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Abstract. The aim of this paper is to propose an approach
for photovoltaic (PV) sources modeling based on robust least
squares linear regression (LSR) parameter identification
method. On the basis of experimental data of solar irradiance,
cell temperature and voltage and currents at maximum power
points for a given PV array, correlation functions among the
considered quantities are defined. By implementing these
functions in a Matlab® Simulink model, accurate -V
characteristics for the considered array are obtained, managing
only the solar irradiance. The method is validated comparing
the computed and the experimental maximum power points
(MPPs). Its effectiveness is proven to be better with respect of
parameter identification methods based on discrete approaches
and standard LSR method.
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1. Introduction

Nowadays the more and more growing interest in
applications of photovoltaic (PV) sources, with all the
related problems of optimal exploitation, environment
impact and grid stability, has determined a speed up of
the research in this field. In particular several issues are,
currently, under consideration such as the prediction of
PV energy production, the optimal choice and design of
the power converter interfacing the PV generator to the
utility and the study of all the problems related to the
power electronic control, including the maximum power
point tracking (MPPT). In order to suitably face these
problems an accurate modeling of the PV source is
necessary. As a matter of fact, such modeling allows to
assess the I-V curves of a PV array, for varying
environmental conditions, and so to obtain an evaluation
of the PV source electrical behavior.

Several method are presented in technical literature to
model a PV generator. Some contributions [1]-[4] are
based on a modeling of PV cells through equivalent
circuits, others are based on a data base can be set up by
measuring I-V curves in different environmental
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conditions [5]-[6]. If the first approach is used, a suitable
technique for the model parameters extraction is needed.
As for the parameter identification, in [7] a method that
extract a PV panel model parameters on the basis of the
datasheet values is presented. This method has the
advantage to be rapid as no experimental measurement is
required but it can not take into account the actual data
spread due to panel characteristic tolerance. Another
approach is to use experimental measurements obtained
by a data acquisition system to identify the model [2],
[8]-[9]. This method has the advantage to take into
account the real behaviors of an experimental PV array.
On the other hand a great amount of data has to be
managed. The aim of this paper is to overcome the
limitation of previously proposed method developing a
PV array model according to its real experimental
electrical behavior but without the need of managing
many data. The adopted model is a four parameter model
based on the single diode circuit representation of the PV
cell. The parameter extraction is performed starting by
the consideration of the temperature and MPPs voltage
and current distributions versus solar irradiance. Such
distributions show a data placement along a straight line
that suggests the possibility to obtain such data by linear
regressions. In such a way the model parameters can be
identified by the knowledge of the only solar irradiance.
Both a linear least squares regression (LSR) and a robust
linear LSR have been used to identify the model
parameters. The proposed approach is compared with an
extraction method based on a discrete clustering of the
experimental data. The presented methods are
experimentally validated verifying the belonging of the
experimental MPPs to the corresponding computed I-V
curves. The paper is organized as follows: in section II a
description of the PV experimental plant is given; in
section III the PV source electrical model is presented.
Section IV deals with the discrete approach to PV model
parameter identification, section V  gives the
fundamentals on used linear regressions and explains
their application to the case study. Finally in section VI a
discussion and the experimental validation are presented.
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2. Experimental Plant

The experimental data have been obtained by a
1.45kWp PV plant installed on a roof footbridge at the
University of Palermo — Faculty of Engineering, set up
by Italian National Agency for New Technologies,
Energy and Environment (ENEA). The electrical features
of the array, under standard test conditions, are the
following: open circuit voltage, Voc(stc): 228.2V; short
circuit current, Isc(stc): 9.2A; maximum power voltage,
Vmp(stc): 185.5 V and maximum power current,
Imp(ste): 8A.

In Fig. 1 a view of the PV array is reported. The PV
plant is equipped with a data acquisition system that
measures the following parameters: panels temperature,
solar irradiance, DC voltage and current supplied by the
solar array to the inverter, AC voltage, current and power
supplied by inverter to the grid [10].

3. PV Source Electrical Model

A photovoltaic cell can be described by a
mathematical model that gives the relation between
voltage and current at its terminals.

The corresponding I-V characteristic equation is:

q(V+IR;) q(V+IR,) vVl
. . R
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: : R
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where 1,, is the photo-generated current; K is the
Boltzman constant = 1.38x10 J/K; ¢ is the electronic
charge = 1.6x10° ¥°C; Tis the cell temperature [K]; 4 is
the ideality factor of the diode; [; and I, are the
saturation current due to diffusion and the saturation
current due to recombination, respectively.

