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Estimation of Equivalent Model of Photovoltaic
Array Using Unscented Kalman Filters

M. A. Gonzalez-Cagigal, Jos¢ A. Rosendo-Macias, and A. Gomez-Exposito, Life Fellow, IEEE

Abstract—This paper proposes the use of the unscented Kal-
man filter to estimate the equivalent model of a photovoltaic
(PV) array, using external measurements of current and voltage
at the inverter level. The estimated model is of interest to pre-
dict the power output of PV plants, in both planning and opera-
tion scenarios, and thus improves the efficient operation of pow-
er systems with high penetration of renewable energy. The pro-
posed technique has been assessed in several simulated scenari-
os under different operating conditions. The results show that
accurate estimates are provided for the model parameters, even
in the presence of measurement noise and abrupt variations un-
der the external conditions.

Index Terms—Equivalent model, parameter estimation, photo-
voltaic energy, unscented Kalman filter.

1. INTRODUCTION

N many countries, solar energy is becoming one of the

main sources of renewable energy. Photovoltaic (PV) tech-
nology has been widely adopted due to its high reliability,
simplicity, low upfront and maintenance costs, and low envi-
ronmental impact [1]. However, the efficiency of a PV sys-
tem is highly dependent on environmental factors such as so-
lar irradiation [2], temperature [3], and maintenance (i.e.,
cleaning) routines [4], which can significantly affect the per-
formance of the overall system. In this regard, the optimal
operation of PV systems benefits from an accurate modeling
of PV modules, including the identification of parameters in-
volved in the mathematical model [5].

Several methods have been proposed for the estimation of
PV model parameters, which can be broadly grouped into:
analytical methods [6], [7], where manufacturer data are di-
rectly used to calculate the parameter values based on explic-
it expressions; metaheuristic methods, where the identifica-
tion of parameters is formulated as an optimization problem
[8], [9]; and hybrid methods, where the advantages of the
two previous methods are combined [10].

All of these techniques address the parameter estimation
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problem in a static fashion. However, the temperature of PV
panels, which evolves over time according to a series of
well-known heat transfer mechanisms, has a remarkable in-
fluence on the power delivered by the system. For this rea-
son, dynamic state estimators (DSEs) can be the right tool
for a joint estimation of the state variables and parameters in-
volved in the modelling of PV modules. The most common
formulation of DSEs resorts to Kalman filters (KFs), which
are widely used for state estimation in electric power sys-
tems [11], and also for parameter identification [12], [13].

A particular formulation of the KF, the so-called unscent-
ed KF (UKF), has gained popularity due to its good perfor-
mance in the estimation of non-linear systems, compared to
other formulations such as the extended KF (EKF) [14].

When real PV power plants are analyzed, though, com-
posed of arrays of PV panels connected in series, the estima-
tion of parameters at the module level can be difficult in
terms of computational complexity and lack of required indi-
vidual measurements. To overcome this issue, this paper pro-
poses a UKF-based estimation technique for the identifica-
tion of states and parameters of an equivalent model of a PV
array, using measurements of the terminal voltage and cur-
rent along with the information provided by weather sta-
tions. The proposed implementation of the UKF solves an
implicit equation for the output current, without the need to
calculate the Jacobian matrices for the state transition and
observation models. The complexity involved in computing
these matrices hampers the application of the EKF formula-
tion to the problem at hand.

The proposed technique is validated using different simula-
tion scenarios, showing the benefits of the estimation tech-
nique when planning the maintenance of PV panels and ob-
taining a prediction of the energy produced by the array.
Moreover, the identification of the equivalent model of a PV
array can enhance the operation and control of the overall
power system. To the authors’ best knowledge, there has
been no research attempting to estimate an equivalent model
for a PV array, taking into account the dynamic evolution of
the panel temperature, based on the produced power and ex-
ternal conditions.

In a preliminary work [15], the authors applied the UKF
to the joint state and parameter estimation of PV modules.
The main contributions of this paper with respect to [15] are
as follows.

1) The proposed estimation technique is applied to the
identification of parameters of an equivalent model, corre-
sponding to a whole PV array, while in [15], the estimated
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model was for a single PV panel.

2) The panel temperature was assumed to have an un-
known dynamic evolution [15]. In this work, a thermal mod-
el is considered for such an important variable in the electric-
ity performance of a PV facility.

