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Renewable energies are the alternative that leads to a cleaner generation and a reduction in CO2 emissions.
However, their dependency on weather makes them unreliable. Traditional energy operators need a highly
accurate estimation of energy to ensure the appropriate control of the network, since energy generation and
demandmust be balanced. This paper proposes a forecaster to predict solar irradiation, for very short-term, spe-
cifically, in the 10 min ahead. This study develops two tools based on artificial neural networks, namely Long-
Short Term Memory neural networks and Convolutional Neural Network. The results demonstrate that the
Convolutional Neural Network has a higher accuracy. The tool is tested examining the root mean square error,
whichwas of 52.58W/m2 for the testing step. Compared against the benchmark, it has obtained an improvement
of 8.16%. Additionally, for the 82% of the tested days it has given a less than 4% error between the predicted and
the actual energy generation. Results indicate that the forecaster is accurate enough to be implemented on a pho-
tovoltaic generation plan, improving their integration into the electrical grid, not only for providing power but
also ancillary services.
© 2022 The Author(s). Published by Elsevier Inc. on behalf of International Energy Initiative. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction

In recent decades, the energy demand pace is becoming faster than
ever (IEA, n.d.). Besides, it is expected to continue, due to the high number
of everydaydevices that needelectricity. Simultaneously, the environmen-
tal impact is also increasing. Since the use of traditional energy generation
techniques, such as nuclear power, have low efficiency, generate green-
house effect CO2 emissions and other pollutants that are transferred to
the atmosphere that issue is becoming the centre of governments'
attention. This is why some years ago the term “energy transition” began
to be heard, to achieve the goal of an utterly renewable generation
system. For instance, European Union members signed the 20–20-20
agreement for reducing greenhouse gas emissions by 20%, reducing en-
ergy consumptionby20% throughgreater energyefficiency and increasing
the use of renewable sources by 20% (An official website of the European
Union, n.d.).
echnology Alliance (BRTA), Manuel L
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In recent years, one of the most developed renewable energy
sources, is the solar energy, along with wind power. In the last years
more investment has beenmade in the development of these two tech-
nologies, due to the amount of places with high irradiation and wind
possibilities. According to the report presented in 2019 of the Interna-
tional Renewable Energy Agency (IRENA), the price of crystalline PV
modules has decreased by 90% between December 2009 and December
2019 (IRENA, n.d.). This iswhy theuse of the photovoltaic energy source
has increased considerably. IRENAhighlights how the capacity of photo-
voltaic solar energy increased 14-fold between 2010 and 2019, reaching
580 GW installed by the end of 2019. And the trend is expected to con-
tinue to rise in the forthcoming years.

However, the intermittent nature of wind and solar generation in-
creases the need for more flexible and reliable energy generation (Glass
& Glass, 2020). Hence, in order to fulfill the requirements of the grid, en-
ergy systemoperators use conventional technologies. Therefore, if a higher
ardizabal 15, 20018 Donostia/San Sebastián, Spain.
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Table 1
Summary of the different prediction horizons and its applications.

Prediction
horizon

Range Applications

Very
short-term

1 min to several min ahead

– Power smoothing
– Monitoring of real-time

electricity dispatch
– Electricity marketing/

pricing
– PV storage control

Short term
1 h or several hours ahead to 1
day or 1 week ahead

– Economic load dispatch
– Power system operation
– Control of RE management

system
– Scheduling

Medium
term

predictions of 1 month to several
months ahead

– Maintenance scheduling

Long term predictions of 1 to 10 years ahead

– Energy rationing
– Transmission and distribu-

tion
– Detecting seasonal trends
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penetration of renewable generators is desired, a decrease of the unreli-
ability factors must be achieved by the design of accurate forecasters.

Forecasting renewable energies' output power is not a new assign-
ment. Several methods can be found throughout literature. Forecasting
is based on predicting future figures within historical databases. A great
deal of studies use meteorological parameters, such as solar irradiance,
temperature or clear sky index to forecast PV output power (Dong
et al., 2014; Gao, Huang, Shi, Tai, Zhang, 2020a; Wang, Xuan, et al.,
2020). However, other sources in the literature propose directly fore-
casting the power generated by renewable energies using previous gen-
erated values (Ízgi et al., 2012; Lin & Pai, 2016; Shi et al., 2011).

This study presents two forecasting methods for solar irradiation,
based on Artificial Neural Networks (ANN). These tools can forecast
solar irradiation for a 10 min prediction horizon. As a consequence,
the PV output power could be calculated.

The contributions of this work can be summarised as follows:

• A very short-term solar irradiance forecaster, for within the next
10min, was developed, in order to integrate into solar photovoltaic
generators. Two types of forecaster were designed, which are
based on ANN, namely Long Short-Term Memory (LSTM) Neural
Network and Convolutional Neural Network (CNN).

• Moreover, RMSE and other error metrics were used to compare not
only the developed two forecasters between them, but also with
the results provided in the literature.

• Finally, the generated energy is calculated and the deviation be-
tween the predicted and actual generated energy is computed. Re-
sults show that the tool's accuracy is high enough to integrate on a
photovoltaic plant.

The remaining sections of the article are organized as follows:
Section 2 classifies the most relevant forecasters. Section 3, describes
the database used. In Section 4, different models for the solar irradi-
ation forecasting are analysed, as well as the two proposed models
are examined. Section 5, presents the results obtained through pro-
posed models and compares obtained results with those provided
in the literature. Finally, Section 6 presents the conclusions of this
study.

