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a b s t r a c t

Photovoltaic generation has arisen as a solution for the present energy challenge. However, power ob-
tained through solar technologies has a strong correlation with certain meteorological variables such as
solar irradiation, wind speed or ambient temperature. As a consequence, small changes in these variables
can produce unexpected deviations in energy production. Although many research articles have been
published in the last few years proposing different models for predicting these parameters, the vast
majority of them do not consider spatiotemporal parameters. Hence, this paper presents a new solar
irradiation forecaster which combines the advantages of machine learning and the optimisation of both
spatial and temporal parameters in order to predict solar irradiation 10 min ahead. A validation step
demonstrated that the deviation between the actual and forecasted solar irradiation was lower than 4%
in 82.95% of the examined days. With regard to the error metrics, the root mean square error was
50.80 W/m2, an improvement of 11.27% compared with the persistence model, which was used as a
benchmark. The results indicate that the developed forecaster can be integrated into photovoltaic gen-
erators’ to predict their output power, thus promoting their inclusion in the main power network.
© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Currently, some countries’ power systems are facing the same
challenges with regard to increasing energy demand from cus-
tomers and the limitations and negative consequences of fossil
fuels [1,2]. In the present scenario, renewable resources, and solar
photovoltaic (PV) generation in particular, have been proposed as a
suitable solution. As the International Energy Agency states in its
2017 annual report [3], the total PV installed capacity exceeded
400 GW. Throughout 2017 the solar PV installed capacity grew by
99 GW, which means an increase of approximately 25% [4]. Given
both documents [3,4], it is expected that the trend in PV penetra-
tion will continue to grow in the following years.

Traditionally, the most difficult challenge in power systems is
the ability to balance both generation and demand at every
moment. It is for this reason that unit-commitment and economic-
Technology Alliance (BRTA),
, Spain.

Ltd. This is an open access article u
dispatch strategies have been used to guarantee efficient use of the
generation mix and a safe electricity supply [5]. In order to offer
these guarantees, synchronous conventional technologies such as
hydro [6], thermal [7] or nuclear power have been used by power
system operators in order to fulfil their network requirements in
brief time lapses. However, PV generation is not deterministic due
to the fact that it is not possible to determine a following state from
the previous ones, which makes this kind of energy generation
difficult to control. Hence, the integration of future PV plants into
the main grid is limited by the uncertainty and intermittence of
meteorological parameters involved in this technology’s produc-
tion, such as solar irradiation or the clear sky index [8]. Therefore,
the integration of more renewable generators will increase the
traditional grid’s uncertainty level due to these generators’ de-
pendency on intermittent meteorological parameters. In order to
be able to continue adding renewable generators in traditional
networks, main grid operators have started asking that the oper-
ating requirements for renewable resources be increased in order
to make them as reliable as conventional generators in the
medium-term. For instance, an option to improve the reliability of
renewable generators consists of increasing the accuracy of
nder the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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prediction for the above mentioned parameters [9]. To that end,
this study will focus on building a forecaster that is able to predict
solar irradiation and is sufficiently accurate to compute PV solar
output generation and support this technology integration in
traditional networks.

Solar irradiation forecasters can be described in terms of two
primary dimensions: the first relies on the forecaster’s prediction
horizon and the second is based on the model that is used to
develop the forecaster. The prediction horizon dimension contains
four types of forecasters [10]: a) very short-term forecasters, whose
predictions are made for next fewminutes and are involved in real-
time dispatch [11,12]; b) short-term forecasters, whose predictions
are made from a few hours ahead up to a day ahead and where the
predicted values are involved in unit-commitment or economic-
dispatch [13,14]; c) medium-term forecasters, whose predictions
are made over a range from a day to a fewweeks, and the predicted
values are used in maintenance planning [15]; and d) long-term
forecasters, whose predictions are made for a range from a few
weeks to months ahead and where the predicted values are used to
power assessment and examine the necessity of new power in-
frastructures [16,17].

The second dimension classifies solar irradiation forecasters into
physical, statistical or artificial intelligence models. Physical models
include all forecasters which are based on numerical weather
prediction (NWP) [18,19] or sky imagery [1,20,21]; statistical
models group forecasters which rely on historical databases and
time series, such as autoregressive moving average [22] and sea-
sonal autoregressive integrated moving average [23]; and artificial
intelligence models include forecasters that have the capacity to
establish nonlinear correlations among the system’s input and
output parameters, such as support vector machines (SVM) [24]
and artificial neural networks (ANN) [25].

Designing forecasters which are based on NWP models is not
easy, due to the fact that it is necessary to have in-depth knowledge
about the physical equations and parameters that are involved in
solar irradiation evolution [26,27]. Regarding sky imagery-based
forecasters development, it is not always possible to have the
required equipment available due to its high cost. These physical
models are therefore usually rejected because of the complex
knowledge involved or high cost of the equipment. Statistical
models are useful for forecasting values when a physical system’s
input and output parameters are governed by linear relationships.
However, solar irradiation’s unexpected changes are not governed
by linear relationships, and so statistical models must be combined
with other ones [5,23], such as artificial intelligence-based ap-
proaches, in order to be able to predict sudden changes. As a
consequence, in this research different artificial intelligence algo-
rithms are analysed with the aim of selecting themost accurate one
to develop our forecaster.

