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When it comes to large-scale renewable energy plants, the future of solar power forecasting is vital to their success. For reliable
predictions of solar electricity generation, one must take into consideration changes in weather patterns over time. In this
paper, a hybrid model that integrates machine learning and statistical approaches is suggested for predicting future solar
energy generation. In order to improve the accuracy of the suggested model, an ensemble of machine learning models was
used in this study. The results of the simulation show that the proposed method has reduced placement cost, when compared
with existing methods. When comparing the performance of an ensemble model that integrates all of the combination
strategies to standard individual models, the suggested ensemble model outperformed the conventional individual models.
According to the ﬁndings, a hybrid model that made use of both machine learning and statistics outperformed a model that
made sole use of machine learning in its performance.

1. Introduction
Machine learning approaches have been increasingly popular across a wide range of businesses where data-driven difﬁculties have been common in recent decades. Machine
learning encompasses a wide range of disciplines, including
data mining, optimization, and artiﬁcial intelligence, to
name a few of the more prominent. Machine learning
approaches seek to discover connections between input data
and output data, whether or not they make use of mathe-

matical models in the process. Following training with the
training dataset, the forecasting input data can be fed into
the well-trained machine learning models, which can then
be used to make predictions [1, 2]. This stage is crucial to
machine learning since it has the ability to improve the performance and speed of the algorithm.
Generalizations aside, machine learning relies on three
forms of training: supervised training, unsupervised training,
and reinforcement training. Clustering criteria are used, and
the number of clusters can change depending on the situation.
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Figure 1: Fossil fuels.

In order to maximize the intended beneﬁts of reinforcement
learning, the learner must interact with their environment in
order to obtain feedback from it. This is known as interactivity.
There have been a variety of theories and implementations presented that are based on the three fundamental
learning principles [3]. As a result, deep learning is capable
of achieving characteristic nonlinear features and invariant
high-level data conﬁgurations, and as a result, it has been
applied in a variety of diverse ﬁelds with good results.
According to some studies, a single machine learning
model has also been used to anticipate the availability of
renewable energy sources [4]. Because of the large range of
datasets and time steps, prediction ranges, settings, and performance measurements, a single machine learning model
cannot improve forecasting performance on a single dataset
or time step. There have been a number of studies in renewable energy forecasting that have resulted in hybrid machine
learning models or overall prediction methodologies that are
intended to improve prediction performance. Signiﬁcant
attention has lately been drawn to support vector machines
(SVMs) and deep learning algorithms [5].
In addition to hastening the depletion of fossil fuel reserves
as in Figure 1, overconsumption of fossil fuels has a negative
inﬂuence on the environment as a whole. Increased health
risks as well as climate change threats will result as a result
of these issues. Renewable energy, which includes both nuclear
power and fossil fuels, is the energy source, surpassing both.
Renewable energy has recently received a great deal of
attention as a result of its long-term viability and minimal
impact on the surrounding environment. In the near future,
the provision of renewable energy will be one of the most
critical challenges to be addressed. Alternative terminology:
the inclusion of renewable energy sources into current or
future electric power generation systems.
Existing energy challenges, such as increasing supply stability and alleviating regional power shortages, can be solved
through the evolution of renewable energy technologies. This
creation of diverse energy sources, on the other hand, is interrupted and chaotic as a result of the volatility of the energy
market as well as the unpredictable and intermittent renewable energy. Dealing with renewable energy ﬂuctuation in an
accurate way prevails as a challenge. The energy system eﬃciency is improved via energy monitoring with high precision.
The application of energy forecasting technologies can assist
in the creation, management, and formulation of energy policy at all levels of government. As renewable energy sources

become more generally available, it is vital to create cuttingedge technologies for storing this energy [6]–[7].
Several studies have discovered that a variety of machine
learning algorithms have been employed to estimate the output of renewable energy resources. With the help of datadriven models, it is possible to make more accurate predictions about renewable energy. With the use of hybrid
machine learning algorithms, projections for renewable
energy sources have also been enhanced. In order to eﬀectively predict the availability of renewable energy sources,
it was required to use a number of time intervals. When it
comes to renewable energy forecasting, these criteria have
been widely used to evaluate the accuracy and eﬃciency of
machine learning algorithms [8].