Irradiation forecasting algorithms

Consideringmeteorological forecasters, two criteria can be followed
to classify them: prediction horizon and the method the forecaster is
based on.

Prediction horizon

Prediction horizon is the span of time into the future for which
forecast data are to be prepared. Although some researchers propose
three categories of the forecast horizon (Raza & Khosravi, 2015),
others distinguish four categories (Raza et al., 2016): a) very short-
term, predictions of 1 min to several min ahead, b) short-term, pre-
dictions of 1 h or several hours ahead to 1 day or 1 week ahead,
c) medium-term, predictions of 1 month to several months ahead
and d) long-term forecast, predictions of 1 to 10 years ahead. Each
prediction horizon involves different purposes (Hyndman & Fan,
2010; Soman et al., 2010). Table 1 summarised them.

Forecaster model

The second criterion to classify forecasting algorithms relies in the
forecaster method (Raza et al., 2016; Soman et al., 2010; Tiwari et al.,
2018). Here, two groups are distinguished, namely physical and statisti-
cal methods.
2

Physical method
Physical methods are based on a mathematical set of equations,

which describe physical states and dynamic motions. Methods like nu-
meric weather prediction (NWP) (Mathiesen & Kleissl, 2011; Tiwari
et al., 2018) or sky-imagery (Caldas & Alonso-Sárez, 2019; Dong et al.,
2014; Wang, Xuan, et al., 2020) are the most popular ones. Mathiesen
& Kleissl (2011) presents the application of different NWP tools to pre-
dict global horizontal irradiation (GHI) for a day ahead on the continent
of the United States. These techniques present difficulties with time
scales smaller than few hours so, generally they are more reliable in
long-term forecasting.

Dong et al. (2014) uses satellite image analysis to determine the
cloud cover index. Then, using a back propagation multilayer
perceptron model they derive the solar irradiance from the cloud
cover index. This hybrid method, concluded that for an hourly irradi-
ance forecasting, it has superior forecasting accuracy compared with
other popular statistical time series models. Physical methods required
a high knowledge of meteorological equations. In addition, the equip-
ment used in those techniques tends to have high costs. Hence, physical
methods are frequently rejected due to the required knowledge and
equipment’s' costs.
Statistical method
Statistical techniques use historical time-series data and real-time

data to learn patterns. Therefore, the forecast accuracy of the statistical
model depends on the quality and dimensions of the available data.
Generally, they have less input data than physical methods, and are eas-
ier to model. Besides, they are less expensive in contrast to physical
methods. These methods show better performance in short-term fore-
cast than NWP models. Statistical techniques can be divided in two
sub-groups (Ahmed et al., 2020; Raza et al., 2016); namely, time series
model and artificial intelligence (AI) models.

Time series models, also known as conventional linear statistical
techniques, are exponential smoothing, autoregressive moving average
(ARMA) and autoregressive integrated moving average (ARIMA)
(Belmahdi et al., 2020). Those techniques lead to limitationswhen fore-
casting non-linear data, such as solar irradiation. Hence, they are usually
combined with machine learning algorithms.

Machine learning algorithms are designed to analyse the input data,
implementing learning skills; in this way, logical reasoning is obtained.
Wang, Liu, et al. (2020) realised a thorough analysis of the AI methods
used for the solar power forecasting. In conclusion, Artificial Neural
Networks (ANN) and Support Vector Machine (SVM) are the most



Fig. 1. Schema of a RNN (left) (Wang, Zhang, et al., 2019). Schema of a LSTM cell (right) (Li et al., 2019).
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used techniques to forecast the solar power for a very-short term pre-
diction horizon.

A remarkable method that some researchers suggest (Gutierrez-
Corea et al., 2016; Mukhoty et al., 2019), is considering the use of
nearby location information. Adding the historical spatial and tem-
poral information of surrounding locations, the accuracy of the algo-
rithm can significantly improve. Mukhoty et al. (2019) shows the
influence of such method on four different AI algorithms; Feed
Forward Neural Network (FFNN), Recurrent Neural Network
(RNN), Long Short-Term Neural Network (LSTM) and Gradient
Boosted Regression Tree (GBRT), for the forecasting of solar irradia-
tion 1 to 24 h ahead. Mukhoty's model presents the mean absolute
error (MAE) and the root mean square error (RMSE) of the four
methods individually. After, the spatiotemporal information of the
nearby 16 stations is added.

Finally, the abovementionedmethods are simplemethods, although
they can be combined to create hybrid methods (Dong et al., 2014;
Kromer et al., 2014; Yan et al., 2019). These methods are intended to
achieve better results than simple methods. Nevertheless, it is not al-
ways worthwhile, since hybrid methods are more complex and require
more training time. Usually thesemethods achieve better results in long
term horizons. For instance, Dong et al. (2014) proposed a hybrid
method to forecast solar irradiance one hour ahead. The proposed
method, combined satellite image analysis and a hybrid exponential
smoothing state space (ESSS)model together with ANN. Firstly, a classi-
fication of cloud cover index is created using satellite image analysis and
the self-organizing map (SOM). After, the ESSS forecast the next time
step cloud cover index. Finally, the ANN model was applied to derive
the solar irradiance from the forecasted cloud cover index.
Fig. 2. An example of a CNN

3

The database

Since the basics of the neural networks are based on learning pat-
terns of the historical data, selecting the database is considerably one
of themost important steps. The database needs to be accurate, without
lack of data. Proximity is also an important factorwhen selecting the da-
tabase. To develop this study the data has been obtained through
Euskalmet (Euskalmet, n.d.), a governmental agency of the Basque
Country, which provides meteorological data. The historical data for
years 2015, 2016 and 2017 has been downloaded. The data is recorded
with intervals of 10 min. While database for the years 2015 and 2016
was applied for the training, 2017's data was left for testing. Due to
the fact that the neural network has not seen the data from year 2017,
the real accuracy of the forecaster can be tested.

