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Abstract: Photovoltaic energy yield varies in response to changes in meteorological
conditions. The main factors affecting the amount of electricity generated include solar
irradiance and air temperature, as well as seasonal and daily variations. This paper
examines the relationships between these factors and photovoltaic energy yield and presents
an approach to modeling those using orthogonal Chebyshev polynomials. The main input
variables, data-preprocessing steps, and structure of the approximation model are defined.
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1. Introduction

The electrical energy produced by photovoltaic systems depends directly on changes in
meteorological conditions [1]. Solar irradiance varies both throughout the day and across
seasons [2]. Air temperature also affects the operating characteristics and efficiency of
photovoltaic modules. These factors influence the amount of electricity generated to varying
degrees [3]. Therefore, their effects cannot always be described accurately enough by a linear
model [4].

A mathematical approach is needed to describe these effects and represent nonlinear,
interrelated processes. Mathematical models are used to analyze complex interrelated
processes in various application areas [5], [6]. Orthogonal polynomials are used in statistical
modeling and in the analysis of relationships across different fields. For this purpose,
orthogonal Chebyshev polynomials can be used to construct a multidimensional
approximation model describing the relationship between meteorological factors and
photovoltaic energy yield.

This paper identifies the variables involved in constructing the model, analyzes their
influence, and formulates the sequence of steps required for its development.
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2. Main Factors and Temporal Characteristics Used as Input Variables

To construct the model, the factors and temporal characteristics that affect photovoltaic
energy yield must first be identified. The main variables considered in developing the model
are solar irradiance, air temperature, seasonal variations, and time of day [7], [8].

2.1. Solar Irradiance
Solar irradiance is the primary energy source for photovoltaic modules and is used as a
key input variable in constructing the model. In this study, it is denoted by R and measured in
W/mz2. The amount of electrical energy produced depends on the solar energy reaching the
surface of the photovoltaic modules. As solar irradiance increases, the electric current
generated by the photovoltaic cells also increases, leading to higher output power.
The photovoltaic power output can be expressed as (1):

Py = nAR 1)

where Ppy, is the photovoltaic power output, n is the efficiency of the photovoltaic
modules, A is their active area, and R is the solar irradiance. The photovoltaic power output
Ppy describes the instantaneous rate of electricity generation, whereas the generated electrical
energy E is obtained by integrating the power output over a specified time interval.

The relationship between solar irradiance and power generated is not the same under all
conditions. It is affected by module temperature, the angle of incidence of sunlight, the
orientation and tilt of the panels, and the operating characteristics of the inverter. Changes in
cloud cover can also cause rapid variations in irradiance and, consequently, in instantaneous
PV output power and the energy generated over time [9], [10]. Therefore, in constructing the
model, solar irradiance is considered together with the other selected input variables.

2.2. Air Temperature

Air temperature is included as one of the main input variables in constructing the model.
Its effect on the electrical power generated is primarily related to the temperature dependence
of the electrical characteristics of photovoltaic cells. As cell temperature increases, voltage
generally decreases, which can lead to a reduction in maximum output power and conversion
efficiency [11].

The operating temperature of photovoltaic modules is influenced by air temperature,
incoming solar irradiance, and heat-transfer conditions. It depends on several factors acting
together, including solar irradiance, air temperature, wind speed, installation conditions, and
heat exchange with the surrounding environment. Under high irradiance, module temperature
can significantly exceed air temperature, intensifying the effect of temperature on the
modules’ electrical characteristics [12].

Therefore, temperature should not be considered independently of solar irradiance. Both
parameters simultaneously affect the operating conditions of a photovoltaic system: higher
irradiance increases the energy available for conversion but can also heat the modules and
thereby alter their efficiency. This indicates a nonlinear relationship and interaction between
solar irradiance and temperature, which should be accounted for when constructing the
approximation model.

