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Abstract: This research presents a method to improve data accuracy for the more efficient data man-
agement of the studied applications. The data accuracy was improved using the preciseness func-
tion learning model (PFL model). It contains a database in which the amount of data is more or less
dependent on all of the possible behavior of the studied application. The proposed model improves
data with functions obtained by optimizing curves to represent the data at each point, which esti-
mate the database’s diffusion behavior, and functions can be built around all of the various forms
of databases. The proposed model always updates its database after processing. It has been learning
to optimize the processing precision. In order to verify the precision of the proposed model through
its application to a PV system simulation model, the process’s database should contain at least one
year. This is because the overall behavior of the PV power output in Thailand depends on the sea-
sonal weather; Thailand has three seasons in a period of one year. The testing was performed by
comparing the PV power output. The simulation results with the actual measurement data (12 MW
PV system) can be divided into two conditions: the daily comparison and the seasonal PV power
output. As a result, the proposed model can accurately simulate the PV power output despite the
sudden daily climate change. The average nRMSE (normalized RMSE) of the proposed model is
very low (1.23%), and ranges from 0.30% to 2.26%. Therefore, it has been proven that this model is
very accurate.

Keywords: preciseness function learning model (PFL model); learning; photovoltaic; solar irradi-
ance; module temperature

1. Introduction

The application of mathematical models makes process improvement more conven-
ient because sometimes it is not able to perform experiments and modify the processes.
The model helps us to obtain in-depth information to be used for the benefits of education
or business. The adequacy of the model which is used relies on its accuracy in processing
the results. Suppose the model has low accuracy; it will cause more disadvantages than
benefits. The primary source of this research will be a recognition of the importance of the
model’s accuracy. At present, photovoltaic generators have been installed as a substitute
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for various sources of electrical energy, for applications such as home appliances, utilities,
external battery packs, and generators, etc. The most critical steps after the installation of
the PV system are maintenance and checking. If we estimate the PV system’s energy pro-
duction, we will be available to check for system faults by comparing the measured data
with the simulation data for energy management, and checking whether it exceeds its
maximum benefit. Data accuracy is a critical factor for effective energy data management.
As such, this research will present a PV system estimation model with a preciseness func-
tion learning model.

Many researchers have conducted studies on the creation of PV models, from one-
panel simulations to systems simulations of solar cells. PV models are mainly affected by
the module temperature and solar irradiance. Most of the modeling research is the analy-
sis of single-diode equivalent circuits (five parameters model) [1-18]. These models have
five parameters: photocurrent, the ideal factor according to the photovoltaic technology,
parallel resistance, leakage current, and series resistance. In many studies, the data accu-
racy has been improved after simulating the data from the model by different methods.
For example, the improvement of the accuracy of PV models by the use of weight func-
tions obtained by 1-year measured data has been studied [1]. This method makes the
model more accurate by evaluating the database using a polynomial equation. This equa-
tion is a data evaluation in one form of a curve-fitting process. Other research has shown
the linear weighting method for PV power forecasting models [2]. This method updates
the model data using a linear equation in order to obtain the final result.#ased on several
studies on the improvement of the accuracy of the database, each method [3-6] has differ-
ent strengths depending on the distribution behavior of the database. Therefore, this re-
search combines each method’s strengths and develops it as a new data precision im-
provement method in order to make the model more efficient for the best data manage-
ment.

This research aims to improve the processing accuracy of models in order to make
the models more useful. The method used to improve the data accuracy is the incorpora-
tion of the strengths of the creation of a function from a database to solve problems if a
high distribution of information is created. This model can be made more effective by
adding output data into the database to enable the model to be self-learning, and to cal-
culate more precisely in the next calculations. The case studies applied to this process were
the power output simulation model of photovoltaic systems, and comparison of the effi-
ciency with the other methods or processes of accuracy improvement researched earlier.
The test used data from photovoltaic systems in Thailand (14°10'78.1" north latitude and
100°16'94.9" east longitude). There were two inputs in this model, which are solar irradi-
ance and module temperature, and the output of the model was the power output value
of the photovoltaic system. The test was to bring the PV power output value from the
accuracy improved model in the different forms, including this research process com-
pared to the actual PV power output in three seasons: the summer, the rainy season, and
the winter. The climate changes of the target area have a profound effect on the perfor-
mance of photovoltaic systems, and also the timing of the installation of the system that
causes energy loss in various fields. For this reason, the research devised a method to
optimize the data accuracy of the PV system simulation model in order to be as accurate
as possible in any climate change.#he proposed model detects an abnormality in the
power generation of the system and uses the obtained data to check the system for the
most efficient system.

