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A B S T R A C T   

Although photovoltaic generation has been proposed as a solution for the world’s energy challenges, it depends 
to a large extent on solar irradiation and air temperature. Therefore, small variations in these meteorological 
parameters produce sudden changes in power generation, which makes it difficult to integrate photovoltaic 
generators into the electrical grid. The aim of this study is to develop a very short-term temperature forecaster 
that makes photovoltaic generation more reliable in order to provide not only power but also ancillary services. 
To predict ambient temperature in a specific area (Vitoria-Gasteiz, Basque Country) in the next 10 min, this 
forecaster combines a multilayer perceptron and the optimal nearest number of meteorological. In addition, the 
distance and relative location between each station and the target station were taken into account. The accu-
mulated deviation between actual and forecasted temperature was lower than 1% in 96.60% of the examined 
days from the validation database. Moreover, the root mean square error was 0.2557 ◦C, which represents an 
improvement of 13.20% as compared with the benchmark result. The results indicated that the forecaster can be 
considered for implementation in photovoltaic generators to compute key control parameters and improve their 
integration into the electrical grid.   

Introduction 

Electrical power has been at the heart of the socio-economic devel-
opment of modern countries, and it is expected that its relevance will 
continue in the near future due to the high number of everyday devices 
that require electricity, such as electric vehicles and household equip-
ment [1,2]. Traditionally, technologies based on fossil resources have 
been the most commonly used for electricity generation, but these 
technologies have drawbacks, such as low efficiency in the electricity 
generation process [3] as well as the fluctuation of fossil fuel prices [4], 
the greenhouse effect and CO2 emissions [5]. Because of the combustion 
that takes place in non-renewable power generation technologies, the 
different types of pollutants that transfer to the atmosphere and radio-
active waste may need to be managed. Furthermore, societies and 
governments are becoming aware of the negative effects of non- 
renewable technologies [6] and the need for a gradual transition to 
achieve the goal of a fully renewable generation system [7]. 

Different renewable technologies—such as hydro, solar thermal, 
solar photovoltaic (PV), wind, geothermal—have been proposed in 

recent decades, and some of them have developed quickly due to ad-
vantages such as easy installation or high efficiency. For instance, solar 
photovoltaic and wind generators have experienced significant 
improvement, and the number of generators based on these technologies 
are on the rise [8]. The main reasons for this rise in the installed power 
of these renewables are the abundance of solar irradiation and windy 
locations, as well as their easy integration for both large-scale generators 
and small-scale self-supply installations [9,10]. However, if increasing 
the number of large and small renewable generators connected to the 
traditional network is the objective, challenges such as the intermittent 
nature of renewables and location dependence need to be addressed 
[11]. 

To reliably operate power systems, accurate forecasting of the power 
produced by renewables and the power demanded by the loads is 
needed. Many decisions related to the energy sector, such as real-time 
dispatch, unit commitment, economic dispatch and maintenance plan-
ning, depend on the value of different time horizon forecasters [12]. In 
addition, the European Commission [13] and the International Renew-
able Energy Agency [14,15], through different roadmaps and in official 
reports, have started proposing scenarios where the renewable energy 
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generators can also offer certain ancillary services, which comprise a 
wide variety of operations that support and control the power flow from 
generators to consumers and maintain the grid’s reliability, stability and 
security. 

Traditionally, synchronous generators connected directly to the AC 
grid were responsible for providing ancillary services, such as main-
taining the main grid’s frequency and voltage levels [16,17]. Although 
in the new scenario, renewable generators will be allowed to provide 
some ancillary services, depending on the country, different types of 
penalties can be imposed when ancillary service sellers fail to provide 
their service [18]. Therefore, if a higher penetration of new renewable 
generators is desired to increase the installed green power capacity as 
well as provide ancillary services, it is fundamental that the uncertainty 
of green technologies be reduced by developing more accurate fore-
casters. Frequency regulation, load following, operating reserve, reac-
tive power support and black start services are the ancillary services that 
are expected to be provided by the green technologies such as hydro, 
wind or PV plants in the near future [18]. 

An analysis of the current literature related to the development of 
forecasters showed that researchers categorise forecasters according to 
horizon time. As a consequence, forecasters are usually classified in the 
following categories [19]:  

• Very Short-Term Forecast: In this category, the forecasters make 
predictions some minutes in advance. Forecasted values are used for 
the real-time dispatch of different scale power systems [20,21].  

• Short-Term Forecast: These forecasters predict for a range of time, 
going from a few hours to a day ahead, and the predicted parameters 
are used to make decisions about things such as unit commitment or 
economic dispatch [22,23].  

• Medium-Term and Long-Term Forecast: The forecasters provide 
information from a day to a few weeks ahead and from a few weeks 
to months ahead, respectively. These forecasters predict information 
regarding future power demand and the results are used for main-
tenance activities [24,25]. 

Solar generation technologies have evolved greatly in recent years 
and solar power plant capacity has also expanded, and this development 
and penetration trend is expected to continue into the future [8,26]. 
However, to ensure the quick integration of these generators into the 
traditional network, the accuracy of the monitorisation and prediction 

tools must be improved. Following the proposal by Elsinga et al. [19], if 
the desire is to increase photovoltaics’ ability to reliably provide ancil-
lary services like frequency regulation, operating reserve or black start 
services, it is necessary to improve their control. In addition, accurate 
forecasters for prediction horizons smaller than 15 min are needed to 
achieve this goal. Due to the fact that the available databases have 
sampling times of 10 min, the shortest prediction horizon that can be 
developed through these databases without modifying the recorded data 
also needs to be a 10-minute prediction horizon. 

