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ABSTRACT 

The need to decarbonize the energy sector is producing a 

tremendous increasing of the introduction of renewable 

generators supplied by non-controllable energy sources. 

In particular, in those countries with a high sun radiation 

for a relevant period of the year there is an ongoing 

growth of photovoltaic generators (PV). In this paper we 

propose an algorithm to forecast the day-ahead 

photovoltaic production based on artificial neural 

networks which exploit as input the day-ahead weather 

forecast data like: solar irradiations, solar irradiation 

measured on the PV panel surface, temperature of the PV 

panel, atmospheric pressure, air humidity, air 

temperature, wind intensity and direction. The artificial 

neural networks are daily trained with a very limited set 

of measure data trends: at most 5 past days taken within 

the last 20 days, and it able to provide the forecast of a 

pv-field with 35 kWp installed in the RSE test facility of 

distribute generation.  

With respect to other day-ahead photovoltaic production 

forecast methods the proposed one it is particularly 

suited to be applied in small plants, typically microgrid, 

with limited capacities in terms of monitoring, 

computational ability and storing measures. The day-

ahead photovoltaic production forecast algorithm is also 

able to adapt to the surrounding conditions as it is daily 

updated with the latest measures. 

INTRODUCTION 

The huge introduction of renewable generators is 
stressing the request to provide reliable forecasts to 
support the operational planning activities in power 
system. Renewable source like thermal or electric solar 
generators as well as electric wind turbines are the 
elementary but fundamental building blocks of the 
decarbonisation policy. Thought, these generators suffer 
of the intermittency of the source: they produce energy 
according to the sun irradiation and wind intensity. Each 
variations of the forecast value with respect to the 
measured one implies a variation in the generator output 
and thus, at last, in a production excess or deficit which 
induces on the electrical network an unbalance. 
Powerful forecasting models require in general a huge 
quantity of historical data which sometimes can be 
difficult to get and very sophisticated algorithms to be 
analysed. In general, small plants are not able to provide 
monitoring and storing devices, and even more they lack 
of sophisticated forecast models. Thus, in general, the 
most powerful forecasting methods are tailored for plant 

at utility scale. Nevertheless, accurate short-term output 
power forecast of PV systems in large or small power 
plant plays a key role for efficient, economic, stable and 
sustainable operation of the power supply.  

Several techniques have been developed recently to 
forecast solar radiation and output power PV system. 
Existing PV solar power forecasting methods can be 
categorized as physical and statistical methods based on 
the forecasting models they used. The physical methods 
estimate the PV power production based on the 
meteorological information at the PV cell (solar 
irradiation, temperature, cloud cover, humidity, pressure, 
wind speed and rain fall, etc.), which is more complex 
but more accurate and practical. Whereas, the statistical 
methods estimate the PV power production based on 
historical records of PV systems’ power output data, 
which is more commonly used. The statistical technique 
is further classified into direct and indirect forecasting 
techniques. The indirect technique is to estimate the PV 
system output power based on the forecasted value of 
solar irradiation and other meteorological variables at the 
PV system. The direct technique is to forecast the power 
output directly based on historical power output data as 
input, which is commonly used. Moreover, according to 
the mathematical model they employed, the direct 
technique can be classified into time series forecasting 
methods [1], the regression model forecasting method 
[2], neural network forecasting method [3], Markov 
Chain forecasting method [4]. 
Feed-forward neural networks have been recognized as a 
successful method for forecasting time series in various 
applications, their performance is sensitive to many 
parameters, including the network architecture and 
random initialization of weights. Sometimes combining 
several ANNs in an ensemble can reduce this sensitivity. 
Inman et al. [5] reviewed methods for solar power 
forecasting and classified them into five main groups: 
statistical (regressive) methods (e.g. auto regressive, 
moving average, and combinations of them such as 
ARIMA), methods based on artificial intelligence 
techniques (e.g. NNs, nearest neighbour), numerical 
weather prediction methods, remote sensing methods 
(e.g. satellite and statistical satellite) and local sensing 
methods (e.g. sky-imager). 
ANNs are widely used in the field of the renewable 
energies to forecast or estimate energy production or 
other variables related to renewables (e.g. solar radiation, 
wind power, energy demand, etc.) [6] [7]. 
Multi-Layer-Perceptron (MLP) ANN is selected in order 
to estimate the PV power production considering global 
irradiance and ambient temperature as input variables. 
The MLP is a particular architecture of ANN, where base 
units are arranged in layers with only forward 
connections to units in subsequent layers [8]. Such type 
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of ANNs can properly approximate any non-linear 
functions and it is usually employed in regression 
(estimate an output variable using predictors variables) 
problems. ANN and Regression model used to estimate 
the power production from renewable generators can find 
a real world significant applicability in microgrids (MG) 
and Smart-Grids (SG) scenarios.  
A PV power forecasting model, based on the back 
propagation (BP) artificial neural network (ANN), is 
proposed in [9] employing irradiation, temperature, 
humidity, wind speed, and aerosol index (AI) data. An 
improved forecasting accuracy is obtained using this 
model compared with other conventional methods. In 
[10], a solar power forecasting model based on different 
satellite images and a support vector machine (SVM) 
training scheme is proposed. The predication accuracy of 
the proposed SVM-based model outperformed the 
conventional time-series model and an artificial neural 
network (ANN). 
[11] presents a solar power prediction algorithm 
exploiting spatial and temporal time series meteorological 
forecast data of three different variables, namely, 
irradiance on the tilted solar plane, ambient temperature, 
and wind speed in different locations in Italy. Compared 
with other benchmark algorithms, significantly improved 
solar power forecasts are obtained by the proposed 
algorithm. The exact comparison of all the forecasting 
approaches is quite difficult since these approaches 
depend on different circumstances and the data collection 
is a tricky task. However, among the literatures reported 
above, it has been noted that the artificial intelligence 
techniques (ANN, ANFIS, SVM, and etc.) outperformed 
the others in short-term PV solar power prediction. 
Regarding input data sources for solar power forecasting, 
techniques which employ both historical SCADA records 
and meteorological forecasts are more effective and give 
an improved accuracy as it will be demonstrated in this 
paper. Considering the algorithms implemented for solar 
power forecasting, models which utilize combinations of 
different relevant algorithms are more effective and result 
in an improved accuracy. 
The paper is organized as follows: in chapter 1 an 
overview of the adaptive method to forecast PV 
production is given, in chapter 2 a few experimental 
results for a couple of days are given to illustrate the 
behaviour of the estimators, conclusions provides some 
hints about future work. 