2. Materials and Methods of the PV System Simulation Model
2.1. Proposed Model for Accuracy Improvement (Interactive Curve Fitting)

The model was created from the analysis of the most suitable curve to represent the
data in each point of interest in order to estimate the value of the data, which is called a
‘curve-fitting process’ [19,20], and to select the target function in many forms for analysis,
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which is called the ‘optimization process’. The functions used in this model are shown as
follows.

Exponential models provide a 1-term and a 2-term exponential model given by Equa-
tions (1) and (2).

7~pexp,1 = ae®™ 1)
Yexpz = ae™ +ced™ )

Exponential models are often used when the quantity’s rate of change is proportional
to the quantity’s initial amount. If the coefficient associated with b and/or d is negative, y
represents exponential decay. If the coefficient is positive, y represents exponential
growth.

The Fourier series models are the summation of the sine and cosine functions that
describe a periodic signal. It represents them in either the trigonometric form or the exponen-
tial form. This fitting curve, shown in Equation (3), provides this trigonometric Fourier series
form:

nf
Y = a, + Z a; cos(iwx) + b; sin(iwx) 3)
i=1

where a, is the model’s a constant (intercept) term in the data, and is associated with the i
= 0 cosine term; w is the signal’s fundamental frequency; 7y is the number of terms (har-
monics) in the series 1 <nf<5.

The Gaussian model fits peaks; and is given by

Pgs = Z?“j 1 al-e[_(x;-b i)z] @)

where g is the amplitude, b is the centroid, ¢ is related to the peak width, and ny is the
number of peaks to fit; this provides a 1-term and a 2-term Gaussian model.
Polynomial models for curves are given by

np+1 X
Yp = > pateti ©)
i=1
where 1, + 1 is the polynomial order, ny is the polynomial degree, and 1 <1, <5. The order
gives the number of coefficients to be fitted, and the degree gives the highest power of the
predictor variable.

The sum of sines model fits periodic functions, and is given by

Nsi
Yy = Z a; sin(b;x + ¢;) (6)
i=1

where g is the amplitude, b is the frequency, and c is the phase constant for each sine wave
term. #si is the number of terms in the series, and it provides 1-term and a 2-term Sum of
Sines models.

Each of the methods above is estimated to be accurately calculated as a function
based on the studied database’s distributed behavior.

2.2. One Diode Equivalent Circuit

In order to understand solar cells’ electrical properties, the equivalent circuit of solar cells
[7,8] —as shown in Figure 1—was considered. The solar cell consists of a constant current
source, which is the current of the solar cells caused by the solar irradiance (I), the p—n junc-
tion of a diode, the series resistance in the solar cell (Rs), and the parallel resistance within the
solar cell (Rs).

The photocurrent (Iyx) from solar irradiance will be divided through the diode and
Rs, and then load (Rr). The current flowing through Rs and Rr is I.

Iph = Id +1 (7)
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1 = Iph_Id (8)

where Iy is photocurrent (A), s is the current generated by the diode (A), and I is current
that the solar cells produce (A).
WheniRs = 0,#nd Iz is given by

V
ta = o[ () | ©
where li is the current generated by the diode (A), I, is the reverse saturation current of
the diode (A), g is the electron charge value (1.602 x 10" C), k is the Boltzmann constant
(1.381 x 10 J/K), Tw is the actual temperature at the PV module (K), Rs is the series re-
sistance(Q), R is the shunt or parallel resistance (), and 7 is the ideal factor of a diode
according to the PV technology involved (chosen from Table 1).

P

Current Diode
Source

R,
R\h VL )
Load

Figure 1. Ideal single diode equivalent circuit of a photovoltaic cell [7,8].

By substituting Equation (9) into Equation (8), we obtain Equation (10):

I = lLy,—1 [ex (q—v")—1] (10)
ph 0 p nk Tm
In the case of a short-circuit, the load to obtain the maximum current value of the
solar cell (I«), Vo =0, is given by
I =1y = I (11)

In this case, the photocurrent (Iy) is I, and is equal to the current generated by the
solar irradiance. The circuit is opened at the load point for the maximum solar cell voltage
(Vac), I= 0, and Vo= Ve

_ qVoc
i = 1o () -
I v,
ph _ M _ (13)
Iy nk T,
nkT, L
So: V= ——m (znﬂ + 1) (14)
q Iy

where Iyifis the photocurrent (A), I is the reverse saturation current of the diode (A), g is the
electron charge value (1.602 x 10" C), k is the Boltzmann constant (1.381 x 10-% J/K), Tw is the
actual temperature at the PV module (K), V.. is the open-circuit voltage (V), and 7 is the ideal
factor of a diode according to the PV technology involved (chosen from Table 1).