The first artificial intelligence models, also known in the last few
years as machine learning models, were endogenous, which means
that they just used historical time series data for the parameter that
was to be predicted at the target site [28,29]. As there was great
need to improve the accuracy of forecasters for the very short-term
and short-term horizons in order to support the penetration of new
PV plants, some authors suggested using other parameters, such as
solar irradiation values from nearby sites [30] or other meteoro-
logical parameters like relative humidity or temperature [31,32].
Nevertheless, the main challenge that these models were not able
to overcome was the huge amount of data that was managed and
the associated high computational cost. Therefore, it was necessary
to develop new algorithms. Once the algorithms were improved,
researchers focused on using available spatial and temporal his-
torical databases close to a target location for new models [33]. In
the literature, forecasters which use spatial and temporal databases
2

are called spatiotemporal approaches [34,35], where spatial data-
bases take into account the available data from stations sur-
rounding the target location and temporal databases examine the
amount of past data that should be taken into account.

A literature review indicates that some authors suggested the
combination of statistical models and spatiotemporal databases.
For instance, Tascikaraoglu et al. [36] proposed a compressive
spatiotemporal forecaster to predict not only meteorological pa-
rameters such as temperature, solar irradiation or wind speed, but
also power output obtained through PV panels in a very short-term
horizon, i.e. next 15 min. Although Tascikaraoglu’s error metric
results do not demonstrate a large improvement in forecasted value
accuracy, if the spatiotemporal forecaster’s results are analysed, it
can be seen how forecasted values follow the trend of actual values
with better accuracy. Concerning solar irradiation error metrics,
Tascikaraoglu’s model obtains a root mean squared error (RMSE)
and a normalised root mean squared error (NRMSE) of 77.76 W/m2

and 6.72%, respectively, for a whole year. In addition, Agoua et al.
[37] developed a method based on combining equations whose
coefficients were optimised by sliding intervals of simulated solar
irradiation values. The information provided by a group of sensors
divided among 185 PV plants were used as inputs to the model to
improve the forecaster’s accuracy in the very short-term (0e6h).
Results provided by Agoua et al.‘s model demonstrate a range of
improvement from �0.46% to 20.13% in the RMSE for the analysed
period of time. However, few authors have examined the combi-
nation of machine learning and spatiotemporal databases. For
instance, Zhao et al. [38] proposed a forecaster where the combi-
nation of a 3D convolutional neuronal network and spatiotemporal
database was analysed. Zhao et al.‘s model analyses consecutive
ground-based cloud images to obtain temporal information and
previous direct normal irradiance values to predict direct normal
irradiance in the very short-term (10e30min). In Ref. [38], Zhao
et al. presented information about different error metrics for each
analysed prediction horizon; for 10-, 20- and 30-min prediction
horizons the NRMSE values were 30%, 34% and 39%. From the
available literature [36e38], we concluded that applying spatio-
temporal databases to previously developed forecasters improves
their accuracy.

In recent years, new artificial intelligence approaches for
developing very short-term solar irradiation forecasters, such as
recurrent neural networks (RNN) [39] or long short-term memory
networks (LSTMN), have been proposed [40,41]. In the present
study, we examine the ensemble of some of these new artificial
intelligence approaches using spatiotemporal databases in order to
analyse the evolution in solar irradiation forecasting and after that,
compute PV generator’s output power. The key contributions of this
research are as follows:

1) The main innovation of this research is the development of a
very short-term solar irradiation forecaster, for a 10-min pre-
diction horizon, to calculate solar output power. The forecaster
relies on the ensemble of a feedforward neural network and a
spatiotemporal approach.

2) After running several sensitivity analyses, we conclude that the
following parameters are needed by the novel forecaster to
make more accurate predictions: “season”, “forecast time”,
“relative position among target and chosen locations”, and
“solar irradiation data from the target and chosen locations
during the last 24 h”.

3) Because there is a huge number of models in the literature, the
most popular models were tested in order to select the most
accurate one and use it to develop the proposed model. In
addition, RMSE and other error metrics were calculated to
analyse the deviation between actual and predicted values
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within the tested methods in this research, and also against
results provided by other authors.

This paper is organised as follows. In Section 2, themost popular
solar irradiation forecasters are described, along with the proposed
model. In Section 3, the results obtained by the optimised model
are analysed, and they are compared against those presented by
other authors through their forecasters for similar prediction ho-
rizons. This section also analyse the accuracy of solar PV generators’
output power computation. The conclusions that can be drawn
from this research are given in Section 4.

2. Methodology

As described in Section 1, in recent years different models for
forecasting very short-term solar irradiation have been proposed.
We intend to apply our forecaster to address the real-time control
challenges that come up with the use of renewable generators, so
our forecaster is classified in this prediction horizon. Although
some authors propose combining the single approaches presented
above to increase the accuracy of the forecasters, this option is
usually applied to develop forecasters with short-term prediction
horizon or longer [14,42], though it must be taken into account that
the longer the prediction horizon, the lower the accuracy of the
forecasters [13,25,30]. Forecasters which are based on the combi-
nation of two or more models are commonly called multiple or
hybrid models. While some authors support multiple models for
very short-term forecasters [1,23,43], other studies in the literature
have presented similar error metric and accuracy results with
single-approach forecasters [13,17,40]. After reviewing the available
literature and comparing the results obtained by those studies, we
chose a single model forecaster to develop our approach.