In the proposed model, air temperature is denoted by Q and is used together with solar
irradiance R. Chebyshev polynomials make it possible to account for the effect of temperature
as an individual input variable and for its interactions with the other input variables through
combined polynomial terms.
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2.3. Seasonal Variations

The photovoltaic energy yield varies throughout the year. These variations are
determined by the length of daylight, the Sun’s elevation and position above the horizon, and
seasonal changes in meteorological conditions. As a result, the amount of incoming solar
energy - and, consequently, photovoltaic energy yield - exhibits a clear annual pattern.

To represent this periodicity in the proposed model, the day of the year, D, is used. Its
value indicates the position of each observation within the annual cycle, thereby providing the
model with additional temporal information.

Including this temporal variable allows the model to account for the seasonal pattern of
photovoltaic energy yield, which cannot be captured using only the current values of solar
irradiance and temperature. Days with similar meteorological conditions may occur at
different times of the year and differ in daylight duration and the Sun’s position, both of
which affect the energy produced.

In the model, the day of the year is denoted by D. After normalization, its values are
mapped to the interval [—1,1], allowing them to be used as arguments of the Chebyshev
polynomials. In this way, seasonal dependencies are represented by polynomial terms in D,
and by their interactions with solar irradiance R, temperature Q, and time of day H.

2.4. Time of Day

When hourly data are used, variations in hourly photovoltaic energy yield throughout
the day must be considered [13]. These variations are mainly determined by the daily pattern
of solar irradiance, which is directly related to the position of the Sun above the horizon [14].

Photovoltaic power generally increases after sunrise, reaches higher levels during the
hours of greatest solar irradiance, and gradually decreases in the afternoon and evening. The
specific daily profile may vary depending on the season, cloud cover, module orientation and
tilt, and other meteorological and operating factors. Accordingly, the daily model uses solar
irradiance, air temperature, and day of the year as input variables, whereas the hourly model
additionally includes time of day.

For this reason, time of day is included as an additional input variable when hourly data
are used. In the mathematical relationship, it is denoted by H and indicates the temporal
position of each observation within the daily cycle. After normalization, the hourly values are
mapped to the interval [—1,1], allowing them to be used as arguments of the Chebyshev
polynomials. This enables the model to account for the characteristic intraday variations in
photovoltaic energy yield and for interactions between time of day and solar irradiance R,
temperature Q, and day of the year D.

When hourly data are used, including H is particularly important because identical or
similar meteorological values may occur at different times of day and correspond to different
operating conditions of the photovoltaic system.

Based on the relationships discussed, the following main input variables are used to
construct the mathematical model:

Table 1. Model Variables

Variable Symbol Unit of measurement Role in the model
\Solar irradiance H R H W/m? H Input variable
\Air temperature H Q H °C H Input variable
IDay of the year [ D | - | Input variable
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Variable Symbol Unit of measurement Role in the model

\Timeofday H H H h H Input variable

[Electrical energy produced | E | kwh | Output variable

The output variable of the model is the electrical energy generated by the photovoltaic
system, denoted by Eand measured in kWh. The relationship between the input variables and
the generated electrical energy is expressed as (2):

E = f(R,Q,D, H) )

3. Data Preparation for Modeling

Before the model is constructed, the data must undergo preprocessing, including:

3.1. Synchronizing photovoltaic energy-yield data with the corresponding
meteorological observations.

3.2. Checking for missing, invalid, or anomalous values and, where necessary, applying
appropriate methods to handle them.

3.3. Normalizing the input variables. This is necessary because Chebyshev polynomials
are defined over the interval [—1,1]. Each input variable is normalized using (3):

=2 X7 Xmin 1 3)

Xmax — Xmin

where X is the original value and X is the corresponding normalized value.