In solar generation, there are three key parameters that must be 
monitored and computed in order to develop a proper control strategy: 
solar irradiation, cell temperature and power output [2]. In addition, the 
last two parameters are also affected by wind speed [2,27] and ambient 
temperature [2,28], as has been demonstrated by a variety of studies. 
Although solar irradiation prediction [20,21] and cell temperature 
estimation [27,28] have been widely researched due to their direct 
impact on power generation and control strategies, other parameters 
have been studied less due to their lower or indirect impact; one such 
parameter is ambient temperature forecasting [29]. 

Very short-term temperature forecasters have traditionally been 
developed to provide information for other variables, such as the man-
agement of devices for energy savings in buildings [30], as input for 
energy demand prediction algorithms [31,32] or for solar irradiation 
forecasting [33]. However, a search of the literature did not yield many 
analyses of the benefits of temperature prediction on solar photovol-
taics’ key control parameters and power generation. Furthermore, the 
literature review shows that in recent years more sophisticated tech-
niques have been developed in order to improve the accuracy of tem-
perature forecasters. 

In the literature, the vast majority of the forecasters developed for 
predicting meteorological parameters can be classified into physical 
models or statistical methods. While physical models rely on a set of 
equations to describe physical phenomena and predict future weather 
variables [23,34], statistical methods rely on time-series forecasting 
throughout the use of historical databases [29,35]. For instance, Mba 
et al. [36] and Li et al. [37] proposed an artificial neural network and an 
Elman multistep network approach, respectively, for indoor tempera-
ture predictions in the short-term. While a correlation coefficient of 
0.985 was obtained through the forecaster presented by [36], the error 
metrics calculated in [37] were near zero. However, other authors, such 
as Li et al. [38], have presented support vector machine techniques as an 
alternative to indoor temperature hour-ahead forecast and with a root 
mean square error metric range between 0.006 and 1.182. 

This study focuses on the analysis of the best statistical technique for 
developing a very short-term outdoor temperature forecaster, due to the 
complex implementation of physical models and the good forecast re-
sults obtained by statistical techniques for indoor temperature forecast. 
The tool developed merges artificial intelligence and the optimal num-
ber of nearest meteorological stations to forecast temperature in the 
location where the photovoltaic panels are set. Therefore, it will be 
possible to compute photovoltaics’ characteristic parameters, such as 
cell temperature (Tc), open voltage circuit (Voc) and output power (Pm), 
making them more reliable not only for providing power supply but also 
ancillary services. 

To design the final structure of the forecaster, different combinations 
of strategies/methods and iterative processes were applied. Therefore, 
the article provides the most important information from each step. The 
key contributions of this study are as follows:  

1) A very short-term air temperature forecaster was developed in order 
to integrate it into solar photovoltaic generators and compute their 
key control parameters. The forecaster, which is based on the com-
bination of a multilayer perceptron and the optimal number of 
nearest meteorological stations, will help to improve the control 
strategy of solar generators. Because the available data is limited, the 

Nomenclature 

t Current time 
h Forecast horizon 
i = 1, 2…, N Examined number of samples 
ISC Short-circuit current (A) 
Pm Generated output power (W) 
RMSE Root Mean Square Error (◦C) 
R2 R-squared 
Voc Open voltage circuit 
Yi Actual value 
Y’

i Forecasted value 
Y Mean value of the analysed forecasts 
AC Alternating Current 
ANN Artificial Neural Network 
ISDA Iterative Single Data Algorithm 
MLP Multilayer Perceptron 
PV Photovoltaic 
RNN Recurrent Neural Network 
SMO Sequential Minimal Optimisation 
SVM Support Vector Machine  
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temperature forecasting model was developed for a specific area, 
Vitoria-Gasteiz, Basque Country.  

2) The input parameters used in the forecaster to make the predictions 
are: season, time, the distance and relative position between the 
target stations and the selected stations, and the air temperature of 
target and selected stations in the last 24 h, whereas the forecaster’s 
output is temperature prediction 10 min ahead.  

3) Because there is not much literature related to air temperature 
forecasters for solar photovoltaic control parameter computation, to 
develop our forecaster different prediction methods were tested to 
select the method that produces the lowest root mean square error 
and highest R-squared error metrics. Moreover, root mean square 
error and R-squared were used, to compare actual and forecasted 
values not only with the methods developed but also with the results 
provided in the literature.  

4) Through the developed forecaster, cell temperature (Tc), open 
voltage circuit (Voc) and output power (Pm), the characteristic pa-
rameters of photovoltaic generation can be computed. This will make 
it possible to introduce both small and large-scale generators in 
current electrical grids, allowing them to not only produce power but 
also provide ancillary services to the main grid, maximising the 
renewable generator’s profits. This increase in renewables will lead 
to a cleaner generation mix, a reduction of the whole system’s cost 
due to the lower generation cost of the renewables, and a reduction 
in CO2 emissions. 

The remaining sections of the article are organised as follows: Sec-
tion 2 analyses different models for temperature forecasting and ex-
plains the proposed model, Section 3 presents the results obtained 
through these models and compares the results provided in the litera-
ture, and Section 4 presents the conclusions of this study. 

Temperature forecasting algorithms 

Examined techniques 

After reviewing the literature, it was concluded that few studies have 
examined outdoor temperature forecasting for short-term horizons 
[2,29,31,39]. It must be taken into account that temperature affects 
socio-economic activities; this is the reason why the vast majority of the 
existing forecasters are for longer prediction horizons than the forecast 
horizon that we are developing in this study in order to improve 
photovoltaic control strategy. The techniques we analysed to develop a 
10-minute-in-advance forecaster were the persistence method, artificial 
neural networks (ANNs) and support vector machines (SVMs). The 
persistence method was chosen because it is easy to implement and it is 
commonly used as a benchmark to analyse the improvement of new 
forecasters [20,21]. With respect to the ANN and SVM techniques, these 
have been able to forecast indoor temperature with high accuracy for 
other goals and longer prediction horizons [31,39]. Therefore, both 
were examined in order to determine whether they were able to predict 
outdoor temperature for the stated forecast horizon. 