The methodology used to develop our forecaster will be pre-
sented as follows. Firstly, different single-model approaches will be
analysed to select the model that performs best for solar irradiation
forecasting at the target station; secondly, the data from the sta-
tions surrounding the target location will be examined to select
only those that have relevant information and finally, different
spatiotemporal input vectors are constructed and a sensitivity
analysis is conducted to select the optimal number of stations for
our approach.

2.1. Models studied

Several studies proposing solar irradiation forecasters based on
machine learning algorithms appear in the literature. Some of the
most widely cited are feed forward neural networks (FFNN) [31,35],
recurrent neural networks (RNN) [39], wavelet neural networks
(WNN) [25], support vector machines (SVM) [24,44], support vec-
tor regression (SVR) [45], fuzzy logic (FL) [46] or genetic algorithms
(GA) [47]. While FFNNs, RNNs andWNNs are based on a replication
of human brain’s capacity to generate relationships in nonlinear
systems, SVMs and SVRs rely on the generation of different equa-
tions for different states of a system.With regard to FL or GAs, these
models try to generalise classical logic to predict the desired
parameter. Of the above algorithms, we chose to examine FFNNs,
RNNs and SVMs in developing our proposed forecaster because
they are easy to implement and recent studies have demonstrated
the accuracy of their predictions [24,29,33,37,44].

2.1.1. Persistence model
Very short-term forecasters based on persistence models are

easy to program. Thus, these models are commonly used as
benchmarks to make a comparison against new developed fore-
casters. This model is based on the assumption that no variation
3

will occur in the value of a certain parameter between the present
moment and the desired forecast moment.

PðtþhÞ¼ PðtÞ (1)

where Pðt þ hÞrepresents the prediction made for the chosen
prediction horizon h and PðtÞ is the present value of the predicted
parameter.

Meteorological parameters are strongly correlated when the
time lapse between two steps is small. Therefore, for very short-
term and short-term prediction horizons, not only does the corre-
lation become stronger, but the accuracy of the forecaster also in-
creases. Nevertheless, this model just relies on a single previous
value to forecast the desired parameter. As this model is not able to
predict sudden changes, its accuracy is reduced when such changes
occur.

2.1.2. Artificial neural network models
ANNs rely on the combination of computational algorithms and

the replication of the human brain. These models are based on an
architecture where a single unit is called a neuron, after the real
biological structure [48]. The neurons of the system are linked by
synaptic junctions, which have the ability to transfer the informa-
tion not only from different inputs but also from other neurons.
Each neuron sums all the information that it receives through the
synaptic junctions, and if this value surpasses a threshold the
neuron will send an output to the following neuron. The ability to
produce accurate outputs from previously unseen values makes
ANNs suitable for developing new very short-term and short-term
forecasters [49].

In addition, ANNs have the advantage of being able to predict
sudden changes, as they are modelled by nonlinear activation
functions and trained through supervised learning algorithms. Of
all possible ANNs, in this study FFNNs and RNNs are examined
based on the accuracy error metric results from recent studies re-
ported in the literature [29,33,37] and their relative ease of
implementation.

2.1.2.1. Feedforward neural networks. FFNNs are probably the most
examined and implemented ANN. In this configuration, a small
number of parameters, such as the number of layers, the number of
neurons in each layer and the training algorithm, have to be fixed.
The key advantages of FFNNs are that they are easy to program and
they train more quickly compared to other models, and they are
robust in the face of missing data. Moreover, in a FFNN information
flows from input to output layers with no feedback; if the above
parameters are fixed properly for each system, a well performing
local approximator can be obtained [49].

2.1.2.2. Recurrent neural networks. RNNs are characterised by the
incorporation of feedback loops into the information flow. These
loops commonly go from the output of hidden layer, back to the
input of the previous layer. In addition to fixing the same param-
eters as mentioned for FFNNs, these networks need a time delay
function (z-t). The incorporation of loops improves the generalisa-
tion capacity of the forecaster, thereby improving the accuracy of
the forecaster in complex systems. The main drawback of this
approach is that the training time required is much higher than for
FFNNs.

2.1.3. Support vector machine models
SVM models are commonly applied in nonparametric systems

where regression or data classification is a possible choice. For
instance, in this study, which seeks to develop a very short-term
solar irradiation forecaster, a regression SVM model will be
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analysed. In the training step, a set of data and a kernel function are
chosen to fix the parameters of the model. In contrast to ANNs,
which do not have the ability to vary the chosen parameters during
training step, SVMs are allowed to make this modification.

The kernel functions that SVMs use optimise the initial equation
proposed by the model based on the chosen database. Throughout
the learning step, the kernel function tries to reduce the error be-
tween the actual and forecasted values. Moreover, as said above, if
during the training step the kernel function detects that a modifi-
cation to the previously set parameters improves the accuracy of
the forecaster, it will change them.