The data downloaded from Euskalmet included the subsequent pa-
rameters: solar irradiation values, atmospheric pressure, relative air hu-
midity and air temperature. As presented in Rodríguez et al.'s (2018)
work, we have only considered the solar irradiation values as inputs
for the ANN. Given that only parameters that have a strong correlation
in the forecast model output should be considered as inputs. In
Rodríguez et al.'s work, the relationship between the irradiance and
the remaining parameters was analysed bymeans of a Pearson correla-
tion. The analysis concluded that the atmospheric pressure, the air rela-
tive humidity and the air temperature, depending on the season of the
year, presented stronger or weaker relationship. Therefore, they do
not have a stable influence on the irradiation. In consequence, they are
not taken into account as input for the ANN.

Summarizing, the data given to the training network input is com-
posed of a vectorwith a length of 146 values. Thefirst value corresponds
(Koprinska et al., 2018).

Image of &INS id=
Image of Fig. 2


Fig. 4. Persistence models' forecast values vs. real values for August 21, 2017.

Fig. 3. Convolutional layer process (Wang, Qi, & Liu, 2019c).
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to the season of the day being forecasted, the second values determines
the time of the day. Finally, the remaining 144 values correspond to the
irradiation values recorded every 10 min of the previous 24 h. The out-
put of the ANN is the forecasted irradiation value.

Methods

Analysed forecasting models

After reviewing the literature, it is concluded that the ANNs are ap-
propriate methods to forecast solar irradiation for a very-short term
prediction horizon. Hence, LSTMneural networks and CNNwill be stud-
ied. In addition, the persistencemethod is also applied, since it is easy to
implement and usually is used as benchmark for analysing the improve-
ment of new forecasters.

Persistence method
The concept adopted by this technique is based on the assertion

that tomorrow's weather will be the same as today's. Therefore, the
prediction obtained by this method is one step back from the real
value. This technique usually achieves relatively good values in
very short-term horizons. Surprisingly, sometimes the results ob-
tained in this way are better than those obtained by other more com-
plex methods (Ahmed et al., 2020; Soman et al., 2010). That is why it
is used as a benchmark, as computationally is the easiest, fastest and
least expensive method of all. Hence, any forecast method that is de-
veloped is usually tested against the persistence method, to check
the improvement over this technique. The equation that describes
this forecast model is:

P t þ Δtð Þ ¼ P tð Þ ð1Þ

where; P(t + Δt) is the future predicted value for the forecast horizon
Δt, and P(t) is the actual value.

Artificial neural networks
Artificial neural networks are a field of the AI, which digitalizes

human abilities. By means of replacing the functioning of the
human brain, the performance of the computers has significantly im-
proved, achieving the ability to recognise patterns and predict future
unseen values. The artificial neuron is the processing unit. Those ar-
tificial neurons are divided into layers, which are communicated by
synaptic junctions. Synaptic junctions are responsible of transferring
the information between different neurons. All the received infor-
mation is sum on the artificial neurons. Provided that the informa-
tion exceeded the cut-off point, it will be sent to the next neuron or
to the output (Kalogirou, 2001).

Two types of artificial neural networks are going to be tested, given
the potential they present in terms of pattern recognition and data clas-
sification. Namely, LSTM and CNN.
4

Long Short-Term Memory neural networks. LSTM neural networks are a
variation of RNN. RNNs have a feedback where the output value, after
a time delay, returns to the input, along with the input vector (see
Fig. 1 (left)). This feedback loop provides them with a small memory
cell, which is updated at every time step. However, with large data,
RNNs tend to suffer from the very common problem of vanishing or ex-
ploding gradients (Agrawal et al., 2018; Mukhoty et al., 2019). This was
the primary encouragement for the development of LSTM. Therefore,
LSTM has the ability to remember large data sequences. This capacity
is achieved by replacing the original cell by a more complex structure,
as can be seen in Fig. 1 (right).

The structure of each LSTM cell is composed of a series of ‘gates’.
These gates allow data to be deleted, filtered or added to the next cell.
Thus, gates allow passing only data that characterizes the output
(Ludwing, 2019). These gates are; an input gate, a forget gate, an output
gate and a cell state that has long-term memory.

– The input gate allows new data to flow in. Also, it updates the status
of the memory cell by means of a mechanism.

– The forget gate decides which information should be rejected,
returning 1 or 0.

– The output gate depending on the input data and the state of the
memory cell, transmits the information to the next LSTM cell.