Persistence method 
A persistence model is a very short-term forecasting technique that is 

easy to programme and often used as a benchmark to compare more 
complex forecast methods [31]. The assumption behind this technique 
relies on the fact that little to no change will occur between the current 
moment and prediction moment. 

Therefore, the predicted value for the chosen forecast horizon is 
equal to the last measured value. 

F(t+ h) = F(t) (1)  

where F(t+h)is the forecasted value for a forecast horizon time of h and 
F(t)is the current value of the forecast parameter. 

Meteorological data is highly autocorrelated due to the fact that data 
recording is done from adjacent points in time [40]. This means that for 
short forecast horizons, the correlation between current and future value 
increases. Hence, the persistence model is able to predict with sufficient 
accuracy. However, this technique lags one step behind the actual value 
of the meteorological parameter. Therefore, its accuracy decreases when 
sudden changes occur and/or when the forecast horizon increases. 

Artificial neural network (ANN) methods 
The strength of ANNs as classifying and regression tools is due to 

their ability to generalise and produce reasonable outputs from data that 
has never been seen before [41,42]. In addition, ANNs’ capability to 
model non-linear processes throughout non-linear activation functions 
and the development of supervised learning algorithms have resulted in 
considerable success for ANNs [43]. This capability and development 
have led to ANNs being applied in different fields, such as solar irradi-
ation [44] and wind speed forecasting [45]. ANNs can be classified as 
recurrent neural networks (RNNs) and multilayer perceptrons (MLPs); 
both were analysed in this study. After reviewing the available literature 
[36,46], we decided that MLP and RNN architectures would have only a 
single hidden layer. In addition, Panchal et al. [47] concluded that 
developing architectures with two hidden layers almost never improves 
a forecaster’s accuracy but increases the risk of converging into a local 
minimum. 

Recurrent neural networks. The main characteristic of RNNs is the 
incorporation of feedback loops. The feedback goes from the output of 
the intermediate hidden layers back to the input layer of the network. 
The feedback process requires a time delay function (z− s), which in-
troduces a delay of ‘s’ steps, and for each step the delayed output state of 
the hidden layer is introduced, along with new input data for the input of 
the network. The introduction of feedback loops increases the learning 
capability of the forecaster and usually produces more accurate forecasts 
[43]. 

Multilayer perceptron networks. The easiest and most common imple-
mentation of ANNs is a fully connected MLP. The principal components 
of a MLP are artificial neurons. These neurons, which are located in the 
layers of the network, are connected through synaptic weights and 
exhibit nonlinear behaviour. The neurons’ behaviour is mathematically 
expressed the following equations, 

uk =
∑m

j=1
wkjxj (2)  

yk = φ(uk + bk) (3)  

where xj is related to the inputs of each neuron and is multiplied by 
synaptic weight wkj, which expresses the connection strength between 
two neurons. The result of Eq. (2), uk, is added to the bias bk, and that 
sum is multiplied by activation functionφ to calculate the output valueyk 
(see Eq. (3)). This outputyk is used as input in the following neuron of the 
network. The bias bk and synaptic weight wkj parameters are fit in the 
training step in order to do forecasts with previously unseen inputs. 
More information about MLPs can be found in [43]. 

In this configuration, calculations flow in one direction from the 
input to the output (forward propagation). The benefits of a MLP are: 
quicker implementation, fast training, robustness to outliers and/or 
missing data; moreover, when an MLP is designed with an appropriate 
number of neurons, it is a universal approximator [42,43]. 

Support vector Machine (SVM) methods 
A SVM is a nonparametric technique that can be used for different 

purposes, such as regression or data classification [48]. To develop a 
very short-term temperature forecaster, the regression variant of the 
SVM technique has to be used. A regression SVM is similarly 
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implemented for an ANN: a set of input values are transformed, through 
kernel functions, to generate forecast values. The nonparametric nature 
of SVMs enables the model to vary the number of parameters used 
during the fitting step, whereas for ANNs all parameters are pre-
determined [42]. 

For meteorological forecasting, the inputs are the historical obser-
vations recorded from different sensors and the output is the forecasted 
value for the chosen horizon. SVMs can use different kernel functions to 
fit an equation that reduces the residual of the forecast; i.e. the differ-
ence between the predicted value and the actual value. In addition, 
while kernel functions will make it possible to converge on a single so-
lution no matter how complicated the problem is [39], other models can 
converge to a local minimum. 

Regarding the convergence control of the SVM technique, there are 
two key parameters that stand out: ε, which is related to the tolerance for 
error, and β, which determines the flattest possible solution. Eq. (4) 
shows the verification that needs to be satisfied when the method is 
being programmed. 

∀n : |gn −
(
x’

nβ + b
)
| ≤ ε (4)  

where ∀n means ‘for all n values’, gnis the target value and ‘x’
nβ+b is the 

regression output of the SVM. 
When provided with an adequate database, the SVM regression 

technique is able to generalise trends and fit an equation within toler-
ances. However, the optimisation of a given problem with an SVM is not 
straightforward when huge databases are used. Therefore, it is impor-
tant to select a suitable kernel function and optimisation algorithm; 
incorrectly selecting these functions and algorithms increases the 
probability of convergence on an unsuitable local minimum [39]. 