3) Many more and more comprehensive tests have been
designed in this paper to check the suitability of the UKF
for this purpose.

The remainder of this paper is organized as follows. Sec-
tion II presents the UKF algorithm, while the equivalent
model of the PV module is described in Section III. The im-
plementation of the UKF-based estimation technique to the
system under study is provided in Section IV. The case stud-
ies used to assess the performance of the UKF-based estima-
tion technique and the application of this technique to ener-
gy management are addressed in Sections V and VI, respec-
tively. Section VII outlines the main conclusions.

II. UKF ALGORITHM

KF implementations require a set of state equations, in-
cluding the dynamic and measurement equations. In the case
of continuous-time and discrete-measurement non-linear sys-
tems, these equations can be expressed as:

X(0) = (x(0), u(®))+ w() (M

2t )=g(x(t, ). u(t))+v(t, ) 2)
where x(¢) is the state vector; u(f) is the system input vector;
z(t,) is the measurement vector at instant #,; f(-) and g(-) are
the measurement functions; and w(¢) and w(z,) are the model
and measurement noises, which are assumed Gaussian pro-
cesses with covariance matrices Q and R, respectively.

In the discrete time domain, considering a time step At
the above equations become:
X =X AU u )+ wy

3)
7=8(xp u, )+, “)
From the above discrete model, by linearizing the non-lin-
ear functions in (3) and (4), the EKF can be readily applied.
However, in the particular application considered in this
work, implicit equations are involved in the observation
model, so the calculation of the Jacobian matrices for func-
tions f(-) and g() is far from trivial. For this reason, this
work makes use of the UKF, whose implementation is based
on an iterative process with two different stages [16].

A. Prediction Stage

At instant &, a cloud of 2L+ 1 vectors, called o-points, is
calculated from the previous estimate of the state vector x,_,
(dimension L) and the covariance matrix of the state estima-
tion error P,_, using the following expression:

o
X 1=X1

xli—lz)ek—l+|:\/m:|i i=1,2,...,L 5)
xll::%:&k—l - [\/ml
where [m}

i=1,2,..,L

+L

is the " column of the matrix

i

V(L+2)P,_, that has been calculated in this work using the
Cholesky decomposition; and 4 is a scaling factor calculated
from (6).

i=a;(L+x)-L (6)
where a, and « are the filter parameters to be tuned. These o-
points, evaluated using (3), yield 2L+1 vectors x;7, from
which the a priori estimations x; and P, are obtained as:

2L
.%]; = szi x/f: (7)
i=0
2L ) R ) .
Pi= YW, (x| —%)x - %)+ 0, ®)
i=0

where W,, and W, are the elements of the weighting vectors

W, and W, respectively, which are calculated as (9).

A
W= T2
A
WCO:*L-F)L +1-ai+p )
1
W..=W.,= AL+7) =1,2,...,2L

where £ is another tunable parameter.

B. Correction Stage

On the basis of the a priori estimations, a new cloud of
vectors is calculated as:

x) =x;
A R(CRTS B S
x}j*”*:&;—[ (L+A)P;} i=1.2,.L

i+L

Formula (10) is then used to evaluate the measurement
function g(-) in (4), yielding

v, =g(x;,u,) i=0,1,..,2L (11)
These values are weighted using W,, defined by (9) as:
2L
Zi= D Wtk (12)
i=0

Then, the covariance matrix of the measurement estima-
tion error P, and the cross-covariance matrix of state and
measurements P_, are obtained using W, as follows:

2L
Po= > W, 0y 20 —2)" +R, (13)
i=0
2L ) A ) .
Po= > W, (xi —X)@ —20)" (14)
i=0

By using the a priori estimations at instant k£ from (7) and
(8) and the Kalman gain from (15), the a posteriori estima-
tions can be obtained from (16) and (17), respectively, both
of which are necessary for the next step.

K.=P_ (P,)" (15)
X=X, +K,(z,-2;) (16)
Pk:Pk_Ksz_kKkT (17)
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C. Parameter Estimation

State estimation requires the previous knowledge of the
parameters involved in the dynamic model, such as that pre-
sented in the following section for the equivalent model of
PV module. However, when these parameters are not known,
estimation techniques such as UKF can be used for a joint
estimation of state variables and parameters [17]. In this
way, an augmented state vector x.=[x",w"] is adopted,
where x contains the state variables and y includes the mod-
el parameters to be identified. Then, the dynamic model rep-
resented by (3) and (4) is replaced by the augmented one:

X X, +Atf(x,_u,_,)
|:k:|={kl of (X, w, (18)
L Vi

2 =8(X o u )+ v, (19)

where w, is now the augmented model noise vector, includ-
ing not only the state variable components, but also the pa-
rameter components.