THE ADAPTIVE PHOTOVOLTAIC 

FORECAST METHOD 

The adaptive photovoltaic forecast production model 

means to increase the reliability of the forecast of the 

photovoltaic (PV) production. The method defined is 

designed such that the estimator is daily updated 

according to the last time series data measures acquired, 

to adapt the underlined mathematical approximation 

function to the current situation. The estimator defined is 

daily exploited to forecast the PV production of the field 

installed in the RSE test facility of distribute generation.  

The model we are proposing is a statistical-indirect 

method based on based on artificial neural networks 

(ANNs). It requires as input data the weather forecast of 

the main variables (sun radiations, ambient temperature, 

air humidity, atmospheric pressure, wind orientation and 

speed) for the next day, and the measure of past 5-days 

measures of the variables taken from, at most, the last 

two weeks (this procedure take care of the monitoring 

and storing faults). Several neural networks are trained in 

order to compute the PV production according to the 

input data provided. The day-ahead PV-production 

estimator is selected among the different networks 

according to the criterion of minimum error shown to 

forecast the day-test identified. 

The temporal model 

Here follows the temporal model according to data are 

organized in order to support the training, testing and 

validation phases of the artificial neural networks.  

Let t be the day the elaboration is performed, t+1 be the 

day the pv-prod forecast is required. The time interval 

constituted by the sequence of time instants {tr1, tr2, …, 

trn } refer to n-past days with respect to the elaboration-

day t. Data associated to these time instants are taken to 

train the ANNs. Let t-1 be the test day: the last past-day 

with respect to data measures are available and adopted 

to verify the performance of the ANN set. 

 
Figure 1 - the ANN temporal model 

Many ANNs for each estimator 

ANNs to implement a forecast estimator act as an 

approximation model, configured (trained) through a 

statistical process through data provided. The input and 

output data are fixed by the specific problem at hand. 

ANNs provide as many inputs and outputs as required by 

the problem at hand. The other features of the problem 

are implicitly held into the data measured, in accordance 

to a black-box paradigm.  

The problem in this case is to try to extract from the data 

the needed information to build a reliable forecasting 

model. In our approach we differentiate the ANN 

according to two main criteria: 

• Exploit different ANN internal structure 

• Exploit as many weather data as possible 

ANN different structures 

As said, the input and output layers of a feedforward 

ANN are specified by the problem. The number of hidden 

layers and the number of neurons inside them are 

generally freely set. Even the training algorithm to make 

the ANN aware of a specific problem has to be tailored 

on the approximation problem. Further, also the 

cardinality of the training set has to be identified 

optimally. The network has to be provided with enough 

information about the problem in order to configure its 

behaviour as strict as possible to the behaviour of the real 
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process. This means to include into the set of training 

data enough elements. At the same time, the cardinality 

must be limited in order to avoid overfitting problems. 