The I-V relation has a correspondent circuital model
reported in Fig. 2. Because the presence of the
recombination diode is relevant only at low voltage bias,
a widely used simplification of the circuit implements
only one diode, so the following I-V equation is obtained

[3]:

q(V+IR,)
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If the shunt resistor R, is neglected, the well known
four parameter model is obtained [11]. This last
simplification does not affect significantly the validity of
the model. It should be noted that, in any case, equations
(1) and (2), are non-linear and implicit so their analytical
solution is not practicable.

In order to exploit the PV cells’ characteristic to
produce electrical energy, they are connected in series
and in parallel and grouped in modules by manufacturer.
Modules can be further combined into panels and the
connection of the panels forms the entire photovoltaic
array that gives the desired I-V characteristics. The whole
assembly has a circuital model that is analogous to a four
parameter model but its parameters must be scaled. In
particular considering Np cells in parallel and N cells in
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series :

Iphtol :NPI
Is 100 =Np 1 (3)

Ng
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Hence, series connection increases the output voltage
and parallel connection increases output current.

Itot:NPI (4)
V., =NV

tot

This assumption is acceptable under the condition of
uniform irradiance and temperature through the PV field.
In case of partial shading, the electrical behavior of the
single modules should be accounted for.

The four parameters model needs four information to
be identified. In fact by rewriting for simplicity I-V
equation as follows:

_ [(V+IR,)K1+K 2]
I=1-¢

®)

where

L,=1;—L =11 =
AKT

The four parameters to be identified are K;, K, Ry and
1,. They can be obtained by the knowledge of the short-
circuit current (/.), the open circuit voltage (V,.) and the
maximum power point current and voltage (/,,, and V).

Iph Rs

Rp

Fig. 2. Equivalent circuit of a PV cell.
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By substituting these parameters into equation (5) and
imposing that the voltage derivative of the power is zero
at maximum power point, the following equations are
obtained:

I =] _e[(IWR\.)K1+K2]

sc o

- (VK 14K 2]
0=1,-e

(6)
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From the above mentioned conditions the following
relations for finding out the model parameters are
obtained:
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The last equation has the form 7,=f{I,) and it could be
solved by an iterative method; however the contribution
of the exponential term is negligible because it contains a
coefficient that corresponds to a reverse saturation
current, as a consequence it can be assumed /. = I, It
should be noticed that the obtained value of R, takes into
account the connecting cables resistance.

As for the knowledge of /. and V., they are usually
given by the manufacturer under standard test conditions,
i.e. AML.5, corresponding to a solar irradiance G,,=1000
W/m® and a cell temperature T, =25 °C. Their values for
each values of solar irradiance, G, and temperature, 7,
can be determined considering the following expressions.

Voc = Vnc(stc) +AVT(T_Z;IC)
¢ 8
Isc :G_[sc(stc) ( )

stc

where Vi) and Iy are the open circuit voltage and
the short circuit current given by manufacturer under
standard test conditions and AV;= -0.08 V/°C. It should
be noted that the V,. variation depends (weakly) on the
temperature, on the contrary irradiance has a large effect
on short circuit current.

It is also possible to achieve the values of V,. and I,
through off line measurements on the PV plant. The V.
can be obtained by a voltage measurement without the
inverter; the measure of /. is more difficult because it
requires the short circuit condition. However by
performing some measurement also the coefficients of
(8) can be deduced.

As for V,,,, 1., they could be deduced by data logger.
In the case under study the data logger acquires data
each 10 minutes, the voltage and current when the
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inverter is running should correspond to V,,, I,
Unfortunately this is not always true because there is no
synchronization with the MPPT algorithm therefore some
couples of data might have been acquired when the
algorithm is searching for the maximum after a fast
variation of solar irradiance. Moreover, with low solar
radiation, the inverter remains disconnected and the data
do not correspond to the maximum power.

On the other hand by measuring data it is possible to
obtain informations about the real characterization of the
plant, including the series resistance represented by the
cables that connect the photovoltaic generator to the
inverter. To this aim it is necessary to manage data in
order to discriminate the ‘“noise” represented by
undesired measurements.

4. Discrete Parameter Identification

By performing measurements from June to October
during all the day and sampling each 10 minutes, a set of
more than 12000 couples of experimental values of
current and voltage, corresponding to maximum power
points (MPPs), for solar irradiance and temperature
ranging between 7 W/m” and 1140 W/m® and 13°C and
58°C, respectively, have been acquired in all. Among
these couples only 7150 are situated for solar irradiance
and temperature ranging between 100 W/m’ and 1100
W/m® and 20 °C and 50 °C, respectively.