2. Related Works
Wang et al. [9] investigated deep learning-based renewable
energy forecast algorithms in their research. There were four
kinds of approaches: stack autoencoder, deep belief networks,
recurrent neural networks, and other approaches are lumped
together. Certain data processing is employed in order for performance improvement of the predicted results even further.
When it comes to dependability and estimating energy,
Bermejo et al. [10] proposed a model using ANN. In this
inquiry, potential sources of energy such as solar, hydraulic,
and wind power were all taken into consideration. A number
of examples are developed to demonstrate the advantages of
ANN in the prediction of energy and trustworthiness, among
other things. In their study, Mosavi et al. [11] looked at the
analysis and classiﬁcation of ML algorithms used in energy
systems. According to the ﬁndings of the study, hybrid models
outperform standard ML models in energy systems.
According to Ahmed and Khalid [12], they investigated
the reliability of renewable power generation systems and
optimal reserve capacity in order to better understand forecasting models for renewable power production systems.
According to the power industry, this review gave current
trends and forecasts for future improvements in system design
and operation. In the ﬁeld of solar and wind energy forecasting, Zendehboudi et al. [13] discovered that support vector
machine (SVM) outperformed others. Furthermore, when it
comes to forecasting accuracy, hybrid SVM models outperforms single SVM models.
Das et al. [14] conducted an investigation and evaluation
of the forecasting methodologies utilized in solar photovoltaic
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electricity generation. According to the ﬁndings of this study,
artiﬁcial neural networks and the support vector machine
model were found to be particularly prevalent in this ﬁeld. In
their paper, the scientists noted that weather conditions have
an impact on the accuracy of solar power forecasts.
Due to the fact that solar radiation is a key source of solar
energy, Voyant et al. [15] investigated the application of
machine learning algorithms in forecasting solar radiation. Several strategies for forecasting solar radiation have been
described. Perez-Ortiz et al. [16] conducted an evaluation of categorization approaches for problems of renewable energy and
provided insights for both academics and industry practitioners
in this ﬁeld. In this study, we employed evolutionary approaches
and game theory to investigate the feasibility of hybrid renewable energy systems and the obstacles associated with them.
To give a comprehensive survey [17]–[18] of current
developments in the ﬁeld, this paper examines data pretreatment methodologies, machine learning algorithms, parameter selection, and performance assessments of machine
learning models in renewable energy projections.

3. Proposed Method
In this section, we validate the forecasting made by the
ensemble model for optimal prediction of power generation
using PV plants. The study considers two case studies, where
the former is simulated for smaller PV farms of 1000 PV
cells and larger PV farms of 100000 PV cells. The illustration
of training the ensemble model is given in Figure 2. In these
proposed methods, the data is classiﬁed into a single classiﬁer and another set will act as a training data from which
we will classify the samples, classiﬁer, Aggregation was done
once it was completed. It will be moved to performance metric evaluation with several comparison techniques.
3.1. Feature Selection. The sun delivers solar energy in the
form of solar radiation, which is produced by the photovoltaic
eﬀect. Sunlight intensity is the most important factor inﬂuencing the output of photovoltaic (PV) solar panels. A PV system
output can be aﬀected by a variety of diﬀerent environmental
variables among others. Identifying which parts of PV are
valuable and which aspects are not is also essential so that a
suitable feature subset may be selected as an input to the
model. We propose a hybrid method for feature variable selection that comprises two basic processes, namely, the ﬁlter stage
and the wrapper stage, as depicted in Figure 3.
Prior to begin the learning process, the ﬁlter technique
analyzes features based on the inherent attributes of each
one of the features. Filter criteria are used to select a subset
of features from a dataset based on their relevance.
Because of the characteristics of PV data, the Pearson
correlation coeﬃcient (PCC) is employed to assess the relationship between input factors and the target variable. A
PCC is a statistical metric that is used to determine the linear
correlation between two variables, X and Y, in a dataset.
Data from time series analysis captures the degree to which
a target variable Y correlates with an input variable X over
the course of an observation period. When calculating the
correlation between two variables, the time series data at
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the points t and t1 of the variable are not used. In our example, the meteorological factors that have an impact on PVPG
are represented by the letters Y and X, respectively. As a
result, the PCC may be expressed mathematically as
N

∑i=1 ðxi − xÞðyi − yÞ
ρðX, Y Þ = qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ,
N
∑i=1 ðxi − xÞ2 ∑Ni=1 ðyi − yÞ2

ð1Þ

where PCC is the value that lies between +1 and -1. PCC
is one of the most commonly used criteria for describing the
relationship between variables in practice, and it is also one
of the most widely studied.
The wrapper approach is utilized to analyze each subset
that has been selected. The learning algorithm is integrated
into the feature selection process, which in turn makes use
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Figure 5: Observations from ensemble model for smaller PV farms.