When the proper kernel function and database are chosen, a
successfully fixed SVM regression model able to produce accurate
predictions is obtained. However, if a big database is used for the
training step, the model cannot be properly fixed because there is
the risk of getting stuck in a local minimum instead of continuing to
look for the best solution. Thus, if not converging on a local mini-
mum is desired, it is necessary to choose a suitable kernel function
and a representative piece of the database [50].
2.2. Proposed model

The model developed through this study relies on the combi-
nation of the most accurate forecaster from the models described
above and a spatiotemporal historical database which includes
information from different locations next to the target location. Our
approach to model development is as follows. Firstly, several tests
were run not only to optimise the single-approach structures but
also to examine which of the approaches produced the most ac-
curate solar irradiation prediction. Secondly, we analysed which
stations around the target’s location had recorded historic data for
solar irradiation. Thirdly, we constructed different spatiotemporal
databases which contain the information from the N-closest sta-
tions as well as the distance and the relative position between the
target’s location and the other stations’ locations. After that, these
databases were applied to the most reliable single-approach to
train the structures of the novel forecaster. Lastly, we ran the vali-
dation step to analysewhich forecasterwas themost accurate. Fig.1
Fig. 1. Location of target (green dot) and available stations (black crosses). (For
interpretation of the references to colour in this figure legend, the reader is referred to
the Web version of this article.)
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shows the result of the second step, where the coordinates are
given to all the available meteorological stations in the Basque
Country, Spain, each black cross representing the location of one
meteorological station whose recorded data had been analysed to
develop the most accurate forecaster. The green dot represents the
target location, which is situated in Vitoria-Gasteiz, Spain.

2.3. Error metrics

Error metrics are commonly calculated in the current literature
[1,13,14,17,40,43] to analyse and compare the accuracy improve-
ment of new forecasters. Root mean square error (RMSE), mean
absolute error (MAE) and mean absolute percentage error (MAPE)
are usually the chosen error metrics. While the RMSE are to be used
to compare the methods described in Section 2, other error metrics
such as MAE and MAPE are also calculated to compare our results
against the ones in the literature.

The RMSE, MAE and MAPE are defined as:

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i¼1

�
Yi � Y 0

i
�2

vuut (2)

MAE¼ 1
N

XN

i¼1

��Yi �Y 0
i

�� (3)

MAPE¼ 1
N

XN

i¼1

����
�
Yi � Y 0

i

�
Yi

����*100% (4)

where Yi is related to measured values; Y 0
i refers to predicted values

and N is the number of forecasts made in a range of time.

3. Numerical results and discussion

The historical meteorological databases used in this research
were downloaded from the webpage belonging to Euskalmet, the
Basque Government’s Meteorological Agency. To examine which of
the forecasters presented in Section 2 is more accurate, data from
station ‘C040’, which is associated to Vitoria-Gasteiz, were chosen.
The procedure was the same for each model; a historical database
for the years 2015e2016 was applied for the training step and data
from 2017 were used at the validation step. Because the data from
2017 were not previously used in the training step, the real accu-
racy of the forecaster can be examined. All the models explained in
Section 2 were programmed in MATLAB®.

3.1. Results for the models presented in Section 2

3.1.1. Persistence model
Taking the deviation between the actual and forecasted values,

RMSEs were calculated for the training and validation steps,
yielding 59.47 W/m2 and 57.25 W/m2, respectively. Although it is
not very common for the training RMSE to be bigger than the
validation RMSE, this fact is related to the variability of the mea-
surements recorded in the training database. Therefore, it is ex-
pected that this difference will persist throughout the research.
Fig. 2 shows the evolution of actual and forecasted values for a
specific sunny day, April 7, 2017. The actual solar irradiation mea-
surements are represented by continuous blue line and the values
forecasted by the model are given by the discontinuous orange one.
The RMSE for this sample day was 20.09 W/m2.

In addition, the values calculated for both databases were used
as a reference to analyse the accuracy performance obtained
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through other models. Equation (5) was used to examine this
evolution:

Performance ð%Þ¼RMSEreference � RMSEmodel

RMSEreference
*100 (5)

where RMSEreference will be always the RMSEs calculated by the
persistence model for training or validation steps, and RMSEmodel
will be related to the RMSE models that are being compared.
3.1.2. Feedforward neural network
With regard to learning algorithms, the vast majority of authors

[25,39,51] report that Levenberg-Marquardt (LM) is the best option
for developing FFNN forecasters. After reviewing related literature
[10,23,39,40], it was evident that no methodology had been
developed recently to fix the parameters involved, such as the
number of neurons per layer. That meant that an iterative process
needed to be chosen in order to fix them. The final structure of the
FFNN is based on a 3-layer network; the first layer is used to
introduce inputs, the second layer performs the internal calcula-
tions, and the third layer gives the forecast value.

In terms of the iterative process used to fix the number of
neurons in the hidden layer, several configurations were examined,
and the results are summarised in Table 1. When MATLAB® is used
to train a forecaster, a random initialisation occurs; to reduce the
possibility of getting to a local minima, five tests were run for each
configuration. Table 1 presents each configuration’s average RMSE
value for those five training and validation tests. The input vector
contains “season”, “time of day” and “data with a 10-min sampling
period from the previous 24 h of solar irradiation measurements”.
Table 1
Average results for training and validation steps in fixing the FFNN parameters.

Configuration Neurons RMSE train. (W/m2) RMSE val. (W/m2)

1 2 55.38 53.20
2 4 54.43 52.69
3 5 54.41 52.65
4 6 54.26 52.67
5 8 54.00 52.77
6 10 53.43 53.06
7 15 53.16 53.17
8 20 52.55 53.66
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As can be seen in Table 1, while the most optimal training RMSE
is obtained for 20 neurons structure, the lowest RMSE for the
validation database is obtained for a 5-neuron architecture. Taking
into account that a forecaster’s capacity is based on its ability to
produce accurate predictions with previously unseen values, the 5-
neuron structure was chosen as the most reliable architecture.
Fig. 3 presents the evolution of actual and predicted values for April
7, 2017 for this forecaster. The RMSE calculated for this sample day
was 10.09 W/m2; this is an accuracy improvement of 49.77%
compared against the persistence model.