In the case of the load having 0 < Rt < infinitely, the solar cell supplies current (I) and
voltage (V) to the load between 0 <I < Iic and 0 < V < V. The values of the current and
voltage that cause both volumes to have the highest value are called the maximum current
and the maximum voltage, respectively. This gives the maximum electric power, as
shown in Figure 2.
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Table 1. The ideal factor depends on the PV technology [18,21].

PV Technology Values
Monocrystalline 1.2
Polycrystalline 1.3
CdTe 15
CIS 1.5
GaAs 1.3
Amorphous silicon single junction 1.8
Amorphous silicon double junction 3.3
Amorphous silicon triple junction 5.0
1(4) PO7)

Pmax

Isc
Imax

T
1

1

I

1

1

1

|
|
1
1
|
|
|
1
]
1
]
)
)

0 Vmax Voc "

Figure 2. Electrical properties of the solar cells when exposed to solar irradiance.

2.3. Effects of the Series Resistance and Parallel Resistance of Solar Cells

From the equivalent circuit of a solar cell, as shown in Figure 3,#vhile operating, it
can be seen that the current from solar irradiance is represented by a constant current
source (Ipn).#t emits an electrical current in the opposite direction to the current that flows
through the p—n junction in ideal (Iu).

The series resistance occurred because of the semiconductor’s resistance, the re-
sistance of the ommic contact area between the metal and the p and n parts, the resistance
of the connecting wires, and the sum of all of the series resistance, abbreviated as Rs. Par-
allel resistance, Rsi, is a hypothetical resistance parallel to the boundary in the complete
p—n junction.

Ideally, the value of R is infinite and, in the ideal solar cell, the value of Rs is zero.
However, in practice, the semiconductor crystal has a breakdown. Joints, especially those
with large areas, have defective parts, resulting in an incomplete p—n junction. Therefore,
the R value is not infinite, and the result of the Rs value is not equal to zero. The effects
of the Rs and R« values will change the properties of the solar cells. In general, the R is
not high enough to ignore the effect on the solar cell properties, but the Rs resistance will
significantly affect the solar cell properties. In designing the structure’s characteristics, the
builders must then consider the effect of the Rs value.

Rs =0 and# are given by

I = L,—1 [ex (q—VO) - 1] (15)
ph 0 p nk Tm
If Rs > 0 and R« < infinity, Vo= VL + IRs is given by
_ q(V, +IRy) (V, + IR,)
I = Iyp—1I [exp < kT, 1 R, (16)

where Iy is the photocurrent (A), Io is the reverse saturation current of the diode (A), g is
the electron charge value (1.602 x 10~ C), k is the Boltzmann constant (1.381 x 10-% J/K),
T is the actual temperature at the PV module (K), R; is the series resistance (), Rs is the
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shunt or parallel resistance#Q), and # is the ideal factor of a diode according to the PV
technology involved (chosen from Table 1).

'p«[ t \Id \lm = ¥

W] “ e

Current Diode
Source |

Figure 3. Equivalent circuit (Single diode) of a photovoltaic cell [7,8].

From Equation (16) and Figure 4 showing Ry’ effect on solar cells, it can be seen that
solar cells with a high Rs value will suffer fewer short-circuit currents. The slope of the
graph was also decreased, resulting in much less energy from the solar cells. Therefore,
when creating solar cells, there should be a way to reduce Rs to the minimum possible.

14) Pw)

Isc
0.2

Rs=1Q

0 Voc vm 0 Voc ")

Figure 4. Influence of the series resistance on the solar cell output properties.

2.4. Effect of Solar Irradiance on the Solar Cells

The solar irradiance has a great effect on how the solar cell's electric current and
power change, as shown in Figure 5.
When V=0, I is given by

I =l = I 17)

14 PW)
“ Module Temperature=25°C (L Module Temperature=25°C

Solar Irradiance=1000 W/m? Solar Irradiance=1000 W/m?

Figure 5. Effect of solar irradiance on the solar cells [7,8].

) nw)

0 0

2.5. Effect of Temperature on the Solar Cells

The temperature of the solar panel has a direct effect on the voltage. When the tem-
perature is high, the voltage will drop and this will result in decreased power, as shown
in Figure 6.

When I =0, Vo= V. is given by
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nkT, I
m ph
v, = In2t 41 (18)
I
q 0
iid Solar Irradiance=1000 W/m? POY) Solar Irradiance=1000 W/m?*
Module Temperature=10°C Module Temperature=10°C

25

40

S0

70

vwm Vo)

0 0

Figure 6. Effect of temperature on the solar cells [7,8].

