

The main contribution of this paper is aimed at investigating the reliability of the aforementioned explicit
methods, also said direct methods, to identify the parameters of the photovoltaic panel that are indicators of
possible degradation phenomena, in particular the internal series and parallel resistances. In other words, the
goal is to study the reliability of such methods when they are used for diagnostic purposes.

In this work, among all the explicit approaches for parameter identification of the SDM model, four explicit
methods have been selected to be compared and analysed (all of them based on a reduced set of simple and
direct formulas). By referring to the classification given in [28], among the most promising ones, two methods
have been selected among the ones that use only information as given in the PV panel data sheet, and two
methods based on the slopes calculated in the short—circuit current and open—circuit voltage.

In order to have a reference value as accurate as possible for the identified parameters, a non—explicit
method based on an iterative fitting procedure has been also applied. All these methods will be tested by using
measurements from several experiments in which different levels of degradation are emulated by connecting
in series with the photovoltaic module external resistances with different nominal values. The objective is to
study the capability of the methods to detect this simulated degradation effect added to the PV module that is
operating for several days under outdoor conditions.

The paper is organised as follows: Section [2| describes briefly the SDM and the different methods used in
this paper for identifying the five parameters of this model. Section [3| starts referring to the experimental
system used for acquiring the outdoor I-V curves of the photovoltaic module under study. In addition, the
procedure to select I-V curves and estimation of the main electrical parameters are explained. The section ends
describing how further degradation has been emulated by connecting additional resistances in series. Section
is aimed at showing and comparing the results obtained by the different methods in the nominal operating

conditions by using the numerical curve-fitting approach as the reference. The capability of these approaches



for reconstructing the measured I-V curve is also analysed. In Section [5] the behaviour of the identification
methods with [~V curves measured in degraded condition is studied. Finally, in Section[6] the main conclusions

of this work are summarised.

2. Photovoltaic model and parameter identification methods

2.1. Single Diode Model
Figure [I| shows the SDM equivalent electrical circuit of a PV device [I7]. It can be scaled—up or down to be
adapted to a single PV cell, a PV module or a PV array, depending on the number of cells connected in series

and parallel (N, and N, respectively). The corresponding SDM equation for a photovoltaic module is given in

(eq[D).
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Figure 1: Equivalent circuit of the single diode model

V+1-R, V+1- R,
fz[ph‘%(“p{w}‘l)‘m S

where V' is the voltage between the terminals of the photovoltaic module (V), I is the output current (A),
I, is the photo-generated current (A), Iy is the dark saturation current (A), n is the diode ideality factor
(dimensionless), R is the series resistance (€2), Ry, is the shunt or parallel resistance (2) and Ny is the number
of cells in series.

In addition, V; is the thermal voltage (V) given by kT'/e, being k the Boltzmann constant (1.380 649 x 10723
JK™1), e the elementary electric charge (1.602176 634 x 10~1° C) [39] and T the cell temperature expressed in
kelvin (with T = 273.15 + T,,, if T}, is expressed in °C).

To reproduce accurately the I-V curve of a PV array, it is not enough to have a good mathematical model
(e.g. the SDM), but it is also necessary to correctly determine or estimate its parameters. The lasts can vary
from one cell/module to another and depend on the operating conditions, thus resulting extracted parameters
influence the final accuracy of the adopted model [40]. There are many deterministic and stochastic procedures
available to calculate the free five parameters (I,s, Io, n, Rs and Rs). A previous paper [4I] provides an
extensive review of works related to the modelling and parameter estimation of photovoltaic (PV) cells, mainly
devoted to the PV simulation. Among them, the explicit methods are strongly appreciated due to the fact that
they provide acceptable results with very few computational burden [42]. They usually exploit the three notable
points that an I-V curve passes through: the short—circuit current Isc , the open—circuit voltage Voc and the
maximum power point (Vemax, Ipmax)- In some cases, the slopes of the I-V curve calculated in Isc and Voc

are also needed.