Finally, if the results obtained through the optimised FFNN are
compared against the results from the persistence model, they
improve from 59.47 W/m2 to 54.41 W/m2 in the training step and
from 57.25 W/m2 to 52.65 W/m2 in the validation step. This rep-
resents an accuracy improvement of 8.51% and 8.03% in the
learning and validation steps, respectively.

3.1.3. Recurrent neural network
In this model, it is necessary to fix not only the number of

neurons in the hidden layer but also the delay associated with the
feedback loops. For this purpose, the number of neurons was
maintained constant while the delay was modified from 2 to 6 time
steps. Once the delay giving the lowest error was detected, it was
kept constant while the number of neuronswas varied from 5 to 20.
Like in the FFNN’s training step, MATLAB® introduces a random
initialisation whose effect has been minimised by repeating each
configuration five times. Table 2 presents the average RMSE values
for those five training and validation tests. As for the input vector
for the RNN training, it had the same parameters as the FFNN
model.

From these tests, it was concluded that the configuration delay
of 1:2 and 10 neurons in the hidden layer minimises the RMSE for
both training and validation steps. Fig. 4 shows the trend for the
actual and predicted values for April 7, 2017 through the RNN
forecaster. The RMSE calculated for this sample day was 10.49 W/
m2.

If these results are compared against the benchmark, there is
improvement not only in the training step (where values went from
59.47 W/m2 to 54.43 W/m2), but also in the validation step (where
values went from 57.25 W/m2 to 52.85 W/m2). If these values are
applied to Eq. (5), it entails an improvement of 8.47% and 7.69% in
Fig. 3. Actual values vs. the FFNN model’s predictions for April 7, 2017.



Table 2
Average results for training and validation steps in fixing the RNN parameters.

Configuration Delay Neurons RMSE train. (W/m2) RMSE val. (W/m2)

1 1:2 10 54.43 52.85
2 1:3 10 55.02 53.78
3 1:4 10 54.48 53.22
4 1:5 10 54.53 53.28
5 1:6 10 55.11 52.87
6 1:2 5 53.85 52.89
7 1:2 15 55.76 53.45
8 1:2 20 53.65 53.11

Fig. 4. Actual values vs. the RNN model’s predictions for April 7, 2017.

Fig. 5. Actual vs. the SVM model’s predictions for April 7, 2017.
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the learning and validation steps, respectively. However, when
compared with the FFNN structure, for solar irradiation forecasting
the FFNN model slightly outperforms RNN model not only in the
training step, where the difference is 0.02 W/m2, but also in the
validation step, where the improvement is 0.2 W/m2.

3.1.4. Support vector machines
As illustrated in Table 3, different combinations of SVMs were

implemented in this study. When designing SVMs, certain param-
eters, known as kernel functions and solvers, have to be chosen. As
in the previous models, MATLAB® was used for the training, so in
order to minimise the random initialisation five tests were run for
each configuration. Table 3 presents the average RMSE for the
training and validation steps.

The results in Table 3 suggest that the minimum RMSE is not
obtained by the same configuration for both training and valida-
tion. While the ‘SMO’ solver and ‘Radial Basis’ function obtain the
lowest RMSE in the training step, the ‘ISDA’ solver and ‘linear’
Table 3
Average results for training and validation steps in fixing the SVM parameters.

Solver Kernel function

Sequential Minimal Optimisation (SMO) Linear
Gaussian
Radial Basis
Polynomial

Iterative Single Data Algorithm (ISDA) Linear
Gaussian
Radial Basis
Polynomial

6

function obtain the lowest RMSE in the validation step. Because the
objective of this study was to maximise the accuracy of the fore-
caster for previously unseen values, ‘ISDA’ solver and ‘linear’
function r was selected.

If the results of the selected configuration are compared against
the persistence model, they improve in training step (from
59.47 W/m2 to 56.47 W/m2) and in validation step (from 57.25 W/
m2 to 54.19 W/m2). If these figures are introduced in Eq. (5), this
supposes an accuracy improvement of 5.04% and 5.34% in the
learning and validation steps, respectively. Fig. 5 shows the actual
and predicted values curves for April 7, 2017 from the SVM fore-
caster. The RMSE calculated for this sample day was 14.28 W/m2,
which means an accuracy improvement of 28.91%.
3.2. Proposed model: FFNN & SpatioTemporal model (FFNNST)

An examination of the accuracy of the forecasters in Section 3.1
showed that the FFNN model surpasses the others for the appli-
cation under study. Therefore, our forecaster is based on a combi-
nation of both the FFNN and spatiotemporal models. A first
approach was made by analysing the evolution of the proposed
forecaster’s accuracy when the 5, 10 and 15 nearest stations to the
target location were checked. Only those stations that recorded
solar irradiation parameter in their database were taken into
account.

With regard to the input vectors, they were constructed in a
manner similar to the models proposed above. While in the pre-
vious models the input vector was formed by “season”, “forecast
time” and “previous 24 h solar irradiation data in 10min sampling”,
RMSE train. (W/m2) RMSE val. (W/m2)

56.52 54.24
45.38 58.23
45.27 58.48
54.05 68.33
56.47 54.19
50.01 57.86
50.09 58.61
63.38 71.34



Table 5
Average results to define the FFNNST parameter fixing.

