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ABSTRACT: Forecasting photovoltaic (PV) production is an essential component for
the successful integration of renewable energy into electricity grids. In this paper, four main
groups of methods are evaluated: statistical, physical, machine learning-based, and hybrid.
An analysis is made in terms of accuracy, computational complexity and applicability using
an evaluation scale. The results show that hybrid models appear particularly promising, as
they combine the main strengths of the other approaches.
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1. Introduction

The growing share of renewables in the global energy mix requires reliable
methods for forecasting meteorological parameters. Accurate forecasts of
electricity generation from PV systems are critical for utilities, especially in
countries where legislative initiatives are actively promoting the construction of
solar power plants [1,2].

Photovoltaic systems have become a vital component of global electricity
generation. However, their variability and limited predictability pose major
challenges for grid operators. Effective forecasting supports load management
and reduces grid imbalances, leading to greater power system stability [3].

This paper discusses and evaluates four main groups of methods: statistical,
physical, machine learning-based, and hybrid. The working principles,
advantages and limitations are presented. An evaluation scale is applied to
enable comparison in terms of accuracy, computational complexity,
interpretability, data volume, forecast period and applicability.
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2. Forecasting methods for PV

2.1. Statistical forecasting methods for PV.

Statistical methods are based on time series and use historical data for
forecasting. They are effective for short-term forecasts but have limited
accuracy during sudden weather changes. These methods are commonly used,
for instance:

2.1.1. The ARIMA (AutoRegressive Integrated Moving Average) method
Is one of the most common statistical methods for time series forecasting and is
widely used in PV power generation forecasting. Its basic idea is that the future
power output of a PV installation can be expressed as a linear combination of
previous values of the power produced (autoregressive component), previous
errors (moving average component), and an appropriate differencing that
removes trends and seasonality. The model is usually denoted as ARIMA (p, d,
q), where the parameter p specifies the number of included previous power
values, d the degree of differencing, and q the number of included previous
errors.

When forecasting the performance of PV systems, ARIMA is most used for
short-term horizons - minutes to a few hours ahead. It is particularly useful when
reliable weather forecasts are lacking, and the forecast must be based primarily
on historical solar radiation measurements or power output. Among the
advantages of ARIMA is its ease of implementation and the fact that it does not
require large amounts of training data, making it applicable to newly installed
PV systems with a limited measurement base. However, the accuracy of the
model drops under highly dynamic atmospheric conditions - for example, when
clouds cause unpredictable changes in sunshine. ARIMA ignores external
factors such as cloud cover and temperature. Its predictive value is thus confined
to situations where historical PV patterns alone can describe future behavior. In
cases where there are clear seasonal patterns in the data, the extended SARIMA
(Seasonal ARIMA) model is often applied to better reflect the daily and seasonal
cycles in solar electricity production.

2.1.2. The SARIMA (Seasonal AutoRegressive Integrated Moving
Average) model is an extension of the classical ARIMA model, which allows
more accurate modelling of time series with pronounced seasonality. At its core,
SARIMA includes the standard AR, | and MA components, but seasonal
parameters are added to account for the recurrence of the data over a given
period. Thus, the model is denoted as SARIMA (p, d, q) (P, D, Q) s, where the
first three parameters describe the non-seasonal part and P, D, Q and s reflect the
seasonal autoregressive and moving average components, the degree of seasonal
differencing and the length of the seasonal cycle, respectively.

SARIMA is particularly well suited for forecasting the production of PV
systems due to the clear daily and seasonal repeatability of solar radiation and
generated power. For example, the daily cycle of sunrise and sunset, as well as
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the annual variation of day length and solar elevation angle, create regular
patterns that classical ARIMA has difficulty capturing. By incorporating
seasonal components, SARIMA achieves more accurate predictions than
traditional statistical models, especially at short- and medium-term horizons.
The advantages of SARIMA are related to its ability to detect complex
dependencies in the data without requiring external weather information. It is
relatively easy to implement and widely applicable in situations where sufficient
historical data with distinct seasonality is available. Its drawbacks stem from its
linear nature, like ARIMA. The model struggles to capture sudden non-linear
changes, such as those caused by rapidly shifting cloud cover. In addition,
SARIMA can become overly complex when multiple parameters are included,
which can reduce the model's generalizability.