In this work four explicit methods have been selected among the most promising ones analysed in [28] and
briefly recalled in the subsections Since there is no way to perform a direct measurement of the five
parameters of the SDM model, in order to have a reference value for each parameter, a non—explicit method
has been used to have a reference value for each parameter. Following the classification proposed by [28], the
selected approach lies within the “optimisation methods”, because it uses all the measured points of the -V
curve in order to construct an error function to be minimised by means of an iterative procedure. This method

is described in section [2.6]

2.2. Ezxplicit equations based on the LambertW function

This method exploits the Lambert W—function [43] for deriving the set of explicit equations allowing a fast

calculation of the SDM parameters. In [1I7, [42] [44] all details about this approach are provided:
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where « is the current-temperature coefficient of the module expressed in AK~™!, 3 is the voltage-temperature
coefficient in VK~! and Wy{-} is the main branch of the Lambert—W function. Finally E,(T) is the band
gap energy (eV) of the semiconductor at temperature 7' (K); the constants E,o (band gap energy at 0 K), a
and b depend on the material. In the case of single—crystalline silicon (sc-Si) the values are Ejy = 1.16 €V,
a=7x10"*eVK™! and b = 1100 K [45]. This approach will be identified in the following as Lambert W
method.



2.8. Explicit equations by using the Serial-Parallel Ratio
In [35] [36] it has been shown that the 5—parameter SDM can be scaled down to 4-parameter SDM without
losing significant precision if only one resistance is neglected. The method allows to classify the PV modules

into two groups on the basis of the value assumed by the performance indicator named Serial-Parallel-Ratio

(SPR):

IPmax VPmax
oh =~ Isc y Tsc Y Voo (10)
¥i - (1 =)
r=-——-= SPR=(1—";) exp(r 11
e (1) - exp(r) )
Rsh =0
0 =1In(1-",)
Yo
Voo r1=n)54 (1= )
Case (A): SPR>1=< R, = - 12
) Isc (1—7) -0+ (12)
IPmax : Rs - VOC + VPmax
A =
0
fo= o ()
0 = Iph - €Xp A
R, =09
(=) (vi+yw—1)
TN
A = L=
w= Wi{—=SPR- )\ -exp(—=X\
Case (B): SPR<1= i 1-exp(=A)) (13)
R Voc A-w+ A
7 TIso w4\
A= _VOC +VPmax
In { (ISC - IPmax) : Rsh - VPmax}
Isc - Rsn — Voo
Voo —Voc
o= (1= 22 ) o ()

where W.1{-} is the lower branch of the Lambert—W function and n could be calculated as in the previous

methods using (eq@. This approach will be identified in the following as SPRatio method.

2.4. Ezxplicit equations based on the Phang’s method
The method proposed in [30] uses the values of the slopes at the short—circuit and open—circuit points (Rgpo
and Ry respectively) as starting points. The regression procedures to estimate these values can be performed

over the set {V;, I;} or over {I;,V;}:
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Finally, for the estimation of the diode ideality factor n it is possible to use (eq @ This set of equations will
be noted as Phang method.

2.5. Explicit equations based on the Toledo’s method

The method proposed in [34] rewrites the SDM equation given in (eq[l)) differently. In this case, the general

equation for the SDM is expressed as:
I=A-B-(CY-D'-1)-E.V (20)

The method needs the set of values at the short—circuit point and three additional points of the I-V curve
{(", 1), (Va,13), (V3,I3)}. These values are the starting points for calculating the model of five parameters.
Although the choice of these points could be arbitrary, the author suggests choosing three set of points with
voltage greater than the maximum power-point and uniformly distributed. In this paper, these additional three
points are the maximum power point, the open-circuit point and the maximum of the a—power function [20],

that taking (o = 10) is a point between Vpmax and Voc. The proposed set of equations is:
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Table 1: Interval and start points for the five SDM parameters

Lower limit  Upper limit Start point
Ipn]A] 1/12 12 Isc
Iy[nA] 1x1073 1 x 10% 5x 103
n|/] 1 2 1.5
R[] 0 100 —dV/dI at V = Voo
Rsn [ 1 5x 10* —dV/dIl at I = Isc
- F2 — F3 — (IQ — Ig) . ln(D)
C =exp { A (26)
B=exp{Fi —Vi-In(C)— I, -In(D)} (27)
A=1Isc—B (28)
_ ()
¢= In(C) — E - In(D) (29)
Iy, =A4A-G Iy=B-G (30)
In(D) 1
s — sh = | =~ s 1
R m(C) Ry, <E R ) (31)
1
= 32
TN,V (0 (32)

2.6. Identification method based on curve fitting

The algorithm used to find the optimal values of the SDM parameters is widely known as trust-region—
reflective. A comprehensive guide about this family of techniques can be found in [46].