of the error of a given model to determine which feature
subset is most important to the user. It was decided to
employ the traditional LSTM model for the analysis of feature subsets in this study because of its capacity to address
time series forecasting issues. As a result, the optimal subset
of training characteristics may be determined from among
all of the subsets that have been investigated.
Through the use of a hybrid approach, the proposed feature selection attempts to integrate the best aspects of wrapper
and ﬁlter methods into a single method. After examining the
correlations between variables using ﬁlter criteria, appropriate
thresholds are determined in order to reduce the number of
feature variables that can be evaluated. The ﬁlter technique,
in contrast to other learning algorithms, is univariate in nature.
This results in it being signiﬁcantly more eﬃcient and faster to compute than the wrapper technique, and it is capable of
dealing with massive datasets with ease. No consideration is

currently given to how features interact with one another or
with the learning algorithms, which is a problem. In this case,
the wrapper technique is required because coupled features in
the single feature evaluation. In order to eﬀectively use an individual wrapper strategy, a signiﬁcant amount of computer
power is required. This is owing to the learning methods used
and the enormous number of feature subsets that must be analyzed. Despite this, when the correlation results of the ﬁlter
approach are utilized as a guide, fewer feature subsets are generated and analyzed than would otherwise be the case. As a
result, the hybrid method that has been proposed has the
potential to improve the eﬀectiveness of the feature selection.
3.2. Ensemble Feature Classiﬁcation. In this study, we
employed an approach known as multimodel ensemble feature selection, which is an alternative to the methods that
have been previously explored. Initially, the training data is
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Figure 6: Diﬀerence between the smaller and larger PV farms using ensemble model.
500

400

300

200

100

0

–100

–200

–300
0

20

40

60

80

100

120

140

160

Actual
Simulation mean of forecast

Figure 7: Observations from ensemble model for larger PV farms.
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analyzed using a number of feature selection algorithms,
each of which generates a subset of the total data. Second,
a model is trained using a single subset of data that was previously acquired, as described above. Finally, we compile the
results of all of the simulations that we have conducted.
Figure 4 depicts the process of selecting ensemble features
from a large number of candidates.

4. Results and Discussions
During the experiment, a total of 10 MW of capacity was
achieved through the use of polycrystalline solar panels
(Poly-SI) and thin-ﬁlm solar cells (TFSC). The time series
dataset can be accessed in a number of diﬀerent formats.
For our research, we used data with a ﬁve-minute resolution.
Low-bias machine learning models also reveal that estimates for energy generation are pretty close to the reality.
According to the example studies depicted in Figure 5, clear
weather conditions outperformed overcast and partly cloudy
conditions for each ML model. When the weather is clear,
the shift in cloud cover is gradual, which allows for more
accurate power predictions. The RMSE of the power forecast
for a gloomy day is slightly higher than that of the power
forecast for a clear day. It is the actual and forecasted of
the predicted power for the partly cloudy day that are particularly bad. The error in a forecast is inﬂuenced by the variety
of the forecast. It is mostly owing to the greater unpredictability associated with partially cloudy conditions that the
abovementioned discrepancies in forecast errors exist. In
contrast to the ﬁndings in Figure 6, the results in Figure 7
appear to be contradictory.
It is obvious from this dataset that the ensemble model is
capable of producing accurate estimates. It is possible that a
generalized ML model that can be applied to any PV plant will
never be developed. It is possible that the ensemble model,
despite its excellent performance in this study, will perform
even better on a diﬀerent dataset. The location and construction of the power plant may have an impact on the weather
conditions and the amount of electricity that is generated.
Clear data is more abundant in the dataset than cloudy data,
which indicates that the data is more reliable. Because the
dataset has a higher proportion of clear data than other
models for polar regions, the ML model overall performance
is superior to that of other models for polar regions.

5. Conclusions
An integrated machine learning model and the statistical
approach are used to anticipate future solar power generation from renewable energy plants. This hybrid model
improves accuracy by integrating machine learning methods
and the statistical method. In order to improve the accuracy
of the suggested model, an ensemble of machine learning
models was used in this study. When comparing the performance of an ensemble model that integrates all of the combination strategies to standard individual models, the
suggested ensemble model outperformed the conventional
individual models. According to the ﬁndings, a hybrid
model that made use of both machine learning and statistics
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outperformed a model that made sole use of machine learning in its performance. In future work, the proposed method
can improvise the performance, accuracy, and the other
metrics using several deep learning mechanisms.
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