III. EQUIVALENT MODEL OF PV MODULE

In this section, the equivalent model considered for the
PV module is presented, as implemented in the UKF algo-
rithm previously described. A single-diode model is taken, as
presented in [18] and represented in Fig. 1.

l[D R, I +

XZ D R, 14

Loy

Fig. 1. Single-diode model considered for equivalent model of PV module.

The current through the diode 7, is calculated using the
Shockley’s equation as:

(20)

qV+R.I) ) - 1)

ID:In(exp AN kT

where /, is the reverse bias saturation current of the diode; A4
is the diode ideality factor; &V, is the number of cells connect-
ed in series; k is the Boltzmann constant; J is the terminal
voltage of the equivalent model of PV module; ¢ is the elec-
tron charge; R, is the series resistance; / is the terminal cur-
rent of the equivalent PV module; and 7 is the temperature
of the equivalent model.

The current produced by the equivalent model of PV mod-
ule 7/, in Fig. 1 is obtained using the array irradiation G,
and the average array temperature, yielding the following ex-
pression.

G re) ref
Gpﬁ [+ (T~ T")] (21)

where G'¢ is the reference irradiation; 7" is the reference
temperature; u is the temperature coefficient; and /; is the
short-circuit current of the module under standard condi-
tions. The value of G,, depends on the solar irradiation G,
and a so-called cleaning factor, denoted as ¢ and used in

Ipy=
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[15]. This factor is determined by the soiling of panels com-
prising the array for which the equivalent model is estimat-
ed. Taking the above into account, the following expression
is considered for Gp;:

Gpy=cG, (22)
Finally, 7 is calculated through Kirchhoff’s current law as
follows:

V+R.I
I=1p,—1p~ R (23)

14

where R, is the parallel resistance.

It can be noticed that the model represented by (20)-(23)
is algebraic and the parameters involved are considered as
constants. However, it is well known that the temperature of
the PV panels evolves dynamically according to the thermal
equilibrium equation, derived from the first law of thermody-
namics, yielding:

¢, =00,-P-0.-0,
where C,, is the heat capacity of the equivalent model of PV
module; Q. is the array heating by solar radiation; a is the
absorption factor of PV cells; P is the power produced by
the array (P=V1); Q. is the conductive heat transfer; and Q,
is the radiative heat transfer. For the last two terms, the ex-
pressions in [19] are used in the case study presented in this
paper. The values of O, Q,, and Q, depend on the following
meteorological variables: ambient temperature 7, solar ra-
diation G,, and and horizontal wind speed v,, (in this work,
the PV panels are assumed to be in horizontal position for
the test cases presented in Section V).

The magnitudes of those variables can be collected by
weather stations located at the corresponding PV plant.

Regarding the absorption factor a, [20] presents an experi-
mental analysis concluding that 90.5% is an adequate value
for this parameter in crystalline silicon PV cells, so that a=
0.905 p.u. will be considered in this work.

From (24), it is concluded that the temperature of the
equivalent model of PV module at instant k£ is dependent on
its value at instant k—1, which leads naturally to a DSE
model aimed at jointly estimating the state variables and the
model parameters.

24

IV. IMPLEMENTATION OF UKF-BASED ESTIMATION
TECHNIQUE

The implementation of the proposed UKF-based estima-
tion technique is depicted in the flowchart of Fig. 2.

A. Data Acquisition and Estimation of Equivalent Model of
PV Module

As mentioned in Section II, an augmented state vector can
be defined when the model parameters are not known, so
that a joint estimation can be carried out using the UKF. For
the equivalent model of PV module described in Section III,
the state vector x is only composed of the temperature of the
equivalent model:

x=[T] (25)
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Fig. 2. Flowchart of proposed UKF-based estimation technique.