An approach to find out V,,, and /,,, from the data in
order to identify the PV model parameters consists in a
simple clustering of measured maximum power point
data on the basis of defined intervals of solar irradiance
and temperature. Then the estimation of MPP for each
cluster is obtained using a normal distribution for the
experimental data and performing a maximum likelihood
estimation (MLE) of the distribution parameters.

In Fig. 3 an example of experimental measured
MPPs, referred to irradiance range G=500+600 W/m® and
to temperature range 7 = 40+45 °C, is reported. From
Fig. 3 it is possible to observe a dispersion of
experimental MPPs, which is present in all the intervals
of measured data. However the problem consists on the
correct choice of irradiance and temperature step
intervals.

5. Linear Regressions
A.  Least squares linear regressions

It is often necessary to obtain a mathematical relation
between two (or more) variables. If (X;, X,,...,Xy) and
(Y, Y5, ..., Yy) are two set of data, by drawing the couples
(Xi, Y;) in a Cartesian diagram, a so-called dispersion
diagram is obtained. In such a diagram if it is possible to
identify a curve that approximates the drawn data, the
curve is said interpolating curve.

The problem consists in the choice of the curve and
determining its parameters. The simplest curve is the
straight line. In order to find a good approximation, the
straight line coefficients can be chosen so to minimize
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the sum of the square of the distance between each point
(X; Y) and the line obtaining the least square straight
line.

The least square minimization may be also utilized
with other kinds of curves. In formulas, the interpolating
straight line may be written as:

Y=a,+a,X 9

and the coefficients that minimize the square of the
distance between the line end the points are given by:

N N 2 N N
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The equation (9) estimates the variable Y on the basis
of the value of the variable X, the line is said regression
curve of Y on X.

The correlation coefficient evaluates the goodness of
the fitting of data on the considered curve, the standard
error measures the spread of data around the regression
curve. The correlation coefficient value can vary in the
range —1 and +1, if the value is zero there is not any
linear correlation between the two variables X and Y. For
linear case they are respectively given by:
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Fig 3. Experimental maximum power points of the PV array for
G=500+600 W/m2 and T = 40+45 °C.
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When more than two variables are involved a similar
approach can be utilized; for example among three
variables X, Y and Z a linear regression gives a plane in
the form: Z= by + b; X + b,Y and the use of more
complicated regression surfaces can be investigated.

B.  Robust least squares linear regressions

Robust regression is a form of regression analysis
devised to overcome some limitations of traditional
regression methods.

Robust fitting is commonly used when the data
contain outliers. In the presence of outliers, least squares
estimation is inefficient and can be affected by
inaccuracy. This is due to the shifting of the least squares
estimates towards the outliers and to the corresponding
altered increase of the estimates variance.

The application of the robust regression method for
the PV model parameters identification is performed
within Matlab® environment. In particular the embedded
robustfit function is used to obtain the regression straight
line coefficients estimates.

The robustfit function uses an iteratively re-weighted
least squares algorithm, with the weights at each iteration
calculated by applying the bisquare function to the
residuals from the previous iteration. This algorithm
gives lower weight to points that do not fit well. The
results are less sensitive to outliers in the data as
compared with ordinary LSR [13]-[15].

6. Data Analysis and Parameter

Identification

The aim of this section is to obtain a simple relation
that gives the V,,, I,, values versus solar irradiance and
temperature. This is a typical three variables problem.
The dispersion diagram of T versus G exhibits a linear
trend. The linear correlation coefficient value in this case
is 0.8183. It means that a linear relation between
temperature and solar irradiance can be found by linear
LSR.

By using eq. (10) the following relation is obtained

T=26377+0.023G (13)

In figure 4 the dispersion diagram of 7 vs. G with
superimposed the line defined by (13) is shown. The
standard error value, s, is 4.4636.

Thanks to this relation between 7 and G, the above
mentioned problem is reduced to a two variables
problem. However, it is well known that, in practice,
different temperatures can correspond to the same
radiation, according to other weather conditions as wind
speed and environment temperature [12]. Using the linear
regression, only one temperature is obtained for each
irradiance value. This temperature is nearly the more
probable, according to experimental data. This is
demonstrated using an algorithm, developed by the
authors, that gives the temperature value corresponding
to the greater group of experimental data for given values
of solar irradiance. Figure 5 shows that the temperature
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trend, obtained by the described algorithm, fits the linear
regression curve.