Configuration Locations RMSE train. (W/m2) RMSE val. (W/m2)

1 1 54.41 52.65
2 3 53.05 51.00
3 5 51.53 51.08
4 6 52.11 51.14
5 7 52.76 50.80
6 8 52.75 51.45
7 10 50.38 51.61

Fig. 6. Locations of target, selected and available meteorological stations.
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this new forecaster adds not only the solar irradiation data for the
selected nearest stations but also the relative position (distance and
orientation) between each station and the target station.

As was donewith single-model forecaster, the training historical
database was formed by solar irradiation measurements fromyears
2015 and 2016 and the validation was performed with data from
2017. To develop this novel forecaster, as happened for single
models, a solutionwas not found for the random initialisation issue
or for selecting the optimal number nearest locations. While the
feedforward neural network spatiotemporal (FFNNST) forecaster’s
architecture contains the 5 neurons from the FFNN’s architecture,
the number of stations around the target location has to be chosen.
Thus, a sensitivity analysis was used to fit the number of nearest
stations, the results of which are shown in Table 4.

Like in the analysis of single models, the maximum accuracy
(lower RMSE) is not achieved by the same configuration for both
training and validation datasets. While the configuration that
considers the 15 closest locations to the target location gets the
lowest training RMSE, the one that takes into account the 5 closest
locations obtains the most accurate predictions when the valida-
tion dataset is used. In addition, there is also a trend discrepancy
between both training and validation databases; while there is a
direct relationship in the training dataset, namely the higher
number of locations, the lower the RMSE, there is an absolute
minima in the validation database for the 5 nearest locations
configuration, 51.08 W/m2.

Because the accuracy of a forecaster is based on its capacity to
make accurate predictions by using previously unseen values, a
deeper analysis was carried out in order to examine the evolution
of accuracy between 1 and 10 nearest locations (see Table 5).

Based on the results provided by the tests presented in Table 5,
the FFNNST forecaster was formed by the 7 nearest stations to the
target location. Fig. 6 and Table 6 present the locations in both
absolute and relative terms. In Fig. 6, the green dot marks the tar-
get’s station’s coordinates, the red triangles mark the position of
the selected stations, and the black crosses indicate the coordinates
of the available stations. However, as it is difficult to establish a
relationship between each station and its coordinates in Fig. 6,
Table 6 lists all the information associated to the selected stations.
Fig. 6 shows that some stations close to the target locationwere not
chosen for the final forecaster; these stations were not selected for
different reasons, such as they do not record solar irradiation or
there is a large amount of missing data in their databases.

When the results of the chosen configuration for the FFNNST
forecaster are compared against the benchmark, accuracy in the
training step improves from 59.47 W/m2 to 52.76 W/m2, and in the
validation step it goes from 57.25 W/m2 to 50.80 W/m2. If these
values are translated to a percentage by Eq. (5), this supposes an
accuracy improvement of 11.28% and 11.27% in the learning and
validation steps, respectively. This demonstrates that the proposed
FFNNST model outperforms the other models analysed in this
study. Fig. 7 shows the actual values and the FFNNST forecasters
predicted value for April 7, 2017. The RMSE calculated for this
sample day was 14.50 W/m2, which means an accuracy improve-
ment of 27.82%. Although it is true that for this sample day the
RMSE is worse than in the single models, if the entire ranges of
Table 4
Average results for fixing the FFNNST’s parameters.

Configuration Locations RMSE train. (W/m2) RMSE val. (W/m2)

1 1 54.41 52.65
2 5 51.53 51.08
3 10 50.38 51.61
4 15 49.83 52.37
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training and validation RMSE values are compared, the FFNNST
model outperforms the single ones.

In order to compare the accuracy of the FFNN and FFNNST
models in different weather conditions, some sunny days, partially
cloudy days and cloudy days were selected. Table 7 lists the
calculated RMSE for each of the models studied and for the
different types of days. It can be concluded from the results that in
the vast majority of situations, the FFNNST forecaster outperforms
the others, and in the cases where this does not happen, the results
are close to the optimal result obtained by the FFNN.

Figs. 8 and 9 show how the values predicted by the forecaster
follow the trend of actual measurements on partially cloudy and
cloudy days.

In order to compare the results obtained by our proposed
FFNNST forecaster against the results in the literature, two addi-
tional calculations were performed. Table 8 presents the calcula-
tions made through the error metrics defined in Section 2.3, and
Fig. 10 presents a pie chart diagram that analyses the distribution of
error made for days from 2017. This figure demonstrates that for
82.95% of the analysed days, the deviation between actual and
predicted values is lower than 4%.

Having fixed the FFNNST forecaster’s architecture and calcu-
lating some sample days, the next stepwas to examine the available
literature [20,21,42,52] and compare published results against
those calculated by the proposed FFNNSTmodel. Although it is true
that the comparison between the results provided by the proposed
FFNNST forecaster and the results from the literature will be made



Table 6
Specific information about target and chosen locations.