The mathematical expressions for each gate are as follow (Cao et al.,
2020; Li et al., 2019):

Input gate:

it ¼ S wxi � xt þwhi � ht−1 þ bið Þ ð2Þ

Forget gate:

f t ¼ S wxf � xt þwhf � ht−1 þ bf
� � ð3Þ

Output gate:

ot ¼ S wxo � xt þwho � ht−1 þ boð Þ ð4Þ

Cell memory:

ct ¼ it⊙ct 0 þ f t⊙ct−1 ð5Þ

ct 0 ¼ tanh wxc � xt þwhc � ht−1 þ bcð Þ ð6Þ

Image of &INS id=
Image of Fig. 3


Fig. 5. a) LSTM models' forecast values vs. real values for an overcast day, March 23rd, 2017; b) error histogram and normal distribution.
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LSTM cell output:

ht ¼ ot � tanh ctð Þ ð7Þ

where: wi, wf, wo are the input, forget and output weights respectively.
bi, bf, bo are the input, forget and output biases. wc and bc are the
diagonal weights and bias matrices for peephole connections. S and
tanh are the activation functions. The sigmoid and tangent functions
are often used in LSTM neural networks. Finally, ⊙ is the element-
wise product.

To develop this configuration, some parameters need to be fixed,
such as the number of layers, the number of neurons in each layer,
the training algorithm and the number of epochs. Finally, another
parameter namely ‘learn rate’ will also be fixed. This helps to get a
faster training.

Convolutional neural networks (CNN). In recent years, a great deal of lit-
erature has analysed CNN (Feng & Zhang, 2020; Gao, Huang, Shi, Tai,
Zhang, 2020b; Koprinska et al., 2018; Ploysuwan, 2019; Wang, Qi,
et al., 2019b). Initially, CNNswere designed to take part in Computer Vi-
sion tasks. Nevertheless, they have proven to be successful in areas such
as object recognition, speech recognition and classification tasks among
others. One of the main advantages of CNNs is their ability to learn use-
ful features automatically from high dimensional data without manual
Fig. 6. a) LSTM models' forecast values vs. real values for a partially cloudy
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feature engineering (Gao, Huang, Shi, Tai, Zhang, 2020b; Koprinska
et al., 2018; Ploysuwan, 2019; Wang, Zhang, et al., 2019).

CNNs can be composed of different types of layers, such as convolu-
tion layer, pooling layer, batch normalization layer, activation layers and
fully connected layers. Depending on the task to be solved, different
combinations of layers will be used. An example of different layers com-
bination can be seen in Fig. 2. Nevertheless, to create a CNN at least one
convolutional layer needs to be implemented. The convolutional layer is
composed of filters, also known as kernels. Those filters passed through
all the input data learning and detecting features. A convolutional oper-
ation can be seen in Fig. 3. Further information about themeaning of the
layers can be found in Refs. (Feng & Zhang, 2020; Wang, Guo, et al.,
2020; Wang, Qi, et al., 2019b; Wang, Qi, & Liu, 2019c; Wang, Zhang,
et al., 2019).

To design a CNN the following parameters need to be fixed: the
layers configuration, the number of layers, each layer parameters, the
training algorithm and the number of epochs.

Evaluation error metrics

To assess the performance of the forecasters, several error metrics
are used in the literature (Ahmed et al., 2020; Li et al., 2019; Wang, Qi,
et al., 2019b; Wang, Qi, & Liu, 2019c; Yi Hong et al., 2020). Although,
themost used ones are: root mean square error (RMSE), mean absolute
day, February 15th, 2017; b) error histogram and normal distribution.
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Table 2
RMSE of different types of days by LSTMmethod and persistence method.

Type of day Date RMSE (W/m2)
LSTM

RMSE (W/m2)
Persistence

Improvement (%)

Sunny

06/01/2017 5.65 11.42 50.52
08/01/2017 9.54 14.26 33.1
07/04/2017 10.92 20.10 45.67
09/04/2017 4.70 18.19 74.16

Partially cloudy

04/01/2017 15.61 18.67 16.4
03/04/2017 32.99 37.84 12.82
03/05/2017 41.48 48.35 14.21
10/06/2017 37.00 41.82 11.53

Cloudy

09/02/2017 43.92 45.55 3.58
02/03/2017 59.15 63.49 6.84
06/04/2017 71.12 69.74 −1.98
02/06/2017 82.43 78.19 −5.42

Fig. 7. a) LSTM models' forecast values vs. real values for a sunny day, August 21st, 2017; b) error histogram and normal distribution.
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percentage error (MAPE) and mean absolute error (MAE). Those met-
rics will be useful to compare the developed forecasters between
them and against others of the literature.

Even so, thesemetrics do not give an exact knowledge of the behav-
iour of the neural network, as a few very high values can ruin the aver-
age. Because of that an error histogramwill be plotted, so the dispersion
of errors can be seen. RMSE and MAE formulas are:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N
∑
N

n¼1
Yi−Yi

0� �2s
ð8Þ

MAE ¼ 1
N

∑
N

i¼1
Yi−Y0

i

�� �� ð9Þ

where; Yi is the real value, Yi
0 is the predicted value and N are the

amount of predictions.

Results and discussion

Persistence model

As discussed in Section 4.1.1 the persistence method is used as
benchmark. Therefore, persistence model results for our study corre-
sponds to a RMSE for training and testing of 59.47 W/m2 and 57.25
W/m2, respectively. Once the RMSE values are known, the percentage
improvement of the new forecaster can be calculated, by means of the
Eq. (10)

Performance %ð Þ ¼ RMSEreference−RMSEmodel

RMSEreference
� 100 ð10Þ

where, RMSEreferencewill be the RMSE calculated through the persistence
model and the RMSEmodel the one calculated by the method to be
compared.