There is a specific type of trust-region algorithm able to work when the search space is bound to a feasible
region. This means that users can define an interval for each parameter to estimate in addition to the required
initial point. Fixing an appropriate set of lower and upper limits is not an easy task but it is possible to find
some proposals in the literature that are suitable for the SDM [47, [48]. Specifically, the second of those works
defines a feasible region taking into account the information from a large database of photovoltaic modules and
their features. Table[l] presents the values of these intervals, that have been also used in this paper. In addition,
the table provides the start point that has been selected for each parameter. The initial values for Ry and Rgp,
are the slopes of the I-V curve in Voc and Isc respectively, for I, the initial point is Isc due to their high
correlation. For n and I, without any additional information, the centres of the proposed intervals have been
adopted as the starting points.

The trust-region algorithm integrated into the Optimisation Toolbox of Matlab [49] has been used in this

paper. In the call to this function it is necessary to pass some important tuning parameters in order to ensure



Table 2: Tuning parameters for the fitting procedure

Default value Used value

maxlter 400 2500
maxFunFEvals 600 10000
tolX 1x1076 1x 10712
tolFun 1x10° 1x10712

a successful execution. Among these input values, the maximum number of iterations (mazlter), the minimum
tolerance in the search space (t0lX) and the minimum tolerance in the target function (tolFun) have been setled.
When any of these criteria is reached, the function stops its execution. It is worth to note that, due to the
strong non-linearity of the SDM model, if the Matlab function uses default setting the convergence to the
optimal solution is not assured. Table [2] shows the difference between the default values and the ones used in
this paper.

The numerical solving procedure provides not only an estimation for each parameter of the SDM model, but
also a confidence interval around that value. In this paper the confidence interval is referring to a confidence
level of 99%, which means that with a probability of 0.99 the true value of the parameter is inside that interval.
Error bars will be always attached to the plots referring to this method in order to visualise this confidence
interval.

This approach will be identified in the following as Fitting method.

3. Experimental methodology

3.1. Measurement system and setup

In order to analyse and compare the explicit methods for SDM parameter identification, a PV measurement
system has been configured for acquiring a large number of I-V curves under outdoor conditions. The equipment
is installed on the roof of the Department of Applied Physic II at the University of Médlaga (latitude: 36.715° N
; longitude: 4.478° W; elevation: 60 m). The PV module under test is the model I-58 from the manufacturer
Isofoton and its data-sheet specifications are summarised in Table In [50] there is a detailed description of the
measurement system used and a deep analysis of uncertainties. This equipment is able to acquire simultaneously
the I-V curves and other external variables such as the in-plane irradiance Gy (solar power per square metre
incident on the module plane) and the temperature of the module. The system is controlled by a software
running in a personal computer in order to take automatic measurements every three minutes from the sunrise
to the sunset. This software stores the measurements in a relational database and the data is available to
be downloaded throughout a web page accessible from any computer in Internet. A full description of this
application can be found in [51].

A first analysis has been done for calculating the actual SDM parameters to be assumed the baseline for
estimating the capability of explicit methods to evaluate correctly additional degradation induced artificially.

Indeed, to simulate further levels of degradation in the real PV system, some resistors with different nominal



Table 3: Isofotén I-53 main specifications

Parameter Symbol Value

Maximum Output Power at STC (W) Poax sTC 53

Voltage at Maximum Power (V VPmax STC 17.4

)
)

Current at Maximum Power (A Ipmax sSTC 3.05
Short Circuit Current at STC (A) Isc stc 3.27
Open Circuit Voltage at STC (V) Voc stc 21.6

Isc stc temperature coefficient (AK 1) a 0.001326
Voc stc temperature coefficient. (VK1) B8 —0.07704
Series resistance (new module) (£2) R; 0.288

Number of Cells in series N 36
Cell Type sc— Si mono
Cell Area (cm?) A. 104.4

values are connected in series to the PV module terminals. Figure 2] shows the electrical connections of the
external resistors and measurement points.

The system has been programmed to perform several days of measurements for each different configuration,
in order to ensure a perfect clear sky day for each of the experiments: 0  (no additional series resistor), 0.3 Q,
1 Q and 1.5 Q. The highest values of the additional series resistor have been selected according to the analysis
given in [52] where it has been shown that R reaches values up to 2.3 {2 over an operation period of 20 year.