N-nearest station model 

To develop the model proposed in this study, the N-nearest station 
model, several steps were carried out. Firstly, one of the forecasting 
techniques described above was chosen. To that end, several tests were 
run with these forecasters in the target location in order to select the 
optimal technique, and the forecaster with lowest RMSE and highest R- 
squared error metrics was chosen. Secondly, it was necessary to prepare 
a database with the available stations around the target location, along 
with the coordinates and recorded temperature measurements for each. 
Thirdly, the technique chosen in the first step was combined with the 
database generated in step two. Finally, we empirically determined the 

number of N-nearest meteorological stations that maximises the accu-
racy of the proposed forecaster. The flowchart in Fig. 1 illustrates the 
methodology used to develop our temperature forecaster. 

While other models such as numerical weather prediction or satellite 
imagery need to take into account other meteorological or orographic 
parameters in order to be able to make accurate forecasts, the N-nearest 
station model only needs the temperature datasets of the available lo-
cations around the target station. The model by itself establishes the 
relationships between the target and chosen stations that maximise the 
accuracy of the forecaster. 

In Fig. 2, a solid black square marks the target station, which is 
located in Vitoria-Gasteiz, in the Basque Country, and whose recorded 
meteorological data was used for the forecaster developed in this study. 
The white circles represent other stations near the target one, and their 
databases were also used to develop the proposed forecaster. 

Through this model it will be possible to check whether the accuracy 
of the forecaster selected from among the ones examined in Section 2.1 
improves when the optimal number of nearest stations is taken into 
account when making predictions for the target station. Moreover, each 

Fig. 1. The main steps in the proposed methodology for developing the N-nearest stations forecaster.  

Fig. 2. Distribution of target (solid black square) and available meteorological 
stations (white circles). 
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station is going to take into account not only the measurements recorded 
by the sensors in that station, but also the distance and the relative 
position between each station and the location where the forecast takes 
place. 

Error metrics 

Several error metrics are used in the literature [29,39] to examine 
the accuracy of newly developed forecasters. In order to be able to make 
comparisons not only between the programmed models but also with the 
results provided in the literature, root mean square error (RMSE) and 
coefficient of determination, also denoted as R-squared (R2), were 
chosen. Both metrics analyse the deviation between actual and predicted 
values. 

RMSE and R2 are defined as: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1

(
Yi − Y ’

i

)2

√
√
√
√ (5)  

R2 = 1 −
∑N

i=1

(
Yi − Y ’

i

)2

∑N
i=1

(
Yi − Y

)2 (6)  

where Yi is the actual value; Y’
i is the forecasted value, Y is the mean 

value of the analysed forecasts and N is related to the number of pre-
dictions that are analysed over a period of time. 

Results and discussion 

For this study the meteorological database from Euskalmet, the 
Basque Meteorological Agency, was used (http://www.euskalmet.eus 
kadi.eus/). The data from the ‘C040 Vitoria-Gasteiz’ station was 
downloaded in order to analyse which of the algorithms described in 
Section 2 was most accurate for temperature forecasting in very short 
time horizons. In this study, all the models developed were trained with 
a database from January 2015 to December 2016 and validated with an 
entire year’s data from 2017. The models tested were persistence, 
recurrent neural network, multilayer perceptron and regression SVM, 
and all were developed in MATLAB®. 

Persistence model (benchmark) 

The RMSEs obtained through the persistence model for the training 
and validation datasets were 0.2916 ◦C and 0.2996 ◦C, respectively. 
These values were used as a benchmark for calculating the ‘relative 
percentage improvement’ given by Eq. (7). 

Improvment(%) =
RMSEpersistence − RMSEmethod

RMSEpersistence
*100 (7)  

where RMSEpersistence pertains to the value obtained by the persistence 
technique and RMSEmethod pertains to the value to be compared. The 
value obtained from Eq. (7) allows the RMSEs obtained through 
different models to be compared against a reference benchmark, and this 
value is an intuitive indicator of the forecasting capabilities of the 
methods studied. Fig. 3 presents a comparison between the actual 
measurements and those obtained through the persistence model for 
sample day January 20, 2017. 

As expected from the persistence model, the prediction curve is equal 
to the actual one but delayed one time step. It must be remembered that 
this model assumes that the predicted value for the chosen forecast 
horizon is equal to the last measured value; see Eq. (1). 

Recurrent neural network 

As no analytical methodology for fixing the structure of an RNN was 

found in the literature, an iterative method was chosen. In addition, to 
minimise the effect of random initialisation of the network created with 
MATLAB®, each structure was run five times and the results were 
averaged [44]. The Levenberg-Marquardt algorithm was applied in the 
training step due to its robustness and the accurate results achieved in 
other forecasters [49,50,51]. 

As for the iterative process, first the number of neurons was held 
constant at 10, and the delay parameter was modified from 2 to 6. Then, 
the best delay was held constant and the number of neurons was 
changed from 5 to 20. To make a first approximation, the number of 
neurons was varied with a 5-neuron step size to detect in which range 
the most accurate number of neurons was. Next, whether it will be 
necessary to run further tests inside the established ranges will be 
determined by the obtained RMSE values for each number of neurons. 
Further detail about the methodology can be found in [44]. For these 
tests, the training dataset was arranged into input vectors containing the 
following information: season, time of day, and the last 24 hrs of 
recorded temperature data in 10-minute intervals, whereas the fore-
caster’s output is temperature value 10 min ahead. Although other 
meteorological parameters such as solar irradiation or wind speed are 
usually taken into account in developing forecasters for greater predic-
tion horizons such as days or months [52], other studies in the literature 
claim that for very short-term horizons the correlation among these 
parameters is weak and unstable [44,51], and for those reasons 
endogenous forecasters are developed [53,54]. The results obtained 
through this methodology for the definition of the structure are pre-
sented in Table 1. 

