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Abstract: - The paper aims to develop a model for forecasting energy production from a photovoltaic (PV) system
given a short range of data. Real data for a recently installed PV system is available. An analytical model based on
time series analysis has been developed. A feature of modeling is the insufficient amount of available data needed to
make predictions. This limitation necessitates the use of a relatively simple forecasting model, such as the linear
autoregressive model AR(1). To achieve better forecasting accuracy, a set of technologies, such as optimization, the
least squares method, model predictive control, and a sliding procedure for shifting the beginning of historical data,
was used. A comparison between actual and forecasted values has been made where possible. The proposed
innovative approach is a good tool for planning energy production from photovoltaic systems. This can be beneficial
for the declared power generation of an energy supplier, which has a cost-effective result. In addition, the forecast of
photovoltaic system generation can help in the correct design of the inverter and battery parameters of the PV system.
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1 Introduction estimation, and forecasting, are applied for the

MODERN trends in the spread of alternative energy assessment gnd decision-making related to the planning
sources have led to the installation of photovoltaic ~and operation of the solar energy production and
systems to transform energy from the sun into electrical ~ consumption. In [4], the modeling and simulation of a
energy. This has sparked the interest of many scientists solar micro grid support proper energy management as a
in modeling and studying these systems, [1], [2], [3]. The successful operation approach. Numerlcal estimates of
energy produced by photovoltaic systems depends on the safety level of energy consumption are implemented
both the season and the duration of sunshine. It is 1 [5]. The solar irradiation forecast in [6], is used to plan
important for the manager of an organization to plan the ~ the long-term horizon of electricity production and
available resources well and, in particular, to know what ~ consumption. In [7], various forecasting methods and

energy is expected from the photovoltaic system. Several gppl.ications are summarized. Forecasting methods used
approaches, such as modeling, simulation, numerical 10 different fields are usually performed with different
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combinations of existing methods or with modifications
of existing ones, [8]. A current and extensive review of
forecasting theory and its application is given in [9].
Additional predictive estimates to quantify the
uncertainty of predictive combinations are applied in
[10]. When planning production, demand is forecasted
using machine learning and statistical methods, [11]. An
assessment of the effectiveness of statistical and
predictive deep learning methods is given in [12].

This study applies a numerical forecasting approach
to the evaluation and planning of photovoltaic generation
in a micro grid system. Forecasting models are mainly
based on statistical models. Statistical analysis is the
process of collecting data and then using statistical and
other data analysis techniques to identify trends.
Statistical analysis is a widely applied mathematical
apparatus for formalizing the process of predicting data,
[13],[14], [15], [16], [17].

The study aims to create a model for predicting the
energy produced by a real photovoltaic system that is
installed at the end of 2024, and not much data is
available on the energy produced. Since some problems
arose in the initial months of installation of the system, it
was not used continuously, which is why the data we will
use is from the established mode of its operation, from
the beginning of 2025. This limits the use of proven and
complex mathematical forecasting models with a large
base of accumulated data, [18], [19], [20], [21].

2 Materials and Methods

Here we will apply first-order linear regression analysis,
through which we will create a forecasting model AR(1).
The choice of the AR(1) model is justified based on
insufficient data. Theoretical formal recommendations
are suggested for analysis of the Autocorrelation
Function (ACF) and the Partial Autocorrelation Function
(PACF). A brief description of these functions and the
necessary estimates is given below.

The Auto Correlation Function (ACF) estimates the
correlation coefficients between data with a time delay
lag x;, X¢_p

_ Cov(xXe,Xe—k)
pacr(k) = Jvar(xy).var(xe-x)
1)

where Cov(xs, x¢—) 1is the covariance function
between the real process x; and its delayed series with
lag k,
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Var(.) are the corresponding variations of the real and
delayed process,

x; is the value of the real time series at time t,

X¢_p is the value of the time series at time t-K.

The ACEF is a linear relationship between a time series
and its lagged values. A positive ACF at lag K indicates
a positive correlation between the current observation
and observation K.