The adaptive model of the ANN is gained through a 

differentiation of the ANN structure as follows: 

Train the ANN with two train sets of 3 and 5 days, 

respectively. For each training algorithm assumed it is 

trained a specific ANN.  

The number of hidden layers and the number of 

neurons inside them are fixed, after some 

experimental tests. It has been decided to consider just 

one hidden layer with 20 neurons inside. At the end, 

for each estimator 20 different ANNs have to be set. 

ANN with different weather variables  

The estimation of the photovoltaic production is mainly 

based on the sun irradiation, the other weather variables 

influence this process, and, in general, reducing the quote 

of produced energy with at constant conditions. The 

energy production through the sun irradiation source is 

also influenced by other variables, not necessarily 

connected to the weather conditions. First of all the 

inclination and the orientation of the PV panel strongly 

influence the energy production PV-modules and it is 

time variant along the different yearly seasons. There are 

further entities which causes non-negligible effects like 

the air pollution, aerosol suspended in the atmosphere 

and, last but not least, the reflection and shadowing of the 

irradiation caused by the orography of the context the PV 

panels operate. All these variables may produce a 

relevant effect on the energy production process reducing 

the energy produced.  

All the different causes influencing the energy production 

from the sun irradiation are in general difficult to be 

modelled, and in some cases it is even impossible. The 

choice to adopt the paradigm of ANN to code the PV 

production estimator which is daily re-designed should 

ensure to face the main stationary and dynamic 

phenomena. To cover the dependence of the PV 

production from the several weather variables has been 

decided to set 4 different estimators, each one supplied by 

different weather variables, trying to face all the different 

situations. At last, the PV production estimator is 

composed of 4 different estimators, each one exploiting 

different inputs, and all the results provided are subject to 

a choice criterion. This criterion selects the ANN which 

shows the best estimation with respect to the day-test 

identified. The next figure illustrates this schema. 

 
Figure 2 – The PV production estimator architecture 

 

The different PV production estimators are defined as 

follows: 

• ePV by GHI: estimation of PV based on the global 

horizontal irradiance (GHI), that is the global 

irradiance measured on the horizontal plane with 

respect to the PV module(s). GHI forecast is gained 

from the weather forecast data set; 

• ePV by GTI: estimation of PV based on the global 

tilted irradiance (GTI), that is the global irradiance 

measured on the plane of the PV panel(s). GTI is in 

general more explicative rather than the GHI as it 

exactly takes into account the real orientation and 

inclination of the panel in the different daily hours. 

GTI forecast is not directly provided but can be 

estimated according to a suitable ANN trained to 

this goal mainly exploiting the GHI data and 

forecast; 

• ePV by GTI + Tmod: estimation of PV based on the 

global tilted irradiance (GTI) and the temperature 

measured upon the PV panel surface. As GTI, even 

the PV model temperature is greatly influencing the 

performance of the PV panel production. In 

particular when this increases over a give threshold 

the energy production decreases significantly. Thus, 

the inclusion of PV module temperature in the 

estimate input data-set should increase the reliability 

of the PV power production forecast. As both GTI 

and PV panel temperature (Tmod) are not provided 

in the forecast data set, GTI and TMod are both 

estimated by two suitable ANNs, set accordingly 

(see the light grey boxes in Figure 2). In particular, 

the TMod estimation is gained through: GTI, wind-

speed and the ambient temperature; 

• ePV by ALL: the estimation of PV power 

production by all the weather data forecasted: global 

irradiance on the horizontal plane, the speed and 

direction of wind, the ambient temperature, the 

pressure and humidity 

How each estimator has been coded in detail 

As said, Artificial Neural Networks are adopted to code 

each estimator depicted in the previous section. ANNs 

are networks of neurons organized into different layers. 

First of all, the input layer, where each neuron is 

associated to a specific input variable. Then, the output 

layer, that includes the neurons that are associated to the 

output variables. At last, there is one, or more, hidden 

layer. Each hidden layer increases the degree of the 

approximation polynomial identified by the ANN. 