From Table 1 we concluded that there is little variation among the 
obtained RMSE values for those tests where the number of neurons was 
analysed, so it is not necessary to run further tests within these intervals 

Fig. 3. Actual and persistence model forecast values for January 20, 2017.  

Table 1 
Averaged results for fixing the structure of the RNN forecaster in Vitoria-Gasteiz, 
Basque Country.  

Test number Delay Neurons Training RMSE (◦C) Validation RMSE (◦C) 

1 1:2 10  0.2576  0.2652 
2 1:3 10  0.2730  0.2819 
3 1:4 10  0.2583  0.2657 
4 1:5 10  0.2692  0.2780 
5 1:6 10  0.2645  0.2722 
6 1:2 5  0.2618  0.2688 
7 1:2 15  0.2568  0.2648 
8 1:2 20  0.2591  0.2670  
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to find the optimal number of neurons. In addition, the best architecture 
for temperature forecasting through an RNN was a 1:2 delay and 15 
hidden neurons. Therefore, with this optimised RNN structure, training 
and validation RMSEs were 0.2568 ◦C and 0.2648 ◦C, respectively. This 
represents an improvement of 11.93% and 11.65% over the RMSEs that 
were set by the persistence benchmark. Fig. 4 compares the actual 
measurements and those obtained through the RNN model. 

An analysis of Fig. 4 illustrates how sometimes the prediction value is 
sometimes lower and other times higher than the actual value. In 
contrast to the persistence model, the difference does not rely on the 
assumption that the predicted value for the chosen forecast horizon is 
equal to the last measured value. In this and the following MLP and SVM 
forecasters, the deviation between actual and predicted values relies on 
the fact that when sudden changes occur, the forecasters are not able to 
predict them accurately. 

Fig. 5 shows the network layout developed by the RNN model, where 
W and b are the connection weights and bias, respectively. Both pa-
rameters and the internal loop for data retrofitting are characteristic of 
this model. It is possible to check how the data introduced by the loop is 
affected by the fitted delay function while the input data is not affected 
by the time delay function. 

In addition, Table 2 lists the relevant aspects of the most accurate 
RNN forecaster’s structure. 

Multilayer perceptron network 

Due to their characteristics, RNNs are not only more complicated to 
fix and optimise but they are also slower to train if they are compared 
against MLPs. In this study, several MLP architectures were checked to 
analyse whether the obtained results were more accurate than those of 
the RNNs. As there is no feedback loop in MLPs, it is not necessary to fix 
a delay parameter. Therefore, in order to obtain the most accurate 
forecaster, these tests consisted of modifying the number of hidden 
neurons. The Levenberg-Marquardt algorithm was applied in the 
training step due to its robustness and the accurate results achieved in 
other forecasters, [49,50,51]. 

As no methodology for fixing the number of neurons in the hidden 
layer was found in the literature, some sensitivity analyses were run. The 
number of hidden neurons between different structures was modified 
from 5 to 25 in 5-neuron intervals as proposed by [36,44]. Each archi-
tecture was run five times to avoid the effect of the random initialisation 
introduced by MATLAB®; the average results of these tests are shown in 

Table 3. For these tests, the input vectors contain the following infor-
mation: season, time of day, and the last 24 hrs of recorded temperature 
data in 10-minute intervals, whereas the forecaster’s output is temper-
ature value 10 min ahead. After analysing the results presented in 
Table 3, we concluded that the structure with 15 neurons minimises the 
RMSE error metric for both training and validation datasets. 

We compared the optimal RNN and MLP structures and concluded 
that the latter’s forecasts outperformed the former’s. In an analysis of 
the training RMSEs for both forecasters, the MLP’s value of 0.2515 ◦C 
was lower than the RNN’s value of 0.2568 ◦C, which means an 
improvement of 2.06%. With respect to the validation RMSEs, the MLP 
architecture’s value was 0.2618 ◦C while the RNN architecture’s value 
was 0.2648 ◦C, which is an improvement of 1.13%. When the results 
were compared against persistence models, an improvement of 13.75% 
and 12.62% was obtained for training and validation forecasting accu-
racy, respectively. The actual measurements and those obtained through 
the MLP model are compared in Fig. 6. 

Fig. 7 shows the network layout developed by the MLP model, where 
W and b are the connection weights and bias, respectively. Both pa-
rameters are characteristic of this model. It is possible to check how in 
this model there is no internal loop, due to the fact that in a MLP data is 
managed forward, from input to output without any loops. 

In addition, Table 4 lists the relevant aspects of the most accurate 
MLP forecaster’s structure. 

Support vector machines 

As Table 5 shows, different SVMs were implemented through MAT-
LAB®. Previous studies that have developed SVMs for air temperature 
forecasting [39,42] have shown that certain parameters must be fixed, 
namely kernel functions and solvers. For that reason, in this study 
different combinations were analysed in order to select the optimal one. 
As in the previous cases, each of the combinations in Table 5 was tested 
five times and the RMSEs were averaged. For these tests, input vectors 
contain the following information: season, time of day, and the last 24 
hrs of recorded temperature data in 10-minute intervals, whereas the 
forecaster’s output is temperature value 10 min ahead. 

The results presented in Table 5 show that the linear kernel function 
combined with the Sequential Minimal Optimisation had the lowest 
training and validation RMSE, 0.2761 ◦C and 0.2840 ◦C, respectively. 
The actual measurements and those obtained through the most accurate 
SVM model are compared in Fig. 8. 