2.6. Equation Using for PV Simulation Model

The basic structure of a solar cell consists of a p—# junction of a silicon semiconductor
represented by a diode and current source in an equivalent circuit, as shown in Figure 3.
When the solar irradiance falls onto the solar cell, it creates charges at the p—n junction,
and moves by the electric field that occurs at the p—n junction. For this reason, it causes
the voltage at both poles.#Vhen connected to the load, the current flowing into the circuit
is directly proportional to the solar irradiance. Equation (19) shows that the solar cells’
current and voltage properties are in the form of an exponential equation [7,8]:

_ q(V, +IRy) (V, + IR,)
I = ILy—1I [exp( kT, 1 R (19)

where I is the photocurrent (A), Io is the reverse saturation current of the diode (A), T is
the actual temperature at the PV module#K), Rs is the series resistance (€2), R is the shunt
or the parallel resistance#(2), and n is the ideal factor of a diode according to the PV tech-
nology involved (chosen from Table 1).

The PV system simulation model (1D5P) was created from Equation (19). It consists
of a single diode (1D) and five main parameters (5P) [1-3]. The 5P consist of a current
photo, Iyi; the ideal factor according to the photovoltaic technology involved, #; a parallel
resistance, Rsi, expressing a leakage current, Io; and a series resistance, Rs [7-9]. The PV
system simulation model was analyzed using Kirchhoff's law, and was used to estimate
the photovoltaic power output.

The photocurrent, In (A) depends on the solar irradiance and module temperature.
However, changes a lot with the solar irradiance. Consequently, this photocurrent can be
expressed as Equation (20):

G

Iph = [Isc,ref + #sc((Tm - Tref)] (20)
Gref

where I is the short circuit current§A), Tw is the module temperature (K), Trris the module
temperature at the standard test conditions (STC) (298 K), us is the temperature coeffi-
cients of Iic (A/°C), G is the solar irradiance (W/m?),#nd G is the solar irradiance at STC
(1000 W/m?).

The module temperature directly affectsihe reverse saturation current of the diode

Lo, as shown in Equations (21)-(23):
3
T qEg ( 1 1 )
Iy = 1 — ] exp || — - 21
0 oref <Tref) 14 (nk Tref Tm ( )
Q(_Voc)>

lorer = Isc exp( kT
m

(22)
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oo\ (Tm ) [[aEs( 1 _1
So: Iy, = [ISC exp( kT, )] (Tref> exp (W <Tref - a)) (23)
where I« is the short circuit current#A), T is the module temperature (K), Trris the module
temperature at STC (298 K), Vo is the open-circuit voltage#V), E; is the band energy gap
of the solar cell, and 7 is the ideal factor according to the PV technology involved.

It is impossible to ignore the series resistance (Rs) and the shunt resistance (Rs:). The form
of the circuit that takes the series resistance (Rs) and the shunt resistance (Rsx) is shown in Fig-
ure 3. The solar cell connects in series to increase the voltage, and connects in parallel to in-
crease the electric current. The voltage and current will vary according to Rs and Rs.

The shunt or parallel resistance, R« is defined in Equation (24):

Vin + (InRs)
qQ(Vim + ImRs — Vo, q(—Voc, B, (24
Isc,ref - Isc,ref {exp [ ( m ;lnk ;'m o ref) + IsE,TBf exp (nk;;}nmf) - ﬁ( )

where Rs is the shunt or parallel resistance#Q), Rs is the series resistance (€), Pu is the
rated power of the PV panel (W), Vi is the maximum power voltage of the PV panel (V),
I is the maximum power current of the PV panel (A), Vi, rs is the open circuit voltage of
the PV panel (V), I, f is the short circuit current of the PV panel (A).

Rgp =

3. Method of Accuracy Improvement
3.1. Preciseness Function Learning Model (PFL Model)

The proposed model is the data precision improvement process method based on a da-
tabase that shows the application’s behavior to be studied. The amount of database data is
either large or small, depending on all of the application’s behavior. The proposed model uses
a process called the ‘Preciseness function learning model’” (PFL model). The process relies on
various curve-fitting principles to bring out each format'’s strengths to improve the data accu-
racy. The structure and method of operation of the process are shown in Figure 7.

Preciseness Function Learning Model (PFL Model) |

Eipl fo - Eipt Eopt
PN Y PN B
L O L imp

—

PUWN
%'%}'

Database,
Dndbﬂn

;

Feedback data,
Eopl = Dm

Figure 7. Structure of the Preciseness Function Learning Model (PFL Model).
The details and methods of each step can be explained as follows.
Step 1: The application’s functional format contains an input to obtain the output,

and takes the output as the input of the model in order to improve the data’s accuracy.
This can be written as Equation (25):

f(AyAg A Any,) = B = Eiye (25)
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where A1, Az, As, ..., Anipt are the input of the studied application’s computational process,
B is the output of the studied application’s computational process, and Eiy is the input of
the proposed model and the data that is used to improve the accuracy.