While the components of the parameter vector y are:
w=[R, R, u A c] (26)
So, the size of the augmented state vector x, is L=6. In
the implementation of the proposed technique, a total of 5
magnitudes are supposed to be measured from the system un-
der study, namely the terminal voltage 7 and current /, to-
gether with the meteorological variables presented in Section
III. These magnitudes are divided into system inputs, yield-
ing the vector u'=[V,T,,,.G,v,] and the measurements
used in the correction stage of the estimator z=[/] [21].
The state-transition equation (3) in the UKF algorithm is
as follows:

At
T=T,,+ Ci(an,k—l “Vieidi =0k 1= Qi) 27)

where O, ,_, and Q,,_, are calculated using the expressions
in [19], the panel temperature, the wind speed, and the ambi-
ent temperature at instant k— 1.

Regarding the measurement function g() in (11), it is not
possible to obtain an explicit expression for the current /7, as
a function of the state variable and system inputs. For this
reason, the corresponding implicit equation has to be solved:

¢ G? rej ref
I,= z;re/’k 7+ (T, = T")] =
b ( (q(Vk+Rs,k[k) ) ) Vi+ R 1,
Jdexpl————— |- l| - ———

AN KT, R (28)

p.k
The specific details related to the UKF tuning will be pro-
vided in the following section.

B. Error Assessment

After estimating the parameters of the equivalent model, it
is crucial to assess the reliability of the estimate. For this
purpose, an additional set of data is generated for the simu-
lated system under study. Then, this test set is used to verify
whether the terminal current predicted by the reduced esti-
mated model aligns well with the current measured from the
entire PV array. In this regard, several metrics will be ex-
plored in Section V to evaluate the accuracy of the estimated
model.

Additionally, a comparison will be presented between the
results provided by the proposed technique and the EKF
scheme [22]. The analytical derivation of the required Jacobi-
an matrix for g(-) is far from trivial, given the implicit nature
of this function. To overcome this issue, numerical methods
should be used for the derivation of this Jacobian matrix.
However, as standard methods gave rise to numerical prob-
lems, a robust technique based on complex-step differentia-
tion [23] is finally adopted in this work for the EKF scheme.

C. Bad Data Detection

As stated in Section III, the estimated cleaning factor ¢ is
intended to quantify the level of soiling of the array of PV
panels. However, sudden variations in this parameter could
originate from bad data in the measurements of solar radia-
tion or terminal current. To address this issue, two verifica-
tions concerning the estimated value of ¢ are proposed at
each time step.

1) Absolute deviations in the estimated value of ¢ from in-
stant k—1 to &, i.e., , exceeding a specific threshold

(z. in Fig. 2) might be caused either by abrupt variations in
the cleaning factor or by bad data in the involved measure-
ments, so that a warning notification should be triggered.
This allows for an analysis of the underlying cause behind
this sudden variation.

2) Considering the nature of the cleaning factor, an estima-
tion where ¢,>1 should be regarded as an indicator of bad
data.

The points described above focus on detecting and eventu-
ally identifying permanent outliers. The impact of sporadic (i.
e., non-permanent) inaccurate data on the accuracy of the es-
timated model is evaluated in the following section.

Cr=Chy

V. CASE STUDIES

In this section, the proposed technique is assessed in its
ability to estimate the state and parameters of an equivalent
model for a PV array composed of 16 modules, as shown in
Fig. 3, where the terminal voltage and current measurements
are represented. Three scenarios are considered in this paper.
For the calculation of the terminal voltage of the PV array
in the simulation, a maximum power point tracker is imple-
mented in the inverter, based on a perturb and observe meth-

od [24].
E&" I A
DC/AC
Il>% V.,I  inverter
Bypass diode Bypass diode
16 modules
Fig. 3. PV array considered in case studies.

In all the scenarios included in this paper, commercial
180 W PV modules are considered, characterized by the data
shown in Table I [25]. In order to emulate the natural manu-
facturing variability of these parameters for the set of mod-
ules comprising the array, 10% random errors have been add-
ed to the values of R, R, 4, u, and I, in Table 1. The men-
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tioned variability further justifies the use of UKF for the esti-
mation of parameters in the equivalent model, since the real
values of parameters of the 16 modules are unknown.