Another relevant point concerns the training algorithm 

adopted to teach the ANN by a suitable set of data. The 

number of hidden layers, the number of neurons in each 

hidden layers and the different training algorithms induce 

different performances on the ANN, which increase or 

not the effectiveness of the estimation for a specific data-

set. It is not simple to make a choice among the different 
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possible alternative. ANNs were developed as 

feedforward with backpropagation networks, through the 

Matlab©-Neural Network Toolbox (Mathworks). 

Evaluation criterion 

ANNs for each estimator proposed in the previous list are 

further differentiated by their structure. This articulation 

provides: 2-types of input data consistency (3 and 5 days 

long); 1-hidden layer (20 neurons); and 10-types of 

training algorithms. The index adopted to evaluate the 

forecast error is the Mean Square Relative Error, 

(MSRE), defined as follows: 

����� � 1
�	
 ���� � ���

��� �
�
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Where for each time instant t, δ denotes the forecast, σ is 

the photovoltaic production measured and N is the 

cardinality of the forecasts (that is, � � #� � 24��).  
For each PV-prod estimator ��, each trained ANN is 

simulated with respect to the input data of the test-day 

(D-Td), the result is ��
 !" � �#� � $� (with i=1..4; and 

j =1..80). The �����  associated to each network is 

computed through the measure of the photovoltaic 

production σσσσ (known). Among the different ANNs 

MSRE indexes computed it is possible to set an 

increasing ordering.  

����� � % �����
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The network which shows the minimal error, in the test 

day, should also also provides the best estimation 

associated to the Test-Day. This network is adopted to 

estimate the day-ahead forecast PV-prod. It often happens 

that, a posteriori, the best network to estimate the PV-

prod could be another one. In order to get the best 

estimator the model, for each estimator ��: 
1) identifies the best ANN with respect to the testing 

day data (D-Td), ANN-j; 

2) Defines the set of best ANN from the assessment of 

the previous m-days: for each day where the ANN-j 

results in the first 5-positions select the best network 

ANN-z; if this set is empty put ANN-j; 

Select in the ANN-z-set the network which shows the 

minimum error. 

 

SOME EXPERIMENTAL RESULTS 

The estimator as defined in the previous section is 

running on the RSE Test Facility of distributed 

generation from October 2018. Currently, there are about 

three months data according to it is possible to compute a 

statistics of the performance of the different. Here are 

reported the performances gained from the four 

estimators for two days: November 5
th

 and December 

22
nd

 2018. 

In each graph, the blue line identifies the PV production 

forecast provided by a specific estimator, and the yellow 

line identifies the PV production measure. 

• November 5
th

, 2018 

 
Figure 3a – PV prod. Estimator: from GTI and TMod 

(MSRE=464.5) 

 
Figure 3b – PV prod. Estimator: from GTI (MSRE=2.2x10(e)39) 

 
Figure 3c – PV prod. Estimator: from ALL (MSRE=4.9x10(e)12) 

 
Figure 3d – PV prod. Estimator: from GHI (MSRE=5.6x10(e)10) 

From the analysis of the results of the MSRE computed 

for the estimators in November 5
th

 results that the best 

estimation is that performed by ANN(GTI,TMod).  

• December 22
th

, 2018 

 
Figure 4a – PV prod. Estimator: from GTI and TMod 

(MSRE=6.210(e)46) 

 
Figure 4b – PV prod. Estimator: from GTI 

(MSRE=3.6x10(e)15) 

 
Figure 4c – PV prod. Estimator: from ALL 

(MSRE=3.09x10(e)18) 
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Figure 4d – PV prod. Estimator: from GHI 

(MSRE=3.6x10(e)32) 

From the analysis of the results of the MSRE computed 

for the estimators in December 22
nd

 results that the best 

estimation is that performed by ANN(GTI). 

The results shown illustrate the relevance to provide 

different weather variables to better tune the estimation 

with the effective weather conditions measured.  
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CONCLUSIONS 

The paper proposes an algorithm to estimate the day-

ahead PV production. This algorithm is based on a 

collection of artificial neural networks. The estimator 

defined, although, is very simple, but proposes a number 

of different estimation alternatives based on different 

concepts: several structure of the ANN adopted, and 

several weather variables. It requires the monitoring of a 

few weather variables on the plant, and afterward it 

ensure its adaptability as it is daily redesigned and 

evaluated. The paper proposed the performance of the 

algorithm during a couple of days during 2018. The next 

steps identified consist to provide a sufficient statistics to 

apply specific analysis and verify possible improvements 

including other weather variables, atmospheric variables 

(e.g., cloud coverage or aerosol pollution). 
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