Step 2: The finding of the factors to improve the data’s accuracy can be accomplished#
as follows:

fnk *Eipt = Eopt = Bimp (26)
Bimp = fnk * Ejpy (27)

P(x)
[ = Anipt (28)

Lpt

where fu is the factor used to adjust the accuracy of the data, Eq is the output of the pro-
posed model and the data that has improved the accuracy, Binp is the data that has been
improved for accuracy, W(x) is the relative function of the input and output of the studied
application#vith na databases, and na is the number of the database.

In order to find the relative function of the input and output of the studied applica-
tion, we analyzed the database’s value into equations by a curve-fitting process in Table
2 (Exponential models, Fourier series models, Gaussian models, Polynomial models, and
sum of sines models).

Table 2. Curve-fitting functions of the database.

Types Functions
Exponential Yexp(x) = agels*
nsg
Fourier Vre(x) = ag, + Z as, cos(iwgx) + by, sin(iw,x)
i=1
nSg _(x_b5i>2]
Gaussian Yy(x) = Z ase i
i1
Linear Yu = asx + by
ns,+1
. 1-
Polynomial P, (x) = Z Ps; X p it
i=1
Msgi
Sum of sine Psi(x) = Z as, sin(bs,x + c5,)

i=1

The Appe € Ejp is shown in Figure 8.

o Database
~—Exponential W
Fourier exp
Gaussian / \l’])
~—Linear 4
~—Polynomial
—Sum of sine

R-square
Exponential 0.9029
Fourier 0.9996
Gaussian ~ 0.9829
Linear 0.9987
Polynomial 0.9993
Sum of sine 0.9987

YA

Anipt € Eipt ’ B=Eipt

A

nipt

Figure 8. Example of a database of the model with curve-fitting in various forms.
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Figure 8 shows the trendline from the database’s estimation in the form of various
equations with a curve-fitting process. The curve-fitting of the database in various forms
has different curves, depending on the amount of data or the data distribution. A method
of improving the data accuracy is the selection of the equation model using the curve-
fitting process with the most accurate curve adjustment, which is chosen from the equa-
tion model with the R-square closest to 1, as summarized in Table 3.

Table 3. Example of the R-square values of the curve-fitting types.

Curve Fitting Types R-Square
Exponential 0.9029
Fourier 0.9996
Gaussian 0.9829
Linear 0.9987
Polynomial 0.9993
Sum of Sine 0.9987

The proposed model selects a curve-fitting function of the database with an R-square
value closest to 1 from Table 3. The accuracy-improved data#s given by

¥x (Anye)
Bimp = T E.. *Ejpe (29)
ipt
Ngp
where Binp is the accuracy improved data; Wx(Auin) is the relative function of the input and
output of the studied application with nas databases, from which the x function form is
selected; Ein is the input of the proposed model and the data used for the accuracy im-
provement, and n; where Iz is currently generated by the diode (A), I, is the reverse satu-
ration current of the ais the number of the database.
Step 3: The proposed model always updates its database after processing. That is, the
proposed model learns to further optimize the processing precision. The Learning Method
Structure process of the proposed model is shown in Figure 9.

Learning Method of Process

Database

Feedback D,,

Figure 9. Learning method structure of the preciseness function learning model (PFL Model).

The details can be explained in equations, as follows:

Database = Dy, (30)

Ndp
SO0 X
Nagp = ZL-_—O (31)

xndb
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whereibna is the database at the first precision improvement, na is the number of the da-
tabase at the first precision improvement, xi is the number of databases, and %,,, is the
average amount of databases.

Dataye, = Bimp = Eopt = Dy (32)

_ ZT: 0 xj
Xm

(33)

wherePw is the accuracy improved data, m is the number of the data, xj is the amount of
data from the precision improvement, and X, is the average amount of data from the
precision improvement.

When Equation (31) + Equation (33), we obtain Equation (34), as follows:

Ndb
Zi=0xi +Z;’n=0xj

xndb +m

Nap +m = (34)
where#arn is the number of the new database, and ¥, ,, ., is the average amount new
databases.

So: Databaseney, = Dpyjpim (35)

where Duawm is an updated database that contains the number of data #av+m.
Through precision improvements from self-learning models, the data adds enhanced
data to the database, in order to be more efficient in the next processing. This is given by

Vs (An,)
Bimp = |[—%—— * Eipe (36)
Eipt
Ndb+m
where Binp is the accuracy improved data; Wx(Auipt) is the relative function of the input and
output of the studied application with na+n databases, and its selected x function form; Eip
is the input of the proposed model, with the data that is used to improve the accuracy;

and na+mis the number of the database.