Even though these values are slightly less accurate than the values 
for the two ANN forecasters, they continue to be more accurate than the 
persistence model. With respect to the persistence benchmark, the 
training and validation RMSEs represent an improvement of 5.32% and 
5.21%, respectively. This decrease in accuracy can be explained by the 
unsuitability of the kernel functions implemented for this problem. 
SVMs rely on fitting equations coefficients through databases to make 
predictions, making them less flexible than ANN forecasters in predict-
ing previously unseen values or situations of sudden change. In addition, 
Table 6 lists the relevant aspects of the most accurate SVM forecaster’s 
structure. 

Finally, Table 7 summarises the best results obtained by each single 
method examined. The calculated values for the R2 error metric in the 
validation step were also added. 

N-nearest station model 

An analysis of the results presented in Table 7 showed that there is 
not too much difference among models when the R-squared parameter is 
examined. The R-squared parameter analyses the whole amount of noise 
that we have in a given signal, so it can be concluded that all models 
have similar prediction abilities. However, if the RMSE metric is ana-
lysed, it can be seen that the MLPs made the best predictions for both the 
training and validation databases. The RMSE parameter analyses the Fig. 4. Actual and RNN model forecast values for January 20, 2017.  
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deviation between each actual value and its prediction. Therefore, the 
specific, sudden changes which the model is not able to predict cause an 
increase in the RMSE parameter, as can be seen in SVM model. 

Although there is a slight difference in accuracy for the RNN and 
MLP models, implementing the algorithm and making predictions have 
a lower computational cost in the MLP because of the lack of feedback 
loops. Therefore, this optimised MLP model was selected for the pro-
posed forecaster, the N-nearest station model. To select the optimal 
forecaster, different tests were run, modifying the number of sur-
rounding stations. 

In this model, the input vectors were constructed in the same way as 
in the single station models. While in single station models the input 
vectors contain “season”, “time of day” and the previous 24 h in 10-min-
ute intervals for the target station, in the N-nearest model the input 
vectors contain not only the single station model’s parameters but also 
the distance and relative position between the target and ‘n-stations’, 
and the last 24 h in 10-minute intervals for the temperature at those ‘n’ 
locations; the forecaster’s output is the temperature value 10 min ahead. 

As with the single station models, the training dataset was taken from 
2015 to 2016 and the validation dataset was taken from the whole of 
2017. Because there is not a method for selecting the optimal number of 
nearest stations and in order to minimise MATLAB’s random initialisa-
tion, each test was repeated five times and the results were averaged in 
order to choose the most accurate option. Table 8 presents the averaged 
results obtained through this model. 

After analysing the results in Tables 8, we concluded that while the 
lowest RMSE for training was obtained by the 10-nearest stations, the 
lowest RMSE for validation was obtained through the 6-nearest stations. 
Given that the prediction capacity of a forecaster is tested by the vali-
dation step because previously unseen values are used, for this study we 
selected the 6-nearest station model in order to develop the final fore-
caster. In addition, it was also determined from the results shown in 
Table 8 that, when the number of N-nearest stations is larger than in the 
optimal structure, the accuracy of the forecaster reduces. This decrease 
in accuracy relies on the fact that the greater the number of stations, the 
farther they are from the target location, thereby increasing the uncer-
tainty of the proposed forecaster and diminishing its accuracy. 

If the optimised forecaster’s RMSEs are compared against those for 
persistence, an improvement of 20.44% and 13.22% can be seen in the 
training and validation datasets, respectively. With regard to the com-
parison with the MLP model, an improvement of 7.75% and 0.69% can 
be seen on the training and validation datasets, respectively. The R2 

error metric calculated in the validation step for the selected final ar-
chitecture of the forecaster was 0.9986. From the results, we concluded 
that the proposed methodology, in which the information from the 

Fig. 5. Recurrent Neural Network’s layout.  

Table 2 
Overview of the most accurate RNN structure.  

Characteristics RNN structure 

Network type Layer recurrent 
Inputs (146) Season, time, temperature 
Outputs (1) Temperature 
Number of layers (3) Input, hidden, output 
Structure Delay (1:2), Hidden Neurons (15), Output Neurons (1) 
Functions Log-sigmoid (hidden layer), Linear (output layer) 
Training algorithm Levenberg-Marquardt  

Table 3 
Averaged results for fixing the structure of the MLP forecaster in Vitoria-Gasteiz, 
Basque Country.  

Test number Neurons Training RMSE (◦C) Validation RMSE (◦C) 

1 5  0.2536  0.2619 
2 10  0.2517  0.2619 
3 15  0.2515  0.2618 
4 20  0.2518  0.2629 
5 25  0.2517  0.2630  

Fig. 6. Actual and MLP model forecast values for January 20, 2017.  
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stations around the target location is used to make the predictions, 
slightly surpasses the traditional MLP forecaster, where information 
from only the target location is used. Therefore, it is up to the user’s 
knowledge and the application’s resolution requirements whether the 
traditional or proposed methodology is to be used. Nevertheless, the 
main limitation of this methodology is the need for a huge amount of 
data around the desired location in order to train the proposed fore-
caster. Fig. 9 shows a comparison between actual measurements and 
those obtained through the 6-nearest stations model. 

In addition, Fig. 10 shows the network layout developed by the N- 
nearest station model, where W and b are the connection weights and 
bias, respectively. Both parameters are characteristic of this model. 

To obtain the mathematical expression of the proposed model, 
Table 9 lists the relevant information for the developed N-nearest station 
model. 