Fig. 4 represents the forecast for August 21, 2017. The dotted line re-
flects the actual value and the continuous line the predicted one. As
mentioned before, the predicted curve has the same shape as the actual
one but with a delayed one time step. The testing RMSE value for this
day is 18.26 W/m2.

LSTM model

As no analyticalmethodology for fixing the structure of an LSTMwas
found over the literature, an iterative method was used. The MATLAB®
6

software has been used to develop the LSTM model. Regarding the
training solver, two algorithms were tested, namely adam and rmsprop.
Concerning the iterative process for fixing the LSTM parameters, first
some variables were held constant and the remaining one was modi-
fied. After defining the best value for a variable, another different one
was modified. The completely LSTM network optimization can be seen
in Appendix A.

With the final LSTM network presented in Table 7 of Appendix A,
forecast results are of 54.09W/m2 for training and 52.57W/m2 for test-
ing. If the performance equation is applied, bymeans of Eq. (10), an im-
provement of 9.05% and 8.18% is achieved for training and testing,
respectively.

To carry out a deeper analysis, dayswere classified into three classes:
sunny days, partially cloudy days and overcast days. Fig. 5a) represents
forecast values for an overcast day, March 23rd, 2017. Considering that
an isolated large error can distort the overall RMSE result, an error his-
togram is plottedwith a normal distribution of that error. As can be seen
in Fig. 5a), the trend of the prediction line follows the actual line, al-
though there is a small difference between real and predicted values.
In addition, if Fig. 5b) is analysed, the major density errors are located
inside the bell of the normal distribution. Furthermore, the errors
which are outside the bell next to zero are responsible for the deviation
that affects the RMSE value.

Regarding Fig. 6a), it shows the prediction that the ANN made on
February 15th, 2017. Compared against the prediction made for March
23rd, it can clearly be seen how both, the number of sun hours and
the maximum irradiation has decrease, since it is a winter day. Hence,

Image of Fig. 7


Fig. 8. a) CNN models' forecast values vs. real values for an overcast day, March 23rd, 2017; b) error histogram and normal distribution.

Fig. 9. a) CNN models' forecast values vs. real values for a partially cloudy day, February 15th, 2017; b) error histogram and normal distribution.

Fig. 10. a) CNN models' forecast values vs. real values for a sunny day, August 21st, 2017; b) error histogram and normal distribution.
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Table 3
RMSE of different types of days by CNN method and persistence method.

Type of day Date RMSE (W/m2)
CNN

RMSE (W/m2)
Persistence

Improvement (%)

Sunny

06/01/2017 5.07 11.42 55.6
08/01/2017 9.73 14.26 31.77
07/04/2017 9.45 20.10 52.98
09/04/2017 3.92 18.19 78.45

Partially cloudy

04/01/2017 15.75 18.67 15.64
03/04/2017 32.41 37.84 14.35
03/05/2017 43.22 48.35 10.61
10/06/2017 37.90 41.82 9.37

Cloudy

09/02/2017 42.68 45.55 6.3
02/03/2017 59.19 63.49 6.77
06/04/2017 70.23 69.74 −0.70
02/06/2017 83.10 78.19 −6.28
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it can be deduced that the ANNworks properly. If we analyse Fig. 6b), as
in the previous case, the errors which are outside the normal distribu-
tion bell are close to zero.

Finally, Fig. 7a) shows the forecast values for a sunny day, August
21st, 2017. We can observe how both the predicted and actual values
overlap. The RMSE that the LSTM network has on this day is 4.47 W/
m2. We can conclude that in sunny days the accuracy of the tool is
Fig. 11. Real vs. Forecasted energy for an overcast day, 23rd March (left)

Fig. 12. Distribution error from Janua
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higher. Hence, the less sudden changes, the better performance in the
ANN. The improvement for this day is of 75.52%.

Table 2, analyzes a fewmore days. If we observe the RMSE values, it
is demonstrated once again how cloudiness affects the outcome di-
rectly. Hence, for higher cloudiness, worse results.
CNN model

As mentioned in Section 4.1.2, a CNN can be composed of different
types of layers. Therefore, to determine the most appropriate structure
to forecast the solar irradiation, a research through the literature has
been done (Chen et al., 2019; Dong et al., 2020; Feng & Zhang, 2020;
Gao, Huang, Shi, Tai, Zhang, 2020b; Koprinska et al., 2018; Ryu et al.,
2019; Wang, Guo, et al., 2020; Wang, Qi, et al., 2019b; Wang, Qi, & Liu,
2019c; Zang et al., 2018; Zang, Cheng, et al., 2020; Zang, Liu, et al.,
2020; Zhoa et al., 2020). Even so, a clear pattern in the structures was
not observed. Because of that, an iterative process was done using
MATAB®.

Regarding the iterative process, first a variety of structures were
tested, concluding that the most appropriate combination was com-
posed by 9 layers: input layer, sequence folding layer, convolution
layer, ReLu layer, pooling layer, sequence unfolding layer and an output
and real vs forecasted energy for a sunny day, 21st August (right).

ry to August by the CNN method.