The experiments have been performed during a period of time between June and July 2018.

External
R, resistance _I,
v +
I dl AR,

IP/7 D ! Rsh 14

Figure 2: SDM with additional series resistance

3.2. Data pre—processing

As a result of the four performed experiments, there are available hundreds of I-V curves at different levels
of irradiance and module temperature conditions, as well as with different additional series resistances.

Once all the experiments have been finished all the -V curves have been downloaded from the server and
the files have been imported in Matlab workspace format for their further processing.

The first step is to remove all the measurements that do not satisfy the following criteria:

e The irradiance is measured before and after the measurement of each I-V curve. If the difference between

both readings is greater than 5 Wm™2 the curve is rejected.
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e All the measurements done with an irradiance lower than 700 Wm~2 have been removed because the

single diode model is more accurate for high irradiance levels [53].

e In order to be sure that all the I-V curves have a suitable shape, a visual inspection of all selected curves
has be done by using a plotting function in Matlab. If it is noticed that a particular curve presents a

weird shape (due to a shadow or a measurement error), it is eliminated from the dataset.

The second step is the calculation of the notable points (0, Isc), (Voc, 0) and (Vpmaxs IPmax) from the
experimental -V curves in addition to the slopes of the curves in Isc and Voc.

It is worth to note that the accurate calculation of such values from the experimental data is crucial for not
introducing additional errors in the SDM parameter estimation, since the identification of SDM parameters by
means of explicit methods is strongly dependent on I-V notable points and slopes.

The typical experimental -V curve is given by a sequence of discrete current-voltage pairs starting in some
point close to Isc and finishing in another point close to Voc. However, neither Isc nor Ve values might be
included in the set of measured points and both need to be estimated by linear interpolation. Even worse for
(VPmax, Ipmax) point, that should be detected by using a non-linear interpolation. For each I-V curve, the
technique described in [54] is used to calculate notable points and slopes.

The measured point nearest to the Y — axis is identified being its current value I, and from the nearest one
to the X — axis we get also its voltage component V. Then a two-dimensional interval centred in I, is made
[0, 20% - V] x [I, — 4% - I, I, +4% - I,]. The interpolation with all the points inside the interval allows us
to determine Igc and also the slope (dI/dV) when I = Igc. Analogous, using linear interpolation again over
the interval [V, — 10% - V,,, V}, + 10% - V,)] x [-20% - I;, 20% - I,]] the value of Vo and the slope (dI/dV) when
V = Ve are determined. Figure |3|and (eq show the concept of the slopes and their relationship with the

I-V curve. The values of Isc and V¢ represent the cuts for the Y and X axes.

ISC RshO

1.5F

PV Current (A)

0.5

I I I
0 2 4 6 8 10 12 14 16 18 20 22
PV Voltage (V)

Figure 3: Slopes approximation on the I-V curve

dv dVv
Ropo = — — Ry = —— 33
sh0 dl sc ) s0 dl oc ( )

As suggested in [54], for estimating the maximum power point MPP, first the P-V curve is computed with

P; = I; - V;. Then, the measured discrete point with the greatest value P, = I, - V. is considered and all the

experimental points (V;, P;) verifying P; > 85% - P, are selected for a fifth-degree polynomial interpolation.
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Next step is the derivation of the polynomial and the estimation of its real root inside the selected X — range.
As a result, we can obtain a very good approximation of Ppax, VPmax and Ipmax.

Before analysing the results of the parameter identification methods, the effect of the additional series
resistances on the experimental -V is shown in Figure [d] The plotted -V curves are at the same irradiance
and temperature conditions. In the figure it is evident how the increase of the series resistance affects significantly
the knee of the I-V curves where is located the maximum power point and the slope in right part of the I-V

curves.
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Figure 4: Experimental curves of PV panel under study with different added series resistances

4. Comparison of the identification methods in nominal conditions

The starting point for the comparative analysis of the methods is to estimate the five parameters at fixed
conditions of in—plane irradiance and module temperature. From the pre-processed dataset of measured I-V
curves, only those with cell temperature around a fixed value have been selected (a range of [43,44] °C has been
chosen in order to maximise the number of measurements).