3.2. Photovoltaic System Simulation Model with Preciseness Function Learning Model (PFL Model)

Figure 10 shows the structure of the photovoltaic simulation model with the precise-
ness reciprocation process. The structure describes the system of the model, which is di-
vided into 2 parts:

Part 1: Photovoltaic simulation model, which has two inputs (solar irradiance and
module temperature) and one output (PV power).

Part 2: Improving the accuracy of the photovoltaic simulation model’s output by the
proposed model (Preciseness Function Learning Model (PFL Model)).

VT
ZN\

fi A, =Solar Irradiance
. A, =Module Temperature
B =PV Power (Sim.)
Feedback data | Binmp =PV Power (Improve)

Figure 10. Structure of the photovoltaic simulation model with preciseness function learning
model (PFL model).
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The reason to improve the data’s accuracy is that the results from the PV power out-
put of the PV simulation model are the ideal result due to the loss of energy in various
fields. Photovoltaic systems have many components that can affect electricity production,
which is the source of this research. The structure’s database is the PV systems data in the
central region, Thailand. The database should contain at least one year because the overall
behavior of photovoltaic power generation in Thailand depends on the seasonal weather.
Thailand has three seasons in a period of one year.

The function format of the application is the 1D5P PV systems simulation model,
according to Equation (19), which is given by

f(ApAz) =B = Eipt (37)
where A1 is the solar irradiance (G, W/m?), Az is the module temperature (Tw, °C), and B =

Eipt is the PV power output from the 1D5P PV systems simulation model (Puax, MW). G €
Pnax is shown in Figure 11.
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Figure 11. Accuracy improvement of the proposed model.

The proposed model selects a Fourier function with an R-square value closest to 1
(0.9996) from Table 4. The accuracy improved dataiis given by Equation (38). The simula-
tion result is shown in Figure 12.

Table 4. R-square values of the curve-fitting types.

Curve Fitting Types R-Square
Exponential 0.9119
Fourier 0.9996
Gaussian 0.9861
Linear 0.9946
Polynomial 0.9993
Sum of Sine 0.9994
So: Bimp = [wft(AJ] *Eope (38)
Eipe ngp+m
nsf
Yre(A) = ag, + Z as, cos(iwgAy) + by, sin(iwsA;) (39)
i=1

where Binp is the accuracy improved PV power output (Pua, MW); as is the model and asi
is the intercept constant term in the data, which is associated with the i = 0 cosine term; ws
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is the fundamental frequency of the signal; and ny is the number of harmonics terms in
the series, in which 1 < ns<5.

15
o PV Power (Sim.)
> PV Power Database ?
° PV Power (Improve) 5
12
<)
3 ndb+m
ey ? 7 Q‘Bimp
St
4
3
~ 6
>
A
2 B =E =PV Power (Sim.)
Dygyim = PV Power Database
By = Eip= PV Power (Improve)
0

0 200 400 600 800 1000 1200
Solar Irradiance (W/m?)

Figure 12. Simulation result of the accuracy improvement.

4. Evaluate Results and Discussions
4.1. Information and Simulation of the PV System

The case study applies the proposed model for the improvement of the PV system
simulation model’s accuracy using 2-year measured data (2018-2019) from the PV system
in the central region of Thailand (14°10'78.1" north latitude and 100°16'94.9" east longi-
tude). The PV system consists of 48,980 PV panels and 12 inverters; one string consists of
24 PV panels connected in series, and two series are connected in parallel; seven arrays
consisting of 10 strings are connected in parallel; two arrays consisting of eight strings are
connected in parallel, and nine arrays are connected in one inverter. The experiment of
the PV system is as shown inffable 5. The PV system has monitoring systems for all of the
parameters, which are recorded every 1 min.

Table 5. Information about the PV systems for the experiment.

PV Systems Rate Capacity  Panels Number of PV Panel
Thailand (Central region) 12 MW 245 Wp 48,980

The pyranometer uses the KIPP&ZONEN band (CMP series) by installing it on the
same plane as the PV panel, and the thermometer is installed under the PV panel. The PV
panels uses the REC peak energy series band (REC245PE), as shown inffable 6.

Table 6. Information of the PV panel for the experiment.