The Partial Autocorrelation Function (PACF) takes
into account the direct correlation between x; and x;_;
removing the influence of intermediate lags. The PACF
at lag k is estimated by conditional values.

ppacr (k) =

Cov (X, Xe—j|Xt—1,Xt—2,-Xt—k+1)
9
Vvar(xelxe—1,Xe—2,Xe—k+1)Var (Xe—g|Xe—1.Xt -2, Xt —k+1)

2

where

Cov(x;, x¢—;) is the conditional covariance between x;
and x;_j, for given values of the intermediate lags,
Var(xe|xe—1, Xt—2, ) Xp—p+1)s

Var(xi_plxt—1, X¢_2, -, X¢_g+1) are the corresponding
conditional variances.

The use of ACF and PACF insists relatively long
range of data for the time series. Therefore, the
increasing value of the lag k requires an increase in the
set of initial data, which can be decomposed in time in
both time series x; and x;_; for the evaluation of the
corresponding covariance and variances.

The PACF function is recommended for identifying
the Moving Average (MA) process of order g. The ACF
function is recommended for identifying the
Autoregressive (AR) process of order p.

To identify the scale p (the Autoregressive part
value) of ACF(p), the ACF function must decay
(decrease gradually). The corresponding PACF must
break after lag p. Accordingly, if Moving Average (MA)
components are required for this case, the lag value ( is
evaluated when the ACF breaks after lag q and the
PACEF is decayed. Since in our case the photovoltaic
dataset is very short in time, our approach to identify the
lag p for the AR(p) model was evaluated based on the
internal estimates of the Least Squares Method and the
application of the sliding forecasting procedure. The
analysis performed on the Least Squares Method
determines that an inverse matrix must be defined and
numerically calculated.
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The available time series components are indicated by
X(t=1), X(t=2),..., X(t=9). As such, for the case of AR(1),
the forecasting process is formalized as
X(t+1)=aptaix(t) .
3)

Two unknown coefficients, ap and a;, must be
evaluated. The application of the Least Squares Method
requires the use of at least N=2 equations:

X(t+1)=aotaix(t)

“
X(t+2)=apt+ax(t+1) .

Therefore, the values of x(t=1), x(t=2), x(t=3) from
the short range of available photovoltaic data should be
used for the AR(1) formal estimation and prediction. The
Least Squares Method estimates an inverse matrix of
dimension nxn or in this case, 2x2. Since the values of
the photovoltaic production are stochastic in nature, the
nxn quadratic matrix may be irregular, and its inverse
matrix may not exist. To overcome such potential
irregularity, system (4) is augmented with an additional
equation:

X(t+1)=aptaix(t)
)

X(tH2)=aptax(t+1)

X(t+3)=aptax(t+2).

Therefore, (5) is an overdetermined system for
estimating the coefficients ap and a;, and the Least
Squares Method is suitable for solving (5).

The estimation of ao and a; from (5) requires four
data: x(t), x(t+1), x(t+2), x(t+3). The reason for choosing
AR(1) is the need for a small set of available data to
estimate the necessary parameters of the forecasting
system (5). The limited set of available data does not
allow for the estimation of covariances with increasing
lag values. To achieve better approximation accuracy,
we will use the closest consecutive data.

The known value of electricity energy produced from
the PV system is denoted at moment t by X(t), and the
unknown forecasted value at moment t+1 by x°(t+1). The
forecasted value at time t+1 depends on the value at the
previous time t. The linear autoregressive model AR(1)
in the case of m linear equations is

xip(t +1) =ay+ ayx;(t), i=l,...,m,
(6)

where the coefficients ay, a; are unknown and must be
estimated. In this research, three equations are used for
the evaluation of the coefficients ag, a; of the AR(1)
model or m=3. For the case of m=3 it is necessary to use
four initial historical data points. Therefore, the first
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forecast can be made for the fifth data point. We denote
the first point of historical data x;(t) = x,, and the
subsequent ones are x;(t+ 1) = x,, x;(t +2) = x3
and x;(t + 3) = x, The AR(1) model (6) is analytically
implemented with the linear system with m=3 equations

X, =ag+ a;xq @)
X3 = ag + a;x;

Xg4 = Qg +a1x3.