In this way, all input variables are mapped to the same interval and can be used to
calculate the Chebyshev polynomials. The transformation of the original input ranges to the
interval [—1,1] is illustrated schematically in Fig. 1.
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Fig. 1. Schematic representation of the normalization of input variables to the interval
[_111]

4. Chebyshev Polynomials as the Basis of the Model

First-kind Chebyshev polynomials are used to construct the approximation model [15].
Chebyshev polynomials also provide a mathematical basis for developing models that
describe various natural processes. The first-kind Chebyshev polynomials are defined by (4):
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T, (x) = cos(n arccos(x)) (4)

where: x € [—1,1]
The first-kind Chebyshev polynomials up to the fifth degree are given in (5):

To(x) =1
T,(x) =x
T,(x) =2x*—1 (5)

T;(x) = 4x3 — 3x
T,(x) = 8x* —8x? + 1
Ts(x) = 16x° — 20x3 + 5x

Chebyshev polynomials are plotted over the interval [—1,1], and their shapes change as
their degree increases. The polynomial T,(x) is a constant function, while T;(x) varies
linearly. Higher-degree polynomials exhibit successive maxima and minima within the range
from —1to 1. As the degree increases, the number of variations within this interval also
increases, allowing more complex nonlinear relationships to be represented.

For each normalized input variable in the model, Chebyshev polynomials of different
degrees are calculated. For example, the following polynomials are formed for solar
irradiance:

T,(R), T(R), To(R), .
and for temperature:

T, (Q), 2(Q), 3(Q), ..

These polynomials form the basis functions used to approximate the relationship
between the input variables and photovoltaic energy yield [16].

5. Analysis of Input Variables and Model Construction

The model is constructed in stages, with the selected input variables added step by step
to examine their influence on the representation of photovoltaic energy yield. This makes it
possible to assess the contribution of each variable and determine an appropriate model
structure. The main stages in constructing and evaluating the model are shown in Fig. 2.

5.1. Initial Model with Solar Irradiance

The initial model examines the relationship between solar irradiance and photovoltaic
energy Yield. Solar irradiance is selected as the first input variable because of its primary
influence on the amount of energy that can be converted by photovoltaic modules. Chebyshev
polynomials of different degrees are calculated for the normalized solar irradiance values. The
resulting model serves as a baseline for comparison with models developed by subsequently
adding further input variables.

This stage shows how well solar irradiance alone describes variations in photovoltaic
energy yield and helps determine whether additional input variables are needed.

5.2. Inclusion of Air Temperature

Air temperature is then incorporated into the model because it affects the operating
characteristics and efficiency of photovoltaic modules. Chebyshev polynomials of different
degrees are calculated for temperature and combined with those for solar irradiance, allowing
the model to account for variations in both variables. The results are compared with those of
the initial model to determine whether including temperature improves the representation of
photovoltaic energy yield and to assess its contribution to the model.
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[ Input Data: R, Q, D, H
v

2 Data Preprocessing
v

3 Normalize Inputs to [-1, 1]
v

4 Calculate Chebyshev Polynomials
¥

5  Build Multidimensional Polynomial Basis
v

6 Test Degrees 1 to 5: 625 Combinations
v

7 Estimate Coefficients by Least Squares
v

8 Evaluate Model: R2, MAE, MSE, RMSE
v

9 Select Best Model Structure
v

10 Forecast Photovoltaic Energy Yield (kWh)

Fig. 2. Main stages in constructing the photovoltaic energy-yield model

5.3. Inclusion of Seasonal Variations

The model is then extended by adding the day of the year to represent seasonal
variations in photovoltaic energy yield. Daylight duration, the Sun’s position, and typical
meteorological conditions vary throughout the year. Including this variable enables the model
to account for these seasonal patterns. Chebyshev polynomials of different degrees are
calculated for the day of the year and combined with those for solar irradiance and air
temperature.

5.4. Inclusion of Time of Day

Time of day is also included among the input variables to account for the characteristic
variation in photovoltaic energy yield throughout the day. After sunrise, power output
gradually increases, reaches higher levels during periods of stronger solar irradiance, and
decreases toward the end of daylight. Therefore, hourly information helps the model represent
the hourly energy-yield profile more accurately.

The daily model uses three main input variables - solar irradiance, air temperature, and
day of the year - whereas the hourly model additionally includes time of day.

5.5. Selection of Polynomial Degree

Selecting the degree of the Chebyshev polynomials is an important step in constructing
the model. The degree determines the complexity of the polynomial representation and its
ability to describe variations in the relationship between the input variables and photovoltaic
energy yield. Lower-degree polynomials represent the general pattern of the relationship,
while higher degrees can capture more complex nonlinear variations.
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However, an excessively high degree may unnecessarily complicate the model and
cause it to overfit the data used for its construction. Therefore, the degree is not fixed in
advance. Several polynomial degrees are evaluated in sequence, and the resulting models are
compared.