The set of I-V curves is then identified with {C[i]}{_; and their respective measurements of irradiance
and module temperature are {Gi[i]}7_; and {T'[i]}}_; respectively, r is the number of selected curves. Over
each curve C[i] it is possible to run all the proposed methods ( let m € {Fitting, Phang, SPRatio, Toledo,
LambertW}) by providing the five values vector:

{Lnli], Io[i], n[i], Ra[i], Ren[i]} (™ iell,..,rl (34)

The restricted range of temperature allows to make negligible the dependency of SDM parameters on tem-
perature since it is almost constant. Differently, the measured irradiance range has a wide variation because
it only fulfils the criterion Gt > 700 Wm™, thus a linear regression analysis is applied on the calculated SDM
values in order to account the dependency of parameters with respect to in-plane irradiance Gi. The regression
analysis is performed for all the explicit methods shown in Section [2] The results of the fitting method is
considered as reference.

For all the methods, the dark saturation current [y and diode ideality factor n do not exhibit significant
dependency on the irradiance, since the coefficient of determination, usually denoted with R2, is very low. In
general, a high R? value indicates that the regression model fits with the experimental data. In [55], it is stated

that a value of R? lower than 0.25 means that between the studied variables there is a very low or no correlation.
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The parameters Iy and n are considered not dependent on the irradiance Gy because this condition occurs in
both cases.

For the other three parameters (I, Rs and Rgy,), the coefficient of determination and the corresponding
equations of regression lines are reported in Figures[5]and [6] The figures also show the SDM parameter values
calculated with each method by using the selected I-V experimental curves. The regression lines have been

expressed as function of the standard irradiance condition Ggrc = 1000 Wm ™2 as follows:

L = 05" (G1 — Gsre) + I ke (35)
Ry = 85" (G1 — Gsre) + RSre

Ry, = 85" (G — Gsre) + R e

where, for a specific method m, 6}:1), 5%3) and 5%?2 are the angular coefficient of the regression lines and I éZl)STC,
RS?TC and RS,’:)STC are the offsets of these lines at G; = Gsrc

By referring to the Figure|5} it is evident that the estimated I, values are strongly dependent on G since R?
is almost equal to 1 for each method. This is an expected result because the photo-generated current depends
linearly on the irradiance reaching the PV panel surface.

The regression lines of Figure [6] show that the series and parallel resistance dependency on the irradiance is
also affected by the applied identification method. Indeed, by considering the results of the fitting method as
reference, the other methods exhibit different angular coefficients and offsets. In some cases, the coefficient of
determination R? is too low, meaning a non-dependency on Gf.

In addition to the regression analysis, the comparison of the calculated values by the explicit methods with
respect to the results of the fitting method put into evidence that Phang method gives better results in R,
identification, while Lambert W method is more effective in the R, identification. It is also evident that for the
SPRatio method the identified R, is always zero because SPR < 1.

Table |4 collects the average values p(-) and the standard deviation o(-) of all SDM parameters calculated
with the explicit methods and the fitting one.

Results show that each method converges towards different SDM parameters solutions, especially for the dark
saturation current Ip. This issue has been already discussed in [56], where it has been shown that very dissimilar
sets of the SDM parameters lead to either identical or very close I-V characteristics. For this reason, once the
five parameters have been estimated for any experimental curve, the MAPE (Mean Absolute Percentage Error)

of the main electrical parameters (Isc , Voo, Pmaxs; IPmax and Vpmax) is estimated by the following equation:

Yi — Ui

100 w—
MAPE = — .
, Z ”

=1

(36)

where y; is the value of Isc , Voo, Pmax, {Pmax OF Vpmax calculated directly from the experimental curve and
y; is the same electrical parameter extracted by the I-V curve calculated with the single diode model by using
the five parameters estimated by each explicit and fitting methods.