TABLE I
PARAMETERS OF TESTED PV MODULES

Parameter Value
R, 0.39381 Q
R, 313.055 Q
A 0.98119
Iz 0.0032 A/K
N, 60
I, 10° A
Y 7.34 A
Length 1.576 m
Width 0.825 m
Weight 22.7 kg
Rated power 180 W

The UKF requires an initial estimation of the augmented
state vector. For this purpose, the panel temperature is initial-
ized in all cases with the measured ambient temperature val-
ue at the beginning of the simulation, while the parameters
of the equivalent model are given the values included in Ta-
ble I. Regarding the covariance of this estimation error, it is
initialized as a diagonal matrix, namely

P,=diag(1,1,1,1,1,1) (29)

The UKF is implemented considering the parameters o=
10, x=3—-L=—-4, and f=2, as proposed in [26], where the
influence of these scaling parameters is assessed. The covari-
ance of the measurement noise is taken as a diagonal matrix
with R,=10"". Finally, for the model noise covariance ma-
trix @, a self-tuning process is implemented, as proposed in
[27], where Q is estimated as the innovation covariance.

The proposed technique is assessed in a scenario where
the whole set of parameters is estimated under normal oper-
ating conditions. Once the model parameters are identified,
two additional scenarios are presented where only the coeffi-
cient ¢ is included in the augmented state vector for the
UKF algorithm, while the rest of the parameters are given
their estimated values in the first scenario.

In all scenarios, MATLAB has been used for the simula-
tion of the complete PV array and the implementation of the
proposed technique. To conduct the case studies in this
work, a computer with an Intel™® Core™ i5-8400 CPU run-
ning the Windows 10 Pro OS is used. As a reference, the
computation time in the first scenario (with information
from 5 hours) for the proposed technique is 10.37 s.

A. Scenario I: Normal Operation

In scenario I, typical profiles for the solar irradiance and
the ambient temperature are assumed, as represented in Fig.
4 for the 10 hours considered in the simulation. A time step
At=1 min is chosen, with 1% error artificially added to the
measured magnitudes.
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Fig. 4. Solar irradiance and ambient temperature in scenario 1.

For the cleaning factor of the PV modules, a baseline val-
ue ¢=0.85 p.u. with 10% random error is used in the simula-
tion. A typical profile has also been considered for the wind
speed variation, so that the dynamic evolution of the panel
temperatures can be obtained and, as a byproduct, the termi-
nal voltage of the simulated PV array can be obtained.

Using the measurements from the first 5 hours of the sim-
ulation, the UKF provides the estimated parameters in the
equivalent model shown in Fig. 5. Additionally, the simulat-
ed temperatures of the 16 modules in the array are shown in
Fig. 6 (solid lines), along with the estimated temperature of
the equivalent model of the PV panel (dashed line). It can
be noticed that the estimated temperature lies in the middle
of the simulated temperatures, as expected.

0.4
0.2t
0

0.2
12¢
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£ 1.0F
= 09}
0.8
0412
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S 313054}
-~

313.053
1.2¢

1.0f
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Fig. 5. Estimated parameters in scenario I.
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Fig. 6. Simulated temperatures of PV modules and estimated temperature

of equivalent PV panel.

The EKF formulation was also considered in this scenario
for the estimation of equivalent parameters. As mentioned
previously, a numerical calculation of Jacobian matrices is
implemented, using a complex-step differentiation method.
Despite the use of this sophisticated tool, the EKF presents
slower convergence speed in the parameter estimation com-
pared with that of the UKF, as depicted in Fig. 7 for the se-
ries resistance R, where it can be observed that a steady-
state value is not reached in the case of the EKF for the con-
sidered time lapse.

0412
0410}
0.408
0.406 f

S 0.404

< 0.402
0.400
0398
0396

0.394

1.0 1.5 20 25 3.0 35 40 45 50
Time (hour)

0 05
Fig. 7. Estimation of parameter R, provided by EKF and UKF.

In order to assess the accuracy of the estimated parame-
ters, the evolution of the actual (i.e., simulated) terminal cur-
rent during the last 5 hours of the simulation is compared to
the terminal currents calculated with the equivalent model
considering estimated parameters provided by the UKF
(model 1) or EKF (model 2) and the equivalent model con-
sidering baseline parameters assumed in Table I (model 3).
This comparison is represented in Fig. 8, where it can be no-
ticed that the terminal current calculated with model 1 is
much closer to the simulated one, giving evidence of the
good performance of the proposed technique. Additionally,
the terminal current calculated with model 2 is clearly less
accurate than that calculated with model 1.
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Fig. 8. Comparison of simulated and calculated terminal currents.