Using the information shown in Table 9 and the model’s layout 
presented in Fig. 10, the forecaster’s mathematical expression will be 
obtained starting from output and getting back to the system’s inputs. 
Hence, the forecaster’s output ô is expressed as a mathematical linear 

Fig. 7. Multilayer Perceptron Network’s layout.  

Table 4 
Overview of the most accurate MLP structure.  

Characteristics MLP structure 

Network type Feedforward net 
Inputs (146) Season, time, temperature 
Outputs (1) Temperature 
Number of layers (3) Input, hidden, output 
Structure Hidden Neurons (15), Output Neurons (1) 
Functions Log-sigmoid (hidden layer), Linear (output layer) 
Training algorithm Levenberg-Marquardt  

Table 5 
Averaged results obtained for the different SVM alternatives in Vitoria-Gasteiz, 
Basque Country.  

Solver Kernel 
function 

Training 
RMSE (◦C) 

Validation 
RMSE (◦C) 

Sequential Minimal 
Optimisation (SMO) 

Linear  0.2761  0.2840 
Gaussian  0.4119  1.0292 
Radial basis  0.4074  0.9794 
Polynomial  0.4755  0.5217 

Iterative Single Data 
Algorithm (ISDA) 

Linear  0.2769  0.2847 
Gaussian  0.4060  0.9660 
Radial basis  0.4100  1.0082 
Polynomial  0.4976  0.5217  

Fig. 8. Actual and SVM model forecast values for January 20, 2017.  

Table 6 
Overview of the most accurate SVM structure.  

Characteristics SVM structure 

Solver SMO 
Kernel function Linear 
Inputs (146) Season, time, temperature 
Outputs (1) Temperature  

Table 7 
Summary of the best error metrics obtained by each forecaster.  

Test 
number 

Training 
RMSE (◦C) 

Training 
improve 
(%) 

Validation 
RMSE (◦C) 

Validation 
improve (%) 

R2 val. 

Persistence  0.2916  –  0.2996  –  0.9981 
RNN  0.2568  11.93  0.2648  11.65  0.9985 
MLP  0.2515  13.75  0.2618  12.62  0.9985 
SVM  0.2761  5.32  0.2840  5.21  0.9982  
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combination of the hidden layer’s neurons outputs, 

ô =
∑HN

hn=1
whn,ON yhn + bOB. (8)  

where whn,ON represents each link between the output neuron and the 
hidden layer’s neurons; bOB refers to the output neuron’s bias value and 
yhn is thehn -th hidden layer’s neuron output, which is represented as, 

yhn = j

(
∑I

i=1
wi,hn[p]i,1 + bhn

)

(9)  

where j represents the sigmoid function used in hidden layer neurons, p 
is an array which contains the 1022 input values, wi,hn is the link values 
between the system’s inputs and the hidden layer’s neurons and bhn is 
the bias value of the nh-th neuron. Therefore, by combining Eqs. (8) and 
(9), the proposed N-nearest station model is mathematically expressed 
as, 

ô =
∑HN

hn=1
whn,ONj

(
∑I

i=1
wi,hn[p]i,1 + bhn

)

+ bON . (10) 

In Fig. 11, a solid black square marks the target location where the 
temperature is going to be forecast; the white circles represent the 
available meteorological stations that have temperature databases that 
could be used to develop the forecaster proposed in this study, and the 
grey triangles indicate the location of the stations that were selected 
after the optimisation step for the proposed methodology had been 
carried out. 

To identify the stations selected through the proposed methodology 
in Fig. 11 more easily, Table 10 shows the longitude and latitude co-
ordinates of the chosen stations. These coordinates were used to calcu-
late the distance and relative position between the target and ‘n- 
stations’. As can be seen in Fig. 11, there are some stations close to the 
target location that there were not selected for the final forecaster. This 

Table 8 
Averaged results obtained for the new ‘N-nearest stations’ alternatives in 
Vitoria-Gasteiz, Basque Country.  

Test number ‘N-stations’ Training RMSE (◦C) Validation RMSE (◦C) 

1 5  0.2363  0.2622 
2 6  0.2320  0.2600 
3 7  0.2304  0.2665 
4 8  0.2272  0.2707 
5 10  0.2237  0.2744 
6 15  0.2259  0.2941 
7 20  0.2372  0.3233  

Fig. 9. Actual and N-nearest model forecast values for January 20, 2017.  

Fig. 10. Layout of N-nearest station model.  

Table 9 
Main characteristics of forecasters developed N-nearest station model.  

Parameter Value 

Inputs (I) 1022 – season (1), time (1), distance and relative position 
between target location (6 * 2 = 12) and surrounding 
stations and target location’s and surrounding stations’ 
temperature data (144 * 7 = 1008) 

Outputs (ô) 1 – temperature 

Number of Layers 3 – input, hidden, output 
Number of Hidden 

Neurons (HN)

15 

Number of Output 
Neurons (ON)

1 

Number of Hidden Bias 
(HB)

15 

Number of Output Bias 
(OB)

1  
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decision was supported by the fact that temperature databases in those 
stations were not properly recorded and there was missing information. 

Moreover, we decided to analyse the accuracy of the developed 
forecaster on a day-by-day basis to check the deviation, in percentage, 
between the actual and forecasted values. Fig. 12 presents a pie chart 
diagram showing how throughout 2017 the accumulated deviation be-
tween the actual and predicted values throughout an entire day is less 
than 1% in 96.60% of examined samples. Furthermore, the mean value 
of this deviation was 0.2629%, thereby demonstrating that the accuracy 
of the forecaster is high enough to use for calculating solar power 
parameters. 