A Global Curve Error (GCE) based on the similarity between experimental and analytical I-V curves is also
computed. The GCE takes into account the error in all the current-voltage pairs in the first quadrant of the I-V
plane, it is calculated by considering the area enclosed between the two curves. The relative percentage curve

error (GCE [%]) is obtained dividing the global error by the area below the experimental curve. As described

13
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Figure 5: I,;, estimation at different irradiance conditions with respective regression lines

in [57], this procedure is not depending on the distribution of the experimental points along the curve and the
numerical result is more precise. The MAPE errors as well as the relative curve error for each method are shown
in Table [Bl

It is noticeable that all the explicit methods, except LambertW, have approximated the short-circuit current
Isc with much more accuracy than the fitting method. This can be easily justified by the fact that the fitting
method performs a global optimisation while explicit methods are working by using only notable points and
slopes. For the open-circuit voltage all of them achieves similar results, being LambertW the less accurate.
The case is the same when predicting the maximum power, but for this case, Phang method is slightly worse
than the other ones. It is very interesting the behaviour of SPRatio to estimate the exact location of the MPP,
because it not only achieves a very precise maximum power estimation, but also is almost as good as the fitting
procedure for obtaining the pair (Vemax,/pmax). When analysing the global curve error (similarity between

curves), Fitting, Phang and Toledo get very good results.

5. Results with additional series resistance

Once the ability of the different methods to estimate the values of the parameters at nominal conditions has
been tested, the next step is to study their behaviour when additional resistance is connected in series to the
module terminals. Specifically, we want to compare the capacity of the different methods to detect correctly
the emulated variation of the PV series resistance. In other words, when a series resistance of a nominal value
p is added, a particular method m estimates a value of serial resistance equal to R (p) that is expected
to account the emulated variation. The objective would be to calculate how much greater is this value with

respect to Rr™ (0 Q) that is the value without additional resistance, then ARgm)(p) = R{™ (p) — Rgm)(O Q) is
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Figure 6: Estimations of series and parallel resistances at different irradiance conditions by using the selected identification methods

the estimation of p provided by the method m.
In order to compare the R estimation belonging to different experiments (p =0 Q, p =03 Q, p =1 Q,

p = 1.5 Q), they should be referred to the same level of irradiance G;. However, each experiment has been
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Table 4: Mean value p and standard deviation o of the 5 SDM calculated by different methods

Fitting Phang SPRatio Toledo LambertW

w(lpn)  [A] 2.677  2.659 2.655 2.658 2.655
o(Ln) [A] 0.006  0.006 0.006 0.007 0.006
w(lo) [nA] 0.52 1.8 25 3.0 0.0079
o(Ip) [LA] 0.11 0.7 13 1.0 0.0007
w(n) 1.282 1.39 1.69 1.44 1.004
o(n) 0.010 0.03 0.07 0.03 0.002
w(Rs) 9] 0.336  0.312 0.000 0.260 0.452
o(Rs) [9] 0.005 0.009 0.000 0.012 0.005
w(Rsp) Q] 105.8 182 206 182 86.3

o(Rsn)  [9] 2.1 13 10 13 1.3

Table 5: MAPE of electrical parameters and global curve error (GCE)

LambertW Phang SPRatio Toledo Fitting
Isc [%)] 0.5 0.0003  0.0015  0.00010 0.4
Voo o [%] 0.4 0.13 0.11 0.11 0.14
Proax  [%] 0.10 0.15 0.08 0.11 0.08
Ipmax  [%] 0.6 0.9 0.3 0.6 0.3
Vemax %) 0.7 0.7 0.3 0.5 0.21
GCE  [%] 1.4 0.3 0.9 0.3 0.3

performed under outdoor conditions on different days, being the sequence of the values of incident irradiance
G different from one experiment to other. Therefore, it is very difficult to find two estimations of R from
different experiments but with the same irradiance. This issue has been solved by using the regression lines
of R, estimated in the previous experiments (eq without PV degradation. Indeed, for each method the
corresponding regression line allows to estimate the value of Ry for a given irradiance G1 when p = 0 €. In this
way, for each experimental I-V curve measured with an additional series resistance p and under an irradiance
G1[i], the RrR™ (p)[i] is estimated directly with the method m whereas the value Rr™ (0 )[¢] in Gq[i] is calculated
by using the regression line.

The regression lines are then calculated for the points {Gi]i], AR(™ (p)[4]}, to study if there is any correlation

between the detected resistance variation ARgm)

and the incident irradiance Gi. The values ARgm)(p) should
be as close as possible to the added resistance p and independent on the irradiance (the regression line should
be flat and R? very close to zero).

The results of these calculations for the different methods can be seen in Figure [7] and Figure In ev-
ery figure, six lines have been plotted but three of them are common: the regression lines of ARgF)(O.Z’» Q),

ARgF)(l.O Q) and ARgF)(l.E/) Q) where ) stands for the Fitting method that is still representing the refer-
ence. The other three lines of each figure correspond to ARgm)(O.?) 0), ARgm)(l.O ) and ARgm)(l.E) ), being
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m €{Phang, Toledo, LambertW, SPRatio} in the different figures.