To quantify the resulting errors in the calculated terminal
current, the mean relative error (MRE), the mean square er-
ror (MSE), and the maximum absolute error (MAE) are pre-
sented in Table II for models 1-3. As previously mentioned,
the errors obtained with model 1 are lower than those ob-
tained with models 2 and 3.

TABLE IT
METRICS OF OBTAINED ERRORS IN TERMINAL CURRENT

Model MRE (%) MSE (A2 MAE (A)
1 1.49 0.14 0.06
2 5.61 0.92 0.73
3 6.77 1.12 048

The influence of the measurement errors in the accuracy
of the estimated model is subsequently analyzed. Table III
shows the MRE of the calculated terminal current with dif-
ferent noise levels in measurements within the same time
lapse as in Fig. 8. It can be noticed that, even for high noise
levels in the measurements, the resulting MRE remains ac-
ceptable, showing that the proposed technique is robust
against high measurement errors.

TABLE III
MRE OF CALCULATED TERMINAL CURRENT WITH DIFFERENT NOISE
LEVELS IN MEASUREMENTS

Noise level (%) MRE (%)
1 1.49
2 1.58
5 3.02
7 6.85

Finally, the performance of the proposed technique is as-
sessed when measurements of the terminal current sporadi-
cally contain outliers (bad data). In this context, Table IV
shows the MREs in the terminal current with the increasing
rate of outliers. The outliers are created by randomly setting
the measured values to be 10 or 0.1 times the corresponding
simulated values. In light of the results presented in Table
IV, it can be concluded that the deterioration of the UKF per-
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formance is not very pronounced when reasonable rates of
outliers are considered. Furthermore, to attenuate the poten-
tial impact of outliers, a pre-processing of the database used
for the estimation could be implemented to detect and re-
move outliers.

TABLE IV
MRE IN TERMINAL CURRENT WITH INCREASING RATE OF OUTLIERS

Rate of outliers (%) MRE (%)
1 1.51
2 1.97
5 4.72

B. Scenario 1I: Global Variation in Cleaning Factor

In this scenario, abrupt changes in the cleaning factor ¢
are simultaneously applied to the 16 modules in the PV sys-
tem under study. First, at the 3™ hour, all cleaning factors
are reduced 60% of their initial values, simulating a sudden
soiling of panels. This may happen, for instance, when a
flock of sheep runs in the vicinity of a PV plant, an increas-
ingly common situation in certain rural areas, also, after a
dust or sand storm in desert areas. Then, at the 6™ hour,
these values are increased to ¢=1 p.u., assuming that the
modules have been cleaned (for example, due to the effect
of rain). In this scenario, only the coefficient c¢ is included in
the parameter vector to be estimated, and the external condi-
tions are equal to those in that scenario.

Figure 9 represents the evolution of the coefficient ¢ in
the equivalent model of the PV module. It can be noticed
that this parameter decreases at the 3™ hour and increases at
the 6" hour, giving evidence of the good performance of the
proposed technique.

11,
1.0}
0.9}

08}

;ﬁ 0.7}

Q 06 L
05}
0.4}
03}
0.2

o 1 2 3 4 5 6 7 8 9 10
Time (hour)

Fig. 9. Estimation of parameter ¢ in scenario II.

The ability demonstrated by the proposed technique to de-
tect sudden or long-term variations in the production of a
PV array, due for example to a sustained soiling of panels,
can be exploited for the development of suitable PV plant
maintenance routines.

C. Scenario IlI: Partial Reduction of Cleaning Factor

In scenario II, the parameter ¢ is simultancously changed
for the whole set of modules in the PV array, assuming all

825

panels in series are affected by the same natural phenomena.
However, in certain situations, only a reduced number of
panels are affected by bird droppings (most common) or soil-
ing, and the resulting change in the power production can be
mistaken for normal variations under the external conditions,
or even with measurement errors.

To assess this issue, scenario III analyzes the estimation
of the parameter ¢ in the equivalent model of the PV mod-
ule under partial soiling conditions or panel malfunctioning.
For the subset of affected panels, the simulated cleaning fac-
tor is set to be the extreme value ¢=0 from the 5" hour un-
til the end of the simulation. As in scenario II, the parame-
ters have been given their estimated values in scenario 1. Fig-
ure 10 represents the estimated values of cleaning factor c
when 1, 3, and 5 modules are affected by the sudden clean-
ing decrease.