Parameters of PV panel Value and Units
Rated Power of PV Panel, Pn 245 Wp
Open Circuit Voltage of PV Panel, Vo 371V
Short Circuit Current of PV Panel, I 88 A
Maximum Power Voltage of PV Panel, Vi 30.1V
Maximum Power Current of PV Panel, I 8.14 A
Ideality factor of PV Panel (1) —Poly Crystalline [18] 1.3

In order to verify the accuracy of the proposed model with the application to the PV
system simulation model, the testing and comparison of the simulation results with the
actual measurement data can be divided into two conditions. These are the daily PV
power output in two weather conditions (cloudy day and sunny day) and the effect of
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climate change for the electricity production of the photovoltaic systems. In this study, the
model was designed to calculate the PV power output in different weather conditions,
which are divided into seasons. These are in the summer (February—May), the rainy sea-
son (June-September), and the winter (October—January).ffhe division of the seasonsin
Thailand was taken from the Thai Meteorological Department. The test uses data from
photovoltaic systems in Thailand (2018-2019). In order to verify the model that was used
to improve the accuracy, the most accurate results to compare the % RMSE [22]#alues#
with the measured data is given by

2
1v simulate; — measured;
%RMSE = ;Z( ) % 100 (40)

measured

where simulate; is the simulation data, measured; is the measured data and measured
is the average value of the measured data.

4.2. Daily PV System Simulation

Figure 13 shows a comparison of the PV power output between the proposed model
and the actual measurement data of two weather conditions.flhe test results are as fol-
lows.

The PV power output of the proposed model tends to be in the same direction as the
data from the actual measurement data on a cloudy day. This shows that this model can
accurately simulate the PV power output in spite of sudden climate change. The nRMSE
(normalized RMSE) is deficient (3.19%), as shown in Figure 13a.

The proposed model can accurately simulate the PV power output on a sunny day,
and is very useful on days with the right weather conditions. The nRMSE (normalized
RMSE) is lower than the cloudy day (1.79%), as shown in Figure 13b.

The PV power output of the proposed model and the actual measurement data are
summarized in Table 7. The nRMSE (normalized RMSE) showsihe accuracy of the pro-
posed model.

12 10
~Proposed Model 9 ~Proposed Model
~ ~Measured Data -~ ~—Measured Data
z z 8
3 z 7
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5 55
=) C 4
- I
: 23
£ g2
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Figure 13. The proposed model and the measured data of the PV power output on a cloudy
day (a) and a sunny day (b).

Table 7. Comparison of the results on a sunny day and a cloudy day.#

Case Day = Measured Data (MW) Proposed Model (MW) nRMSE (Normalized RMSE)
Sunny Day 71.43 72.70 1.79
Cloudy Day 64.57 66.63 3.19

4.3. Seasonal PV System Simulation

In order to compare the electricity generation data of the proposed model and the
actual measurement, the conditions are divided into three seasons: the summer, the rainy
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season, and the winter. The climate in each season is different. The climate is an essential
variable for the electricity generation of the PV system, including solar irradiance, ambient
temperature, and module temperature, etc. In this research, the proposed model’s accu-
racy is checked with the PV system simulation model application that calculates the PV
system’s electricity generation in all climatic conditions. In the test, this research randomly
generated electricity for one week of the three seasons in 2019.
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Figure 14. The proposed model and the measured data of the PV power output in the three sea-
sons. (a) In the summer; (b) in the rainy season; (c) in the winter.

Figure 14 compares the PV power output between the proposed model and the actual
measurement data for the random week#f the different seasons. The simulation results of
the sampling of the photovoltaic system'’s electricity production, the simulation results,
and the data from the actual measurements tend to show a similar trend. The daily elec-
tricity generation data for all three seasons have different weather conditions. However,
the proposed model shows that this model can accurately simulate the electricity produc-
tion in the different weather conditions.

The accuracy of the proposed model of the monthly PV energy simulation compared
with the actual measurement data in 2018 and 2019. When analyzing the simulation re-
sults of each season, such as in the summer, the rainy season, and the winter in Thailand’s
tropical climate, the proposed model can simulate the PV energy precisely in all weather
conditions, as shown in Figure 15.
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Figure 15. Comparison of the PV energy of the simulated and measured data of the different
seasons.

Table 8. Comparison of the results of the proposed model and the measured data in 2018-2019.

Data 2018 2019 2018-2019

Summer Rainy Winter Average Summer Rainy Winter Average Average
Measured Data (MW) 1556 1347 1610 1504 1606 1589 1157 1450 1477
Proposed Model (MW) 1591 1342 1615 1516 1637 1583 1141 1453 1485
nRMSE (Normalized RMSE) 243 039 075 119 1.81 059 140 126 1.23

Table 8 shows the proposed model of the monthly PV energy and the actual meas-
urement data (2018). The proposed model results from 12 months of PV energy in Thai-
land, showing that the average PV energy is 1516 MWh/month, and the PV energy is 18193
MWh/year. The actual measurement data has an average PV energy of 1504 MWh/month,
and PV energy of 18053 MWh/year. The nRMSE (normalized RMSE) ranges from 0.06%
to 4.05%, which is very low. The average nRMSE (normalized RMSE) is 1.19% for 12
months (2018).