Image of &INS id=
Image of Fig. 12


Table 4
RMSE and MAE performance metrics of the CNN forecaster.

Type of day Date RMSE (W/m2)
CNN

MAE (W/m2)
CNN

Sunny 06/01/2017 5.07 2.75
08/01/2017 9.73 3.40
07/04/2017 9.45 3.92
09/04/2017 3.92 2.67

Partially cloudy 04/01/2017 15.75 6.02
03/04/2017 32.41 12.23
03/05/2017 43.22 17.95
10/06/2017 37.90 18.36

Cloudy 09/02/2017 42.68 19.71
02/03/2017 59.19 19.00
06/04/2017 70.23 33.37
02/06/2017 83.10 36.70
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layer. Afterwards, as in the LSTM forecaster, the training algorithm, the
number of epoch and the learning rate were fixed. In Appendix B the
completely CNN optimization is presented.

Computing the final structure of Table 15 proposed in Appendix B,
the results for the CNN forecaster compared against the results from
the persistence model are as follow; they improve from 59.47 W/m2

to 54.61W/m2 in training and from 57.25W/m2 to 52.58W/m2 in test-
ing. This represents an accuracy improvement of 8.17% and 8.16% in
learning and testing steps, respectively.

A deeper assessment is carried out, analysing the performance of
three types of days. Fig. 8a) shows the forecasted values for an overcast
day,March 23rd, 2017. Asmore sudden cloudiness changes occur in this
day, a bigger difference is given between the predicted and the actual
values. Nevertheless, Fig. 8b) shows how the vast majority of the errors
are inside the normal distribution bell. Those that are outside are the
ones responsible for the distortion that affects the RMSE value, which
is 81.72 W/m2. Although it is a high value, the fact that the more sun
hours there are during a day, the more mistakes will be made has to
be taken into account. In addition, we can confirm the more periods
with clouds a day has, the higher the RMSE will be.

Fig. 9a), presents the values for a partially cloudy day, February 15th,
2017. Thus, this day corresponds to the winter season; the sun hours
during the day have decreased. Hence, it can be deduced that the
CNN works as expected. The RMSE value for this day is of 32.72 W/
m2, which has also decreased. Additionally, the error histogram of
Fig. 9b) performs properly, since the errors are inside the normal dis-
tribution bell.

Finally, Fig. 10a), represents the forecasted values for a sunny day. In
this case, the predicted values overlap the actual values. The RMSE that
the CNN network has on this day is 4.26W/m2. This is an improvement
of 76.67%. As mentioned, the less cloud changes, the better the perfor-
mance obtained.

In Table 3 a fewmore days are analysed. Once again, how cloudiness
directly affects the performance of the neural network is confirmed. In
addition, on the last two days of the table, the persistence method
achieves better results. It can be concluded how sometimes the simplest
method performs significantly well.

If both methods are compared, it can be said that CNN outperform
slightly the LSTM network. Particularly, in sunny days the CNN has a
higher improvement. Whereas, cloudy and partially cloudy days per-
form similarly. Hence, the CNNwill be used to carry out the energy gen-
eration analysis.
Analysis of the solar photovoltaic energy generation

Considering that the purpose of this work is to have a prediction of
the energy generated by the photovoltaic source, the equation proposed
by Rodríguez et al. (2018) has been applied to compute solar PV output
power through meteorological parameters.
9

PPV tð Þ ¼ η � S � I tð Þ � 1−0:005 � T tð Þ−25ð Þð Þ ð11Þ

where, (t) is the prediction horizon, PPV is the photovoltaic output
power [W], η corresponds to the generator efficiency [%], S is the area
of the PV generator [m2], I(t) is the forecasted solar irradiation for the
moment t [w/m2], and T(t) is the ambient temperature value. The influ-
ence of temperature on photovoltaic generation is smaller than the irra-
diation. For this reason, although it is not the ideal case, for this
calculation the real values of the temperature will be taken. The values
of a commercial panel provided by Rodríguez et al. (Rodríguez et al.,
2018) will be used; where, η = 17, 59% and S = 1, 6767m2.

Fig. 11 shows the real accumulated power curve against the fore-
casted one, for two different days. Whilst the left figure represents
the generated energy for an overcast day, the right one shows the
energy generated during a sunny day. Corresponding the energy
generated for 23rd of March, a difference of 30.55 Wh is given
between the calculated and the actual energy, which corresponds
to a deviation of 1.95%. Fig. 11 (right) represents the energy genera-
tion for the 21st of August. In the case of this summer day, the error
arisen is of 0.39%. It can be concluded that cloudiness directly affects
the accuracy of the tool.

Finally, Fig. 12 shows the percentage deviation between actual and
predicted energy, for months from January to August, both included.
To ensure the accuracy of the tool, the results demonstrate that in the
59% of the cases tested, an error between the real and the forecasted en-
ergy of less than a 2% is obtained. Themean value for this sample time is
of 2.75% error. Although, some few cases are above a 10% error, due to
the sudden changes on the cloudiness, it can be said that the forecaster
is accurate enough.

Method comparison

As a mean to compare the developed CNN forecaster against others
through the literature (Das, 2020; Feng & Zhang, 2020; Mukhoty et al.,
2019; Rodríguez et al., 2018; Wang, Xuan, et al., 2020) an extra calcula-
tion was made. Table 4 shows the RMSE and MAE performance error
metrics, for different degrees of cloudiness.