—— 5 modules are affected

—— 3 modules are affected
1 module is affected

0.85

0.80

c(p.u.)
=
~
S

g
=N
W

0.60

0.55

0.50

0 1 2 3 4 5 6 7 8 9 10
Time (hour)

Fig. 10. Estimation of parameter ¢ in scenario III.

In all cases, the estimation of ¢ remains essentially con-
stant until the event occurs. In all cases with modules affect-
ed by soiling or malfunctioning, the proposed technique suc-
ceeds in detecting the associated decrease in the parameter c¢
of the equivalent model.

Based on the aforementioned results, it can be concluded
that the proposed technique allows the identification of situa-
tions in which a small subset of modules in a particular ar-
ray have stopped producing energy. This aspect is not only
important from the point of view of energy production, but
also for maintenance purposes, as these undesired operating
conditions can lead to hot spots that can shorten the life of
assets.

VI. APPLICATION TO PRODUCTION MANAGEMENT

In the previous section, the proposed technique has been
assessed in the identification of the equivalent model of a
PV array under different external conditions. In this section,
the dynamically updated values of these parameters will be
used to enhance the predicted values of the energy produced
by the array.

In this case, 15-min prediction intervals are considered for
meteorological variables. The 10-hour predicted output ener-
gy is represented in Fig. 11 for the simulated model of the
PV array and models 1 and 3 in scenario I.
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Fig. 11.  Comparison of predicted output energy.

It can be noticed that the values obtained by model 1 are
much closer to those of the simulated model than the ones
obtained by model 3, giving evidence of the accuracy of the
proposed technique. The 10-hour prediction can be recalcu-
lated in real time as the estimated values of the parameters
are updated using the corresponding measurements. The en-
hanced predictions could be used, for instance, in the opera-
tion scheduling of battery energy storage systems associated
to large-scale or rooftop PV power plants.

VII. CONCLUSION

In this paper, a novel technique is presented for the state
estimation and parameters of an equivalent model of a PV
array, using for the unscented formulation of the KF. The
use of the proposed technique is motivated by the dynamic
behavior of the temperature of PV panels, which has a re-
markable influence on the power production. The equivalent
model considered is based on a PV module with a single-di-
ode model. For the joint estimation, a set of external mea-
surements are used, including not only electrical variables
such as the terminal current and voltage, but also the meteo-
rological conditions affecting the thermal model of panels.
Four simulated scenarios have been considered in this work
in order to evaluate the performance of the proposed tech-
nique.

The proposed technique is assessed with normal operating
conditions, where it shows its ability to estimate an equiva-
lent dynamic model of the PV array, which accurately calcu-
lates the terminal DC current. The proposed technique can al-
so provide acceptable results, both when measurements with
larger average errors are considered and in the presence of
temporary outliers. Additionally, the proposed technique is
compared to the EKF formulation. It can be concluded that
the latter formulation has lower accuracy in the estimation
of the equivalent model, compared to the proposed technique.

In a second scenario, a global decrease in the cleaning co-
efficient is simulated, and the proposed technique is able to
detect this variation in the corresponding parameter of the
equivalent model. Then, a third scenario is aimed at assess-
ing if the proposed technique can identify situations when
only a reduced number of modules in the PV array are af-
fected by soiling or malfunctioning. The results show that
even if 10%-15% of the modules in an array stop producing
electricity, the proposed technique can detect this anomalous
condition by noticeable deviations in the equivalent cleaning
factor, which can be helpful for prematurely detecting hot
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spots derived from these abnormal operating conditions.

Finally, the estimated equivalent model is used to predict
the energy produced by the PV array based on weather fore-
casts. It is confirmed that the predictions based on estimated
values are better than those obtained using bascline values
for the model parameters, since they do not take into ac-
count possible manufacturing differences among the panels
in an array or variations of the panel temperatures.

Incorporating an equivalent dynamic model of a PV array
into power system planning and operation enables utilities to
better manage the integration of renewable energy into the
grid. By more accurately predicting the behavior of the PV
array, utilities can optimize the dispatching and scheduling
of generation and storage resources, reducing the costs and
increasing the reliability.
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