The system (7) uses four data x; ,x,, X3 , X4 to estimate

the coefficients ag,a; of AR(1). The first forecasted

value is xé’ according to the equation

xé’ = Qg+ a1xy . (8)

The estimate of the parameters ay, a; of the AR(1) model
is found from the matrix relation

Y=yy ; ©

where the matrices are

X2 a _ 1 X1
y=|wliy=|] Y=[1 x| a0
1
X4 1 X3

. . . Aol .
The estimation of the unknown coefficients y = | a(1)| is

performed according to the Least Squares Method. Such
an estimate aims to minimize the difference between the
actual and analytically estimated values from (8) in the
time series. Analytically, the error is given by the
difference

Si=yi—y.
(11)

The optimization problem for the evaluation of the
AR(1) coefficients is of the form

2

(12)

min § = Zi3=1(yi - yip)

ap,a1

or
myin5 =(Y - 7)/)T (Y-Yy)=YTY —YTYy -

T —T—
YTY Y+yTY Yy.
(13)
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a
The solution of the AR(1) parameters y = | a(1)| is given

by the equation

y=F )Yy
(14)

The AR(1) parameters are estimated as solutions to the
optimization problem (12). Therefore, the error between
the actual and the forecasted values should be minimal,
or the accuracy of the forecast should be maximal.

3 Simulations and results

The chosen optimization approach for forecasting has
been applied to a recently installed photovoltaic system
in central Bulgaria. The data we have on the electricity
produced by this system were for only 9 months, Table
1 (Appendix).

This short range of data on green energy production
is the main reason for using a relatively simple AR(1)
forecasting model. The choice of parameter p=1 of the
AR(1) model was justified by the necessary data for the
application of the Least Squares Method, with a
combination of a sliding forecasting procedure.

The forecasts can be evaluated after the 9™ month
(September). Therefore, for the analytic definition and
solution of the optimization problem (12), for the
forecast of the photovoltaic production for the month 10,
xfo (October), four real historical time series data,
X¢ ,X7,Xg ,Xg Will be used.

The forecast for the 11" month, xfl (November)
again requires four historical data. In this case, the actual
historical data are x-,xg,Xxq and the last one is the
forecast xfo. Therefore, the estimate of xfl will contain
an internal prediction error resulting from the last
prediction xfo. That is why continuing with long-term
forecasting is not recommended, as any new forecast
based on previous forecasts may contain accumulated
and propagated error. Since the real dataset is limited,
simulations were done in the MATLAB environment
until the 11" month (November). The beginning of the
forecast estimates starts with historical data from the first
to the fourth month, and a forecast is estimated for the
fifth month. The beginning of the historical period is then
shifted forward one month for subsequent forecast
estimates. The new optimization problem (12) is defined
using shifted historical data. The solution to problem
(12) gives new parameters for AR(1), and new
parameters for estimating the sixth forecast xg . This
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sliding procedure with a sequential shift of the beginning
of historical data was applied until the 9th month for
which real data is available.

The forecast for October 2025 allows the use of real
data from June 2025, X1 (June), X2 (July),....Xs
(September). A forecast for October is estimated, but no
real error can be estimated for this forecast. For the next
month, November, the forecast can be made, but using
the previously received forecast and a set of real
historical data. Forecasting procedures were suspended
until November, as continuing the procedure could lead
to an accumulation of errors, and the forecasts may not
be accurate.

The assessment of the accuracy of the AR(1) model
applied to the forecasts of months x¥, , x?; is performed
by evaluating the errors between the actually available
data from xé’ and xg . Figure 1 (Appendix) graphically
presents the differences between the values of the actual
data x; and the estimated forecasts xip ,i=5,...,9. Figure
2 (Appendix) illustrates the change in forecast error for
the period May-September.

- The numerical assessment of the accuracy of the
forecast model can be made based on commonly used
indicators:

Mean Absolute Error (MAE)

1
MAE =152, x, 7|
(15)

Root Mean Square Error (RMSE)

RMSE = \/%Z{;l(xi —x!)? (16)
Mean Absolute Percentage Error (MAPE)
MAPE =yn il 400 (17)
n ‘=1|xi—xf| ’

These indicators have their own characteristics for
interpreting forecast accuracy. MAE gives a clear
assessment of forecast accuracy. RMSE is similar to
MAE, but it gives greater weight to large errors, due to
the square differences between the actual and forecasted
values. RMSE is useful for estimates where large errors
are unacceptable. MAPE can be unstable if the actual
values are close to zero. All of these metrics should be
applied based on the specific needs and characteristics of
the time series.
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Our case is with the application of the MAE metric,
because this criterion gives clear, easily understandable,
and good results.