By observing the dispersion diagram of /,, and V,,
versus solar irradiance G respectively, it can be noted
that, in both diagrams, data are distributed in a straight
way except for low irradiance where a high data
dispersion is observed. The correlation coefficient value
is 0.9612 for the /,, and —0.2642 for the V,,. In such
cases the use of the linear LSR is not accurate enough.
On the contrary with the use of linear robust LSR, low
radiation data are considered as outliers and filtered.

In figure 6 the dispersion diagram of /,, vs. G is
reported with superimposed both the line obtained with
linear LSR and with the robust linear LSR.

In figure 7 the dispersion diagram of V,,, vs. G is
reported with superimposed both the line obtained with
linear LSR and with the robust linear LSR.

The obtained equations for /,,, and V,,,, with LSR, are:

1, ==0.155+0.0066 G

14
V,p =169.170-0.0069 G (14)

and the standard errors, sy, are, respectively, 0.5206 and
7.0204
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With the robust LSR, the equations for /,, and V,,
become:

I1,, =-0.470+0.0071G

15
Vip =172.440-0.0115G (13)

and the standard errors, s, decrease becoming,
respectively, 0.3176 and 5.5450. Equations (13) and (15)
are implemented in a Matlab® Simulink model that
allows to obtain continuously the photovoltaic array
model parameters, according to (7) and (8). As a result,
an accurate modelling of the PV array is obtained,
managing only the solar irradiance and considering the
dependence of 7, V,,, and /,,, on G.

7. Discussion and Experimental Validation

With the proposed approach, the PV array I-V
characteristics are obtained, once the solar irradiance is
given. In Fig. 8 the I-V characteristics, computed for G
varying in the range 500+570 W/m2, are shown, in
comparison with the unique characteristic obtained when
a discrete parameter identification is performed.

dispersion diagram
least squares regression, sls=0.5206

robust regression, sr=0.31 76

‘ ‘ ‘ ‘
400 600 800 1000 1200
G [W/m?

Fig. 6. Dispersion diagram of Imp vs. G with superimposed

LSR and robust LSR lines.
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Fig. 7. Dispersion diagram of Vmp vs. G with superimposed
LSR and robust LSR lines.

RE&PQJ, Vol. 1, No.7, April 2009



It is evident that the PV model parameters
identification based on linear regressions overcomes the
limitations of the step-by-step approach, giving a
continuous representation of the PV source electrical
behaviour.

In Fig. 9 the I-V characteristics, obtained when the
PV model parameters identification is based on
regressions (both LSR and robust LSR), are reported. It is
possible to notice that, for low and high irradiance
values, there is a deviation between the LSR-based and
the robust LSR-based characteristics. This is due to the
great spread of data at low irradiance and to the small
amount of available data at high irradiance. On the other
hand, a good matching between the LSR-based and the
robust LSR-based characteristics is observed in the
irradiance range where experimental data are better
correlated to regression lines.

In Fig. 9 the MPPs are reported too. In particular the
computed MPPs (both on LSR and robust LSR-based
characteristics) and the experimental ones, for the
different couples of values of irradiance and temperature,
are shown. From Fig.9 it is evident that the experimental
MPPs are very close to the computed MPPs on the robust
LSR-based characteristics.

This result is confirmed by the values of the
experimental powers at MPPs evaluated in comparison
with the computed ones and reported in table I.

8. Conclusions

In this paper the parameters identification of a PV
source model is performed by using a robust LSR
method. Introducing correlation functions among the
voltage and current at MPPs, the temperature and the
solar irradiance, involved in the PV array electrical
behaviour, the PV source model is accurately identified.
Implementing the proposed method in a Matlab Simulink
model, the I-V characteristics of the PV array are
obtained, simply managing the solar irradiance.

The method is experimentally verified and it is
demonstrated to be more effective with respect of
parameter identification methods based on discrete
approaches and standard LSR method.
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Fig. 8. Comparison of I-V characteristics obtained by linear
regressions-based and discrete parameter identification
approaches.
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TABLE I — Comparison of Power at MPPs

LSR robust LSR | Experimental
G [W/m2] Pmp [W] Pmp [W] Pmp [W]
100 85.07 41.63 58.46
550 574.75 573.54 564.44
750 786.36 799.34 817.85
950 994.34 1017.79 1018.50
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