For instance, Rodríguez et al.'s (2018) works also suggest the use of
an artificial neural network, for the development of a solar irradiation
forecaster, in particular, a RNN. If the results obtained in Rodríguez
et al.'s work are analysed, it can be concluded that the developed CNN
network has a higher accuracy for sunny days. While the performance
for partially cloudy and overcast days are fairly similar. Regarding the
error percentage in the energy generation, again both ANN behave
slightly similar. However the error mean value in Rodríguez et al.'s
work is of 2.81%, and the one of the CNN is of 2.75%. The smallest
error range, which reflects errors under the 2%, in the case of the fore-
caster developed in this study is bigger than in the Rodríguez et al.'s
work. Nevertheless, a deeper analysis should be carried out to deter-
mine which ANN has a better performance.

Subhra Das (Das, 2020) suggested using a statistical model, which is
based on the anisotropic model of Klucher's, to estimate solar irradia-
tion. For 15 min ahead and 30 min ahead. Also, Subhra Das' work anal-
yses three different days, each one from a different season. Although, if
the solar irradiation curves are seen, it can be clearly deduced that the
three days correspond to a sunny day. For a 15 min prediction horizon,
Subhra Dasworks RMSEs range from 11.2W/m2 to 8.9W/m2, while the
MAE range from 8.9 W/m2 to 6.7 W/m2. If those results are compared
against the RMSE range and MAE range expressed in Table 4, regarding
sunny days, it can be concluded that the developed CNN outperformed
Subhra Das works.

Wang, Xuan, et al. (2020) proposed a physical forecaster, based on
real-time surface irradiance mapping model, to predict solar irradiation 1
min ahead to 10 min ahead. The proposed model combines the physical
method, to extract the sky image irradiance mapping, and the ANN to
learn the relationship between the sky image mapping and the solar
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irradiance values.Wang et al. research also divides the days depending on
the cloudiness. If the results for an overcast day are analysed, the Wang
et al.'sworks obtain aRMSEof 120.78W/m2and120.85W/m2. Comparing
those values against the ones of Table 4, where RMSEs ranges from 83.10
W/m2 to 42.68 W/m2, it can be concluded that the CNN forecaster per-
forms better for overcast days. Regarding partially cloudy days, Wang
et al.'s work obtains a RMSE of 92.72 W/m2 and 98.17 W/m2, contrasting
against the values of Table 4, where the RMSE ranges from 15.75 W/m2

to 43.22W/m2. For this types of days, also, the CNNperforms better. Even-
tually, it is relevant to detail that Wang et al.'s work does not analyse the
behaviour of the model for sunny days. Hence the comparison cannot be
realised for all the samples days.

Conclusions

The goal of this studywas to introduce a tool which is capable of fore-
casting solar irradiation in the very short-term, specifically 10min ahead,
with the purpose of reducing the uncertainty of the photovoltaic energy
generation. The accuracy of the forecaster was validated with real data
collected from a station of Vitoria- Gasteiz, Basque Country. For training,
data from years 2015 and 2016 was used; While for testing, data for the
year 2017. The main conclusions that can be drawn from the study are:

• Two different ANNwere designed, namely LSTM and CNN. After com-
paring the results of both tools it can be deduced that the CNN
Table 5
Optimisation process of the LSTM forecaster, for winter and summer samples.

Test Epochs Neurons Training Solver

Block 1 1 250 20 adam
2 250 40 adam
3 250 60 adam
4 250 200 adam
5 250 400 adam

Block 2 6 250 20 rmsprop
7 250 40 rmsprop
8 250 60 rmsprop
9 250 200 rmsprop
10 250 400 rmsprop

Block 3 11 20 20 adam
12 40 20 adam
13 100 20 adam
1 250 20 adam

10
performance is slightly better. This model provided training and test-
ing RMSEs of 54.61 W/m2 and 52.58 W/m2, respectively. Compared
against the benchmark persistence model, an accuracy improvement
of 8.17% and 8.16% is obtained in training and testing.

• The CNN forecaster developed in this study is compared against an-
other ANN, such as a RNN. It outperforms forecasting on sunny days.
Although when partially cloudy and overcast days are forecast both
tools behave slightly similar. Therefore, in future studies the combina-
tion of two forecasters can be analysed. For instance, the CNNnetwork
could be used for sunny days, while another type of forecaster would
predict cloudy and partially cloudy days.

• Percentage distribution error calculated from January to August by
the CNNmethod demonstrates amean error value of 2.75%, with an
error rate under the 2% in the 59% of the sample days. Furthermore,
Figs. 6a, 7a and 8a demonstrate that the trend of the prediction line
follows the actual line at every moment. Therefore, it can be con-
cluded that the tools accuracy is high enough to be introduced in
a photovoltaic generation plant to reduce their energy production
uncertainty.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influ-
ence the work reported in this paper.
Appendix A

Tables 5 and 6 shows the complete optimization process of the LSTM network. Firstly, in Table 5 a small sample of the whole database is used to
make the firsts approximations, where, months of winter and summer seasons are used. Between the first tests three blocks can be distinguished. In
the first one, using the adam training solver different values of neurons are tested. While, in the second block is used the rmsprop solver. Finally, the
third block tries different epoch values. For those tests can be concluded that in winter season higher values of neurons reach better RMSE values,
whereas in summer lower values perform better. However, higher values of neurons take more computational time, for this reason smaller neurons
values are going to be used. Regarding the number of epochs, block 3 results of Table 5, show that 40 epoch reaches the lower RMSE value.
RMSE Training
Winter