With respect to the related literature, Yesilbudak et al. [55] sug-
gested using curve fitting methods to forecast air temperature for a 10- 
minutes-ahead horizon. Yesilbudak et al. examined the accuracy of three 
methods denoted as Fourier, sum of sines and smoothing spline. While 

the RMSE associated with each forecaster was 2.35 ◦C, 1.29 ◦C and 
0.1824 ◦C, respectively, the R2 values were 0.8046, 0.9403 and 0.9995. 
If both studies are compared, it can be concluded that the forecaster 
developed in this study is more accurate than at least the Fourier and 
sum of sines curve fitting methods. 

With respect to the smoothing spline method, although it seems to 
surpass the accuracy of the forecaster developed here, Yesilbudak et al. 
do not predict new air temperature values outside the database that they 
used to fit the curve. Therefore, it can be concluded that smoothing 
spline is the proper method for fitting a forecast curve for a given 
database, but the accuracy of the method was not demonstrated for 
previously unseen temperature values. 

Once we concluded that the model developed in this study slightly 
improves the accuracy of other forecasters available in literature, some 
simulations were run to demonstrate the model’s suitability in 
computing photovoltaic generator key control parameters. To ensure 
proper monitoring and develop new control strategies, parameters such 
as cell temperature (Tc), open voltage circuit (Voc), short circuit current 
(Isc) and output power (Pm) must be calculated. While Tc, Voc and Isc are 
commonly used for control strategy purposes [2,47], Pm data is required 
by a network’s operator to guarantee the quality of power supply or load 
following [19]. Photovoltaic generation involves mainly two meteoro-
logical parameters, solar irradiation and ambient temperature. While Tc 
and Voc are strongly affected by ambient temperature, Isc is mainly 
affected by solar irradiation [2] and Pm is affected by both. Therefore, a 
solar irradiation forecaster is also needed to compute these solar 
photovoltaic generators’ key control parameters. However, several 
studies that address the goal of predicting solar irradiation for very 
short-term prediction horizon with great accuracy can be found in the 
literature [23,44]. Figs. 13–15 demonstrate how using the developed 
forecaster, the solar irradiation forecaster proposed by Rodriguez et al. 
[44] and equations proposed by Ayvazoğluyüksel et al. [2] make it 
possible to compute the Tc, Voc and Pm solar photovoltaic control 
parameters. 

Conclusions 

The aim of this study consisted of developing a forecaster in a specific 
area, namely Vitoria-Gasteiz, Basque Country, that is able to predict 
outdoor temperature with a very short-term horizon, next 10 min, in 
order to compute the key control parameters of solar photovoltaic 
generators. The key conclusions from this study are as follows: 

Fig. 11. Distribution of target (solid black square), selected (grey triangles) and 
available (white circles) meteorological stations. 

Table 10 
Relative distance and coordinates of the chosen stations.  

Station ‘Code’ Longitude 
(◦) 

Latitude 
(◦) 

Target ‘C040’  42.85 − 2.68 
Stations chosen for the developed 

forecaster 
‘C076’  42.87 − 2.66 
‘C070’  42.79 − 2.73 
‘C020’  42.71 − 2.70 
‘C056’  42.84 − 2.52 
‘C049’  42.81 − 2.89 
‘C0AA’  42.88 − 2.50  

Fig. 12. Pie chart diagram of temperature forecasting error analysis for 2017.  Fig. 13. Simulation of actual and forecasted Tc parameter in ◦C.  
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• An analysis of the results obtained from the computed techniques 
shows that there is not much difference among models when the R2 

error metric is examined, all results being in the range of 0.9981 and 
0.9985. Nevertheless, if the RMSE is examined, it can be concluded 
that the MLP technique has better accuracy for both training and 
validation databases, the result being 0.2515 ◦C and 0.2618 ◦C, 
respectively.  

• The MLP structure was combined with the “N-nearest stations” 
method and that combined model was used to develop the tool 
presented in this study. Through the optimisation, it was concluded 
that optimal number of meteorological stations for this forecaster 
was six. With regards to the error metrics obtained by the most ac-
curate configuration, the RMSE in the training and validation steps 
were 0.2320 ◦C and 0.26 ◦C, respectively. If these values are 
compared against the persistence benchmark, an improvement of 
20.44% and 13.22% is achieved, respectively. The obtained R2 value 
is 0.9986.  

• The main drawback of this study is that both the methodology and 
the accuracy of the final forecaster was checked with real tempera-
ture measurements for 2017 in a specific location, Vitoria-Gasteiz, 
Basque Country. Even though it was demonstrated that the 

combined forecaster is more accurate than the single methods, it 
must be kept in mind that if this methodology were used in a 
different place, it would be necessary to fix the number of neurons of 
the MLP and the number of optimal stations. An additional challenge 
consists of obtaining the big databases required to develop or repli-
cate the methodology presented in this paper. Finally, the fore-
caster’s prediction horizon is limited due to the available databases’ 
resolution sampling time, 10 min. Therefore, the forecaster’s horizon 
cannot be lower than 10 min without manipulating the databases. 

• The results presented here demonstrate that this temperature fore-
caster is useful for computing key control parameters for solar 
photovoltaic generators in the near future. However, our future 
studies will analyse the model’s prediction accuracy when other 
parameters such as solar irradiation or wind speed are forecasted. It 
also will be interesting to perform some sensitivity analyses where 
the structure of the forecaster and the input window length are both 
examined to optimise the structure and reduce the computational 
cost. In addition, if temperature databases of other locations were 
available, it would be interesting to do some work toward the 
development of a universal method, based on the methodology 
proposed in this paper. 
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[26] Red Eléctrica de España (REE). Las energías renovables en el sistema eléctrico 
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