In practice, SARIMA is often used as an intermediate method - more
accurate than standard ARIMA due to the seasonal components, but still more
limited than modern machine learning techniques. SARIMA has been applied in
several studies to predict hourly solar radiation and power generation, with
results showing an improvement in accuracy compared to baseline models,
especially at intervals of a few hours to a day. In this sense, SARIMA represents
a valuable tool that can be used alone or as a component in hybrid models
combining statistical and intelligent methods.

2.1.3. The VAR (Vector Autoregression) model extends the classical
autoregressive approach to capture interdependencies among multiple variables
simultaneously, instead of a single time series. In a VAR, each variable is
expressed as a linear function of its own past values and those of the other
variables in the system. This results in a set of equations that captures the
dynamic interrelationships in multivariate data.

In forecasting PV generation, VAR is commonly used because it allows
simultaneous modelling of multiple factors affecting the generated power. In
addition to the time series of solar radiation, ambient temperature, wind speed,
cloud cover, or even power output of neighboring PV installations can be
included in the model. Thus, VAR is a more comprehensive model compared to
ARIMA and SARIMA, which work mainly with single data series. The VAR
model captures complex linear interdependencies among multiple variables and
yields results that remain interpretable. This model is particularly useful when
the data shows strong interdependence, as is often observed with meteorological
variables. In addition, VAR models are also used to conduct scenario analyses
using impulse response functions, which show how a change in one variable
affects the others in the system.

The VAR model is characterized by high sensitivity to many parameters,
especially when multiple variables are included in the analysis. This leads to the
risk of loss of generalizability and the need for larger amounts of data for robust
parameter estimation. Although effective for short- and medium-term forecasts,
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VAR has limited capacity to capture nonlinearities and abrupt atmospheric
changes, which reduces its accuracy under dynamic weather conditions [4,5].

2.2 Physical methods

Physical methods for forecasting PV generation model the processes that
convert solar radiation into electricity. Unlike statistical approaches, which rely
mainly on historical data, these methods combine meteorological forecasts with
the technical characteristics of PV installations. Input data includes solar
radiation, cloud cover, temperature, wind speed and atmospheric transparency,
while solar-geometric models consider the position of the sun, tilt and
orientation of the panels. The results obtained are converted into expected power
generation using simulation tools such as PVGIS, System Advisor Model
(SAM), PVWiatts, etc.

Leading this category are Numerical Weather Prediction (NWP) based
methods that combine predicted weather conditions (temperature, cloud cover,
radiation, wind speed) with physical models of the PV modules. This estimates
the influence of factors such as panel temperature, angle of incidence of
radiation, shading and other system characteristics. Such methods are
particularly suitable for medium-term (a few hours to days) and long-term
(weeks) forecasts, where historical data alone do not provide reliable predictive
value.

Physical models provide a more accurate representation of the dynamics of
PV systems and their interaction with the environment, reducing the risk of
system biases. Their main limitation, however, is the high computational
complexity. Numerical weather models are highly computationally intensive,
and their accuracy depends on the quality of the input data and on the ability of
the physical models to describe the real characteristics of PV systems. Despite
these limitations, physical methods can offer more reliable predictions in the
medium and long term compared to statistical methods. The integration of
satellite data further improves the accuracy of short-term forecasts. Physical
methods are also applicable to newly built PV installations for which long-term
measurements are not available [6,7,8].

2.3. Machine learning methods

Machine learning methods provide an approach to predicting the output of
photovoltaic (PV) systems using algorithms that capture complex and non-linear
relationships between input factors and output power. In contrast to statistical
and physical models based on predefined dependencies, machine learning
algorithms learn directly from data and extract hidden relationships. Input data
includes historical values of power output, solar radiation, temperature, cloud
cover and other meteorological parameters.
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Methods in this category include:

» Atrtificial Neural Networks (ANN) - classical neural networks that capture
non-linear dependencies between historical data and output. They are
particularly suitable for short- and medium-term forecasting.

» Long Short-Term Memory (LSTM) - recurrent networks designed to
model long-term dependencies and seasonal fluctuations in time series.
They achieve high accuracy in forecasting PV generation.

» Convolutional Neural Networks (CNN) - neural networks oriented to
extract local and spatial dependencies. They find applications in weather
maps and spatial data analysis.

» Random Forest - an ensemble method based on multiple decision trees
that provides greater stability and robustness of predictions.

» Gradient Boosting - an ensemble approach where models are built
sequentially and focus on correcting residual errors. This method is
suitable for handling complex and dynamic data [9,10,11,12,13].