By comparing the four explicit methods with respect to the fitting results it is shown that Phang and Toledo
methods are very effective in the identification of ARs. LambertW method gives always an underestimation
of ARs;. Moreover, the higher the added resistance the higher the error AR — p, hence LambertW method
is not suitable to identify the SDM parameters for a highly degraded PV panel. As concerns the SPRatio,
the assumption that Ry is neglected when the coefficient SPR < 1 says that the method is not able to detect
degradation when the PV series resistance is low. Nevertheless, SPR is itself a potential discrete indicator of
degradation because when the series resistance increases the SPR indicators becomes higher than 1 indicating

that the Rs cannot be neglected.

Table 6: Mean value p and standard deviation o of the parameters with additional Rs = 1.5 Q

Fitting Phang SPRatio Toledo LambertW

w(Ly)  [A] 2688 2659 2624  2.659 2.624
o(l,,) [A] 0004 0004 0003  0.004 0.003
w(l)  [pA] 034 0.92 57 1.2 0.0086
o(ly)  [pA] 003 007 5 0.1 0.0004
p(n) 1.240 1.323  1.829  1.347 1.0027
o(n) 001 0.2 0.01 0.02 0.002
w(R) [ 1.858 1831 1532  1.809 1.722
o(R,) [Q 0003 0003 0004  0.003 0.002
w(Ren) (9 89.4 137 00 135 58.4

o(Rsn) (9 1.2 4 4 0.4

Table [6] shows the identified SDM parameters while Table [7] reports the MAPE of the main electrical
parameters and global curve error for the experimental cases performed with the additional series resistance
p =15 Q. Again LambertW does not give satisfying results in terms of global curve error. Focusing on the
others explicit methods, is confirmed that although they do not provide a set of identified parameters close
to the results obtained by the Fitting Method, they are able to reproduce the I-V curves with a global curve
error very small, providing a good similarity between experimental and analytical I-V curves. Indeed, the I-V
curves shown in Figure[J]are almost overlapped with experimental results except for the Lambert W method that
provides an I-V plot slightly different. This happens in both normal and degraded conditions by confirming that
such comparison is not enough to verify which methods is more effective to estimate correctly the Ry variation

and, as a consequence, to detect the PV degradation properly.

6. Conclusions

An experimental validation of explicit methods used for the SDM parameter identification has been carried
out in this paper. The analysis has been focused on the series resistance identification in presence of degraded
I-V curves. Among them Phang method exhibits good capability to estimate both the R, resistance as well as

the emulated additional series resistance ARj.
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Figure 7: Detection of additional series resistance AR for Phang and Toledo methods

Toledo method gives an underestimation in the Ry calculation but it is strongly accurate in ARy estimation

because the error of R calculated in nominal is almost totally compensated by the error of R calculated in

degraded condition.
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Figure 8: Detection of additional series resistance AR for LambertW and SPRatio methods

LambertW method is less accurate in R, calculation and moreover the AR, estimation worsens as the
additional series resistance increases. This method seems more effective in the evaluation of Ry, parameter.

SPRatio method gives bad results in Ry and AR, calculation, nevertheless the SPR coefficient could be used
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Table 7: MAPE of electrical parameters and global curve error (GCE) with AR; = 1.5

LambertW Phang SPRatio Toledo Fitting

Isc (%) 3 0.004  0.007  0.0014 0.3
Voc (%) 0.6 0.22 0.12 011  0.15
Poox (%) 0.6 0.3 0.12 012  0.10
Ipmax  |%) 3 0.6 0.015 0.4 0.11
Vemax %] 4 0.3 0.10 024  0.09
GCE  [%] 4 0.4 1.2 0.3 0.20

as discrete indicator for degradation since it strongly depends on the R, variation. SPRatio method gives also
and almost exact location of the MPP point both in nominal and degraded conditions.

The analysis reported in this paper, although is not exhaustive, allows to assess that some set of explicit
equations provide accurate evaluation of PV series resistance therefore suitable to be implemented on embedded
systems for online parameters identification. Further analysis are currently ongoing by testing other explicit

methods by using also different I-V curves databases in order to generalise the provided results.
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