When selecting the polynomial degrees, degrees from 1 to 5 are considered. For each
input variable, the analysis examines whether increasing the polynomial degree improves the
representation of photovoltaic energy yield. For the daily model, five possible degrees are
evaluated for each of the three input variables, resulting in 53=125-degree combinations. For
the hourly model, five possible degrees are evaluated for each of the four input variables,
resulting in 5*=625-degree combinations.

The input variables do not need to have the same polynomial degree. For example, the
relationship with solar irradiance may be represented best by one degree, while the effects of
temperature, seasonal variations, or time of day may require another. Therefore, the maximum
degree is selected separately for each input variable, and all 625 combinations are compared
using accuracy and complexity measures. The principle for generating and evaluating degree
combinations for the four input variables is shown in Fig. 3.

R
)
Degree 1 to 5
Degre? 1to5 Deoree search Select the best
| g Model evaluation i combination
. XCSO:ISi:atsiojls&S R? | MAE | MSE | RMSE Balance accuracy and
D — complexity
Degree 1to 5
H I
Degree 1to 5

Fig. 3. Formation and Evaluation of Chebyshev Polynomial Degree Combinations

Different combinations of polynomial degrees are investigated, and the resulting models
are compared in terms of accuracy. The aim is to select a model that describes the observed
relationships adequately without increasing their complexity unnecessarily.

The final polynomial degrees are selected after evaluating the results using appropriate
accuracy metrics. Thus, the degrees are not predetermined but are selected based on the
model’s performance on the available data.

5.6. Formation of the Overall Model Structure

After the input variables have been identified and suitable polynomial degrees have
been investigated, the overall model structure is formed. For each normalized input variable,
the corresponding Chebyshev polynomials are used to construct the polynomial basis of
mathematical representation. Combining these polynomials allows the model to represent
both the individual effects of the input variables and their interactions. The daily model uses
solar irradiance, air temperature, and day of the year, whereas the hourly model also includes
time of day. The model coefficients are estimated from the corresponding photovoltaic
energy-yield data using the least-squares method.
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5.7. Model Comparison and Selection

The model variants are compared to assess how the inclusion of additional input
variables and the selection of different polynomial degrees affect the results. The analysis
considers the contribution of solar irradiance, air temperature, day of the year, and time of
day, as well as different combinations of Chebyshev polynomial degrees.

Model performance is evaluated by comparing the actual and predicted electrical energy
generated by the photovoltaic system using the coefficient of determination (R?), mean
absolute error (MAE), mean squared error (MSE), and root mean squared error (RMSE) [17—
19]. The daily and hourly model configurations are evaluated separately because they use
different numbers of input variables and therefore involve different sets of polynomial-degree
combinations. These metrics are used to identify a model structure that describes the observed
relationships accurately while maintaining an appropriate level of complexity [20]. The daily
model uses three input variables, whereas the hourly model uses four. The maximum
polynomial degree is determined separately for each input variable. The resulting model
configurations provide a basis for forecasting photovoltaic energy yield.

6. Conclusion

Photovoltaic energy yield is shaped by the combined effects of various meteorological
and temporal factors. Solar irradiance is the primary energy input, while temperature, seasonal
variations, and time of day can also affect the amount of electrical energy produced.

This paper identifies the main input variables used to develop a mathematical model
based on orthogonal Chebyshev polynomials. It outlines the main stages of data preparation,
polynomial basis construction, selection of polynomial degrees, and model evaluation. The
contribution of this paper is the formulation of a structured methodology for representing the
relationship between photovoltaic energy yield and meteorological variables using a
multidimensional basis of first-kind Chebyshev polynomials. The methodology specifies the
input variables, data-preprocessing steps, polynomial-degree search, and model-evaluation
procedure.

The next stage of the research will focus on validating the proposed model using real
data to assess its applicability and accuracy.
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