The test results of the PV energy of the proposed model and the actual measurement
data on monthly basis (2019) showed that the average PV energy is 1453 MWh/month,
and that the PV energy is 17440 MWh/year. The average PV energy is 1450 MWh/month,
and the PV energy is 17406 MWh/year in the actual measurement data. The nRMSE (nor-
malized RMSE) ranges from 0.07% to 2.91%, which shows that this value is deficient. The av-
erage nRMSE (normalized RMSE) is 1.26% for 12 months (in 2019).

In the comparison of the PV energy of the 24 months data of the proposed model
(2018-2019) with the actual measurements for all three seasons, the average nRMSE
(normalized RMSE) is 2.12% in the summer, 0.49% in the rainy season, and 1.08% in the
winter. These are the results of the proposed model.

In the rainy season, the model is at its highest accuracy. We found that the solar cells
in this area performed at their best because the dust was washed off the front of the solar
panels by the rain, and because the temperature accumulation of the solar panels is not as
high as it is in the summer.#Because of this, it causes relatively little energy loss.#

In the winter, the model is less accurate than it is in the rainy season, but more accu-
rate than it is in the summer because there is a lot of dust on the front of the solar panel,
which is a waste of energy for the solar cells. However, no heat is accumulated on the
solar cells; thus, the models presented can be processed better than those in summer.

In the summer, the model is less accurate than both seasons because the summer temper-
ature is high. The heat accumulation of the solar panel causes the temperature to rise.

In the actual case of a solar farm, the panel cleaning is not performed every day, but
there is a cleaning cycle. Therefore, the accumulated dust affects the solar cell’s electrical
power generation efficiency.

The main factors that affect the PV system’s electricity production are solar irradi-
ance, which varies according to the solar cell’s current, and the panel’s temperature, which
varies according to the voltage of the solar cell. The proposed model has a method that
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uses the relationship of solar irradiance and electricity generation to help improve the
accuracy process, but the module temperature is not used as a parameter in this model.
For this reason, the accuracy of the model in the summer is lower than it is in the rainy
season.

4.4. Comparison with the PV Model with the Weight Function

The precision of the proposed model was verified by the comparison with the PV
Model with the weight function [1] and the actual data from the one-year measured data,
as shown in Figure 16.

The PV Model with the weight function [1] uses a method to quantify the difference
between the simulated data and the actual measurement data in the polynomial equation
form in order to improve the simulated data’s accuracy. This method is accurate with a
significant increase in the database, but as the database becomes more diffused, the accu-
racy of this method is lower.

On the other hand, the proposed model was designed to analyze various database be-
haviors diffused as equations in different forms of ‘curve-fitting process’. The proposed model
is a learning model that increases in accuracy every time it analyses and calculates data.
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Figure 16. Comparison of the PV energy of the simulated and measured data of the different sea-
sons.#

The results show that the proposed model has very high accuracy. The proposed
model has a lower nRMSE than the PV Model with the weight function in all three sea-
sons, as shown in Table 9.

Table 9. Comparison of the proposed model and the PV Model with the weight function in 2019.

Data Proposed Model PV Model with Weight Func.
Summer Rainy  Winter Average Summer Rainy Winter Average
Measured Data (MW) 1606 1589 1157 1450 1606 1589 1157 1450
Simulation Data (MW) 1637 1583 1141 1453 1564 1543 1124 1410
nRMSE (Normalized RMSE) ~ 1.81 0.59 1.40 1.26 2.63 2.89 2.88 2.80

5. Conclusions

This research presents a simulation of a method to improve the accuracy of mathe-
matical models (the Preciseness Function Learning Model (PFL Model)) using a PV simu-
lation model of the PV system, a precision test of the model, and a comparison of the 2-
year data of the proposed model with the actual measurements of the PV system. The
accuracy depends on the function selected from the curve-fitting process.

The results show that the proposed model has the highest accuracy in the rainy sea-
son. The average nRMSE (normalized RMSE) of the proposed model is very low (1.23%),
and it ranges from 0.30% to 2.26%. It has been proven that this model is very accurate.fhe
proposed model is a learning model that can optimize the higher precision with which
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the proposed model performs. It can be said that, #fter the accuracy improvement, the PV
power output will be added to the proposed model database in order to enable the model
to learn and improve the accuracy of the data in the next prediction results. In the future,
we plan to develop models to improve the data accuracy by correlating more than one
input to the outputs, in order to reduce the loss or error from the calculation during the
data precision improvement.
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