RMSE Testing
Winter

RMSE Training
Summer

RMSE Testing
Summer

20,10 44,91 61,58 65,55
19,70 44,61 60,26 67,16
19,62 44,48 59,61 67,29
19,49 43,55 60,26 67,33
19,45 44,27 59,75 66,93
20,80 44,12 63,77 65,87
21,29 43,31 64,28 66,13
20,97 44,02 63,45 66,05
20,85 43,34 64,35 66,86
20,74 42,73 63,77 66,57
23,56 43,61 – –
22,49 43,54 – –
22,14 44,02 – –
20,10 44,91 – –
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Table 6 collects the remaining tests for the completely database. Moreover, an additional parameter is fixed, namely ‘learning rate’. Learning rate
helps reducing computational time and reaching better results. Together this parameter are other two sub-parameters, those are; learn rate drop pe-
riod and learn rate drop factor. To conclude, the lower RMSE is reached with 20 neurons and with the adam training solver. The best result is high-
lighted in bold. An overview of the final LSTM network structure is shown in both Table 7 and Fig. 13.
Table 6
Optimisation process of the LSTM forecaster, for the entire database.

Test Neurons Training Solver Learn Rate Learn Rate Drop Period Learn Rate Drop Factor RMSE Training Data RMSE Testing Data

Block 1 1 20 rmsprop 1 – – 56,28 54,49
2 40 rmsprop 1 – – 56,52 54,61

Block 2 3 20 adam 1 – – 56,17 54,41
4 40 adam 1 – – 56,74 55,05

Block 3 5 20 rmsprop 0.1 – – 54,67 53,29
6 20 adam 0.1 – – 54,29 52,84

Block 4 7 20 adam 0.5 – – 55,74 54,03
8 20 adam 0.07 – – 54,18 52,80
9 20 adam 0.05 – – 54,26 52,80
10 20 adam 0.01 – – 54,67 52,95

Block 5 11 20 adam 0.07 20 0.2 54,12 52,63
12 20 adam 0.07 20 0.1 54,09 52,57
13 20 adam 0.07 10 0.1 54,29 52,63

Table 7
Overview of the LSTM network.

Network type Long Short-Term Memory (LSTM) NN

Inputs 146 – season, time range, irradiation
Outputs 1 - irradiation
Number of Layers 3 – input, hidden (LSTM), output
Number of Hidden Neurons 20
Epochs 40
Learning Algorithm adam
Learn Rate 0.07
Learn Rate Drop Period 20
Learn Rate Drop Factor 0.1
Activation Functions Sigmoid, tanh, linear

Fig. 13. LSTM network architecture.
Appendix B

Asmentioned in Section 4.1.2, a CNN can be composed of different types of layers. Therefore, not only the training parameters have to be fix, also
the layers configuration and each one parameter need to be optimised. Hence, the optimisation process will bemuch longer than the LSTM one. The
completely process can be summarised as follow:

I. To begin, a research trough the literature was done making note of the most used layers configurations. Nevertheless, there was not observed a
clear pattern in the structures. Therefore, the twenty-nine different configurations presented in Table 8 will be test. The tests will bemade with a
sample of the whole database, specifically with thewinter season, since the computation will be faster. The twenty-nine structures will be tested
with the same parameters, to be able to compare them in appropriate circumstances. Table 8 shows obtained results.
11

Image of Fig. 13
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II. Then, the best four layers configurationswere taken to optimise in detail their layers parameters, such as; the convolution filters size, the number
of filters and the pooling window size. These four configurations are highlight in bold in Table 8. The four tables that gather up this parameters
optimisation process are Tables 9, 10, 11 and 12.
Table 8
Results of the tested layers configurations.

12



Table 9
Layers parameter optimisation of test 1.

Table 10
Layers parameters optimisation of test 5.
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Table 11
Layers parameters optimisation of test 27.

Table 12
Layers parameters optimisation of test 28.
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III. After, the best five structures of Tables 9, 10, 11 and 12 were computed with the whole database. Those results can be seen in Table 13.
Table 13
The five best structures of Tables 9, 10, 11 and 12 computed with the entire database.
IV. The best result of Table 13 is selected as the final layers configuration. Finally the remaining training solver parameters werefixed, such as, the
number of epoch, the training solver and the learn rate factors. Table 14 collects this final optimisation process.
Table 14
Training parameters optimisation process of the final CNN layer structure.

15
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The final CNN forecast structure and its parameters values are summarised in Table 15.
Table 15
Overview of the CNN network.

Network type Convolutional Neural Network (CNN)

Inputs 146 – season, time range, irradiation
Outputs 1 - irradiation
Number of Layers 9 – input, seq. folding, convolution, ReLu, pooling, convolution, ReLu, seq. unfold, output
Hidden Layers parameters:
Convolution 1. Filter size [7 1]
Convolution 1. Number of filters 64
Convolution 2. Filter size [7 1]
Convolution 2. Number of filters 64
Pooling window size [5 1]

Epochs 10
Learning Algorithm adam
Learn Rate 1
Learn Rate Drop Period 3
Learn Rate Drop Factor 0.2
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