4 Results and Discussion

The available data from the time series of photovoltaic
production allows two forecasts to be made for October
and November. The short-term data period is the primary
reason for applying AR(1) forecasting modeling, given
the limited historical data available. This study presents
the derivation of an optimization model and an algorithm
for its application, along with a sliding procedure for
generating forecast estimates. The numerical estimate of
the average production and the mean of the forecasts for
the data sets: [Xs, ..., Xo] and [xg, cees xg ] are:

Average real data [X; , i=5,...,9] =1079.3 kWh
(18)

Average forecast data [xlp ,i=5,...,9] =1174.7 kWh
(19)

The differences (X - xlp ), i=5,...,9 are presented
graphically in Figure 2 (Appendix). Using the MAE
criterion, it gives the value
MAE(X - xP), i=5,...,9 = 95.4 kWh. (20)
The average value of 954 kWh is an acceptable
accuracy for photovoltaic production for one month.
Therefore, if we assume the accuracy of AR(1) for the

forecast values for October and November, the
numerical forecast can be in the range of

Average (photovoltaic production /per month) =+
MAE.

From the initial data, it is estimated:

Average (photovoltaic production /per month) = 908.18
kWh

The real value X in the future months could be in the
range of

908.18 -95.4=812.78 < x < 908.18 +95.4=1003.6
2D

or
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812.78 <x < 1003.6.
(22)

Our assessment of these results is satisfactory for
short-term planning of energy and cost estimates. A
relative increase in forecasting accuracy can be expected
with increasing time series data, with a longer time
interval. The increase in available data allows the
application of more sophisticated forecasting methods
compared to the current study. The peculiarity in our
case is that we have very few available data (only 9). To
compensate for this lack of data, several techniques have
been applied to increase accuracy: linear regression
modeling, the least squares method, optimal
determination of the approximation coefficients for
minimal approximation error, and a sliding procedure for
shifting the beginning of the historical interval. The
resulting model was developed to take into account the
limited set of available data, with a recommendation to
apply short-term forecasts.

5 Conclusions

A forecasting approach with limited volumes of data
points has been derived as presented in (1) — (22). The
forecast is performed using first-order linear regression
analysis in order to use the most recent data as the forecast
history. To increase the accuracy of the forecast, an
optimization problem is defined and solved sequentially.
The optimization problem estimates the optimal values of
the parameters of the applied AR(1) forecasting model.
The Least Squares Method is applied sequentially with an
offset for the beginning of the historical interval used to
estimate the AR(1) parameters. Therefore, each forecast is
performed on new and actual data sets. The available data
set was used to train the AR model. Then, two forecasts
were made based on the trained model. Future forecasts
are only made for two consecutive months to avoid the
accumulation of errors when real data is not used.

The forecast estimates were necessary for planning the
energy consumption of a private company. Accordingly,
this was used to reduce the required electricity from
suppliers, which had a cost-effective result. Forecasting
the electricity production from a photovoltaic system
supports the production and exploitation of green energy.
A practical result of such forecasting is the quantitative
assessment of the required battery resources in the
photovoltaic system. Therefore, predicting the need for
electricity consumption can help in the correct selection of
battery capacity and inverter power of a photovoltaic
system. Limited photovoltaic generation can help select a
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lower capacity battery, as the generated photovoltaic
energy will not be sufficient to charge it. This can save on
photovoltaic system design and operation costs.

Possible shortcomings of the forecasting results are
due to the stochastic nature of solar radiation. Therefore,
it is recommended to make appropriate forecasts with
average data to estimate solar radiation in different months
of the year.
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APPENDIX
Table 1. Energy Production from PV system [kWh]
Month 1 2 3 4 5 6 7 8 9 10 11 12
2025 | 3943 570 | 966.1 | 1183.5 | 1130.4 | 1481.4 | 1549.2 | 680.6 | 554.7

Source: created by the authors.
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Fig. 1. Comparison between actual and predicted values of energy produced by the PV system

Source: created by the authors
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Fig. 2. Estimation of errors between the actual and forecast data
Source: created by the authors
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