2.4. Hybrid Methods

Hybrid methods for predicting production from photovoltaic (PV) systems
combine the advantages of different approaches - statistical, physical and
machine learning algorithms. Their main goal is to overcome the limitations of
individual methods. Hybrid methods for predicting production from PV systems
can be implemented in several ways.

a) Combining physical and machine-learning models, where weather
forecasts or physical simulations are used as input to neural networks or
other algorithms.

b) Combining statistical and machine learning methods, for example when a
baseline forecast obtained by ARIMA is improved using LSTM or
Gradient Boosting.

c) Ensemble hybrids that combine the predictions of statistical, physical and
intelligent models through weighting techniques or meta-models.

d) Integration of data from different sources, such as satellite imagery,
historical measurements, and forecast atmospheric data, resulting in
higher accuracy [14,15,16,17,18].

3. Comparative analysis of forecasting methods using an evaluation
scale

The feasibility of different methods for forecasting PV production is
assessed using a five-point scale, enabling comparison across key criteria. The
scale is defined as follows:

1- Very low: minimum accuracy/minimum computational requirements.

2- Low: limited accuracy/ computational complexity required.

3- Medium: satisfactory accuracy/moderate computational demands.

4- High: good accuracy/high computational complexity.
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5- Very high: excellent accuracy/extremely high computational complexity.
Table 1 presents a comparative analysis of the four main categories of
methods - statistical, physical, machine learning and hybrid methods.

Table 1 Evaluation of forecasting methods

Method Statistical Physical Machine Hybrid Methods
methods methods learning
methods
Accuracy 3 4 4-5 5
Computqtlonal 5 5 3.4 5
complexity
Interpretability 4-5 4 1-2 2-3
Required data 3 4 4.5 5
volume
Forecast period | Short-term Medium and Short-term | Applicable across
(minutes to | long-term and all time horizons,
hours) forecasts medium- from short- to
(hours, days, |term long-term
weeks) forecasts
Applicability | Suitable for | Used in large | Suitable for | Applicable to
newly installations systems both local
installed and where with systems and
systems with | detailed extensive power grids
limited data | meteorological | historical
and for basic | data is databases
comparisons | available

The evaluation scale (1-5) used in the table allows a clear comparison
between the different groups of methods for predicting production from PV
systems.

The statistical models obtain values around 3 for accuracy and 2 for
computational complexity. This confirms their basic profile - they are easy to
implement and have low computational requirements, but their accuracy remains
limited under high weather dynamics. These results indicate that statistical
methods are primarily suitable for short-term forecasts and for systems with
limited historical data.

Physical methods are rated 4 in accuracy and 5 in computational
complexity. This reflects their high reliability in the medium to long term, owing
to the inclusion of NWP predictions and PV simulations. However, it also
highlights the significant resources required for implementation. As a result,
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these methods are preferred for large installations and regional forecasts,
provided sufficiently detailed input data is available.

Machine learning methods show values in the range 4-5 for accuracy and
3-4 for computational complexity. The results confirm their capacity to model
complex non-linear dependencies but also point to higher requirements for data
and computational resources. Despite being evaluated as balanced and flexible,
their practical application remains limited when adequate input data is
unavailable.

Hybrid models obtain the highest ratings (5 for accuracy and 5 for
computational complexity), positioning them as the most promising category by
integrating the strengths of statistical, physical, and machine learning
approaches. However, substantial resource requirements and the complexity of
integrating diverse methods remain key obstacles to their large-scale
implementation.

The analysis of the evaluations highlights that at short-term horizons
statistical models are sufficient, for long-term forecasts physical approaches
dominate, while machine learning provides a balance between accuracy and
resources. Hybrid solutions demonstrate the highest potential for future
development, especially in the integration of heterogeneous data and their
application in large-scale energy systems. Furthermore, the integration of
Geographic Information Systems (GIS) can enhance both accuracy and
applicability by providing spatial context and real-time data analysis, opening
opportunities for combining forecasting methods with spatial analyses in future
developments [19,20].

4. Conclusion

The evaluation framework presented in this study demonstrates that each
forecasting method has specific applications in PV production prediction. The
overall trend favors combined approaches, with hybrid models emerging as the
most effective option.

Future research should prioritize the integration of diverse data sources -
such as satellite observations, 10T sensors, and real-time measurements -
alongside improvements in algorithmic accuracy and computational efficiency.
These advancements will enhance the robustness and real-time applicability of
forecasts, thereby facilitating the seamless integration of PV systems into
modern power grids.
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