Station ‘Code’ Relative distance (km) Longitude (�) Latitude (�)

Target ‘C0400 - 42.85 �2.68
Stations chosen for the FFNNST forecaster ‘C0350 18.36 42.96 �2.88

‘C0200 15.63 42.72 �2.70
‘C0410 27.95 42.64 �2.52
‘C0300 23.15 42.85 �2.39
‘C0540 20.36 43.04 �2.66
‘C0500 25.84 42.67 �2.87
‘C0AA0 14.93 42.88 �2.50

Fig. 7. Actual values vs. the FFNNST model’s predictions for April 7, 2017.
Fig. 8. Actual values vs. the FFNNST model’s predictions for a partially cloudy day, June
10, 2017.

F. Rodríguez, F. Martín, L. Font�an et al. Energy 229 (2021) 120647
in terms of RMSE for a whole year or by sunny, partially cloudy or
cloudy days, it must be noted that different databases were used.
For instance, Elsinga et al. [20] proposed a “peer-to-peer” model
that relies on the cross correlation between the clear-sky index and
cloud movement sequence. If the results proposed in Ref. [20] are
analysed, it can be concluded that while the peer-to-peer forecaster
has high accuracy for clear or overcast days, its accuracy diminishes
when partially or broken cloudy days are forecasted. Even though
there are some results in Ref. [20] which demonstrate that Elsinga’s
model is better than our model for certain conditions, if the aver-
aged values are contrasted, ours has a lower RMSE average value.
While Elsinga et al.‘s model has an average RMSE of 122 W/m2 for
low variability situations at a 9- to 12-min prediction horizon, the
forecaster developed through this research has an average RMSE of
Table 7
RMSE calculated for different situations by each proposed model.

Type of Day Date FFNN RMSE (W/m2)

Sunny January 08, 2017 10.13
April 12, 2017 17.13
June 17, 2017 6.08
November 20, 2017 10.57

Partially cloudy January 04, 2017 19.42
February 09, 2017 43.20
April 03, 2017 33.26
June 10, 2017 36.87

Cloudy April 06, 2017 71.58
June 02, 2017 83.66
August 18, 2017 83.36
September 02, 2017 71.09
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50.80 W/m2 at a 10-min prediction horizon, which is an improve-
ment of 58.36%.

Caldas et al. [21] suggested sky imagery be combined with real-
time irradiance measurements to predict one to 10 min in advance.
This model uses locally fixed pre-existing image processing models
to estimate cloud movement, and thus their impact in solar irra-
diation, which makes it not only more expensive but also harder to
implement. If 10min in advance results for partially cloudy days are
analysed, the calculated averaged RMSE and MAE are 251 W/m2

and 168W/m2 [21], respectively. If Table 8 is examined for partially
cloudy days, the FFNNST’s RMSEs are range from 19.50 W/m2 to
39.92 W/m2, while the MAEs range from 7.55 W/m2 to 19.23 W/m2

so, the proposed model outperforms Caldas’s one. Although Cal-
das’s model outperforms this model in clear sky conditions (4.4 W/
RNN RMSE (W/m2) SVM RMSE (W/m2) FFNNST RMSE (W/m2)

9.62 12.48 9.58
17.18 17.82 16.93
9.67 11.53 11.55
10.07 11.89 10.03
19.56 21.03 19.50
43.73 44.01 39.92
33.46 34.97 30.50
36.65 38.81 31.88
71.16 69.07 67.14
84.40 81.83 74.16
85.59 84.96 72.69
70.74 72.14 70.01



Fig. 9. Actual values vs. the FFNNST model’s predictions for a cloudy day, April 6, 2017.

Fig. 10. Pie chart distribution of solar irradiation prediction error analysis for 2017.
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m2 vs. 9.58 W/m2), our model outperforms Caldas’s in overcast sky
conditions (110 W/m2 vs. 74.16 W/m2). The forecaster’s accuracy
decreases on sunny days due to the fact that some minor variations
in surrounding stations’ solar irradiation measurements decreases
the accuracy of FFNNST forecaster. Therefore, in follow up studies,
the combination of FFNN for sunny days and FFNNST for the rest of
the days will be examined.

Chu et al. [52] proposed a k-nearest neighbour ensemble fore-
cast to model a probability density function to predict intra-hour
solar irradiance (5, 10, 15 and 20 min ahead). Chu et al. demon-
strated in Ref. [52] that their model outperformed the programmed
persistence algorithm in all the locations studied. However, the
provided error metrics are not divided among sunny, partially
cloudy or cloudy day, which makes it difficult to compare the re-
sults from Chu et al. against those calculated in this study. There-
fore, while the lowest RMSE for the 10-min prediction horizon
provided by Chu et al. in Ref. [52] was 94.6 W/m2 in the location of
Merced, California, the highest error metric obtained through
FFNNST’s model is 74.16 W/m2, which means an accuracy
improvement of at least 21.24%.

PV generator’s output power has been computed after
concluding that developed solar irradiation FFNNST model’s accu-
racy slightly improves literature studies’ results. Equation proposed
by Rodríguez et al. [39] and Yang et al. [53] has been applied to
compute solar PV output power through meteorological
parameters,
Table 8
FFNNST forecaster’s error metrics.

Type of Day Date RM

Sunny January 08, 2017 9.5
April 12, 2017 16
June 17, 2017 11
November 20, 2017 10

Partially cloudy January 04, 2017 19
February 09, 2017 39
April 03, 2017 30
June 10, 2017 31

Cloudy April 06, 2017 67
June 02, 2017 74
August 18, 2017 72
September 02, 2017 70
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PPVðtÞ¼ h*S*WðtÞ*ð1�0:005*ðTðtÞ� 25ÞÞ (6)

where, t refers to the selected prediction horizon (10 min in this
study), PPV ðtÞ is the PV generator’s computed solar output power
(W) for time t, h refers to generator’s conversion efficiency, S is the
PV generator’s area (m2), WðtÞrefers to forecasted solar irradiation
value (W/m2) for time t and TðtÞ is the ambient temperature (�C) for
time. Although temperature changes as solar irradiations do, Eq. (5)
demonstrates that temperatures effect is lower than solar irradia-
tion’s. Therefore, in this study, it is assume that temperature is ruled
by the persistence model where TðtÞ ¼ Tðt þ 10minÞ. To compute
produced solar power a commercial panel was chosen whose
technical characteristics are h ¼ 17:59% and S ¼ 1:6767m2. Fig. 11a
and b shows the trend of accumulated actual and predicted power
values in both sunny and cloudy sample days. Fig. 11a shows the
evolution in a sunny day January 8, 2017; whereas Fig. 11b presents
the trend in a cloudy day August 18, 2017.

Concerning Fig. 11a where the deviation between actual and
predicted accumulated energy trend is analysed in a sunny day, the
difference among them is of 19.72 Wh which means a deviation of
2.51%. In Fig. 11b, the result of same analysis for a cloudy day is
presented, in this case the difference between actual and forecasted
accumulated energy is of 46.5 Wh, which means a deviation of
4.42%. In addition, both pictures (Fig. 11a and b) show how the
trend in a sunny day is smoother than in a cloudy day where the
trend has several bumps. Finally, Fig. 12 shows through a pie chart
diagram the percentage deviation between actual and predicted
accumulated energy for sample days into the period January to
August 2017. The time period has been chosen to make it possible
SE (W/m2) MAPE (%) MAE (W/m2)

8 5.25 5.15
.93 7.02 7.58
.55 5.27 7.45
.03 4.72 5.03
.50 5.48 7.55
.92 8.75 19.23
.50 5.84 12.35
.88 6.19 16.13
.14 17.28 31.47
.16 21.47 35.02
.69 20.32 34.22
.01 8.49 31.28



Fig. 11. a) Energy forecast for a sunny sample day, January 8, 2017 (left) and b) Energy forecast for a cloudy sample day, August 18, 2017 (right).

Fig. 12. Percentage distribution error for period January to August 2017.
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the comparison of this study’s results with the results obtained in a
previous study [39].

While the FFNNST forecaster developed in this study achieved a
deviation error rate under 2% for the 65.81% of the examined
sample days, the RNN forecaster developed in Ref. [39] only got 56%
of the days for same deviation error rate and period, January to
August 2017. In addition, the average deviation error obtained in
this study for the chosen period is 2.40%, whereas in the previous
study it was 2.81%. Therefore, it is concluded that FFNNST fore-
caster provides more accurate and reliable solar irradiation values
than RNN forecaster developed in previous study [39].
4. Conclusions

The purpose of this research was to develop a tool which is able
to forecast solar irradiation 10 min ahead to compute PV genera-
tors’ output power. Given the results obtained, this approach can be
introduced in photovoltaic generator control to reduce their energy
production uncertainty, making them more reliable for traditional
network operators and therefore easier to integrate into traditional
networks. The main conclusions of this research are as follows:

� Four different single approaches (persistence, FFNN, RNN and
SVM) were programmed to forecast solar irradiation, and it was
demonstrated that for this application the FFNN model was the
10
most accurate in designing a single station forecaster. This
model provided training and validation RMSEs of 54.41 W/m2

and 52.65 W/m2, respectively. These represent an accuracy
improvement of 8.51% and 8.03% in the learning and validation
steps, when compared against the benchmark persistence
model.

� The FFNN structure was then combined with spatiotemporal
optimisation to create the FFNNST forecaster. It was demon-
strated that 7 locations maximise the accuracy of the forecaster.
While the calculated RMSE for the learning and validation steps
are 52.76W/m2 and 50.80W/m2, the associated error metrics in
percentage are 11.28% and 11.27% respectively. In addition, this
study demonstrates that FFNNST forecaster predictions are
more accurate and reliable than the previous study’s RNN
forecaster, achieving a deviation error rate under 2% for the
65.81% of sample days.

� Comparative analyses of the RMSE error metric values for an
entire year demonstrated that for cloudy and partially cloudy
days the FFNNST forecaster outperforms the FFNN single-
approach forecaster, while for sunny days there is either little
improvement or the FFNN gives better results than the FFNNST
does. This happens because small changes in solar irradiation at
the surrounding stations will have a considerable impact on the
target location. Therefore, in future studies we will analyse how
to combine both forecasters (FFNNST and FFNN) in a single tool,
where the prediction for sunny days will be done through the
FFNN and the FFNNST will make predictions for the other days.

� All the calculations and results provided are based on real solar
irradiation data from Vitoria-Gasteiz. For the training step, data
from the years 2015e2016 were used, and for validation step
data were from 2017. Although it has been demonstrated here
that the FFNNST model definitively outperforms single models,
it must be kept in mind that it will be necessary to fix not only
the number of neurons of the FFNN but also the number of lo-
cations in the FFNNST model when it is implemented in any
location.
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