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Abstract 

The constant investment growth in renewable energies by electric companies has raised a prominent 

issue about their integration in the electric grid. Particularly in wind power, since the wind has a high 

volatility and the respective energy produced cannot be stored in a large-scale due to its excessive 

costs, it is important to be able to forecast wind power generation accurately. This allows to know in 

advance an accurate estimate of the energy that will be produced for the near future creating a positive 

economic impact on the Distribution System Operator (DSO). 

The aim of this thesis is to perform one hour ahead wind power forecasts by applying artificial 

intelligence methods, such as Artificial Neural Networks (ANN), Adaptive Neural Fuzzy Inference 

System (ANFIS) and Radial Basis Function Network (RBFN), and then find out which one gives the best 

performance. The persistence method is also employed since it is a simple method typically used for 

comparisons purposes.  

The abovementioned methods, their architectures and the respective learning algorithms are 

presented. Then, the best architecture of each method is found out by optimizing it by season. 

Afterwards, the methods are trained and tested using real wind power data from 2010 to 2014. 

Additionally, to improve the forecast results and avoid the overfitting problem a cross-validation 

technique is applied. Finally, conclusions are drawn basing on the test results and comparisons of the 

forecasting performances among the methods and seasons are made.  

 

 

Keywords: Wind Power Forecast, Artificial Neural Network, Adaptive Neural Fuzzy Inference 

System, Radial Basis Function Network, Distribution System Operator, Cross-validation. 
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Resumo 

O constante crescimento no investimento por parte das empresas do sector energético nas energias 

renováveis tem originado alguns problemas na integração destas na rede elétrica. Mais precisamente 

na geração eólica, uma vez que o vento tem uma elevada volatilidade e que a energia produzida a 

partir dele não pode ser armazenada em larga escala devido aos elevados custos, é importante ter a 

capacidade de prever a geração eólica com precisão. Isto permite conhecer antecipadamente uma 

estimativa precisa da energia que será produzida num futuro próximo criando um impacto económico 

positivo nas Operadoras de Sistemas de Distribuição (DSO). 

O objetivo deste trabalho é, portanto, realizar previsões da potência eólica gerada com uma hora de 

intervalo aplicando métodos de inteligência artificial, como a Rede Neuronal Artificial (ANN), o Sistema 

Adaptativo Neuronal de Inferência Difusa (ANFIS) e a Rede com Base em Função Radial (RBFN), para 

descobrir qual deles obtém melhor performance. Além disso, o método da persistência é também 

aplicado, um método simples que é normalmente usado para comparar com outros métodos.  

As arquiteturas e os algoritmos de treino dos métodos acima mencionados são apresentados. De 

seguida a arquitetura de cada método é determinada otimizando-as por estação de ano, para depois 

cada método poder ser treinado e testado com dados da potência eólica gerada de 5 anos (2010 – 

2014). Além disso, para melhorar os resultados de previsão e evitar o problema do overfitting é utilizada 

uma técnica de validação-cruzada. Por fim, são retiradas conclusões com base na comparação das 

performances dos métodos. 

 

 

Palavras-chave: Previsão da potência eólica, Redes Neuronais Artificiais, Sist. Neuro Adaptativo 

Inferência Difusa, Rede com base em função radial, Operador de Sistemas de Distribuição, Validação 

cruzada. 
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1 Introduction 

1.1 Motivation and Objectives 

The constant investment growth by the electric companies in renewable energies has raised a critical 

issue regarding their integration in the electric grid. Moreover, that investment has originated an 

increasing dependency in renewable energies, which at first sight could mean a huge advantage since 

the use of fossil energies is being reduced. On the one hand, that is completely true but, on the other 

hand, there may be some disadvantages especially if the wind and/or solar energy have a significant 

level of penetration in electric grid. Since the wind and the sun are volatile, it is imperative to have future 

estimations of the power produced by those elements of nature.  

Therefore, this thesis addresses the important process that is nowadays a part of the daily activities 

in many electric companies – the forecast process. In this work, we will turn our attentions only to the 

wind power forecast methods.  

As previously said, wind is instable and hard to forecast. That happens because the wind is a result 

of many complex interactions between large scale forcing mechanisms such as pressure and 

temperature differences, the rotation of the earth, and local characteristics of the surface [1]. However, 

the wind is also one of the cleanest, sustainable and abundant sources of energy in the entire world.  

To predict wind power generation, there are many techniques available that have been developed 

over time. One of them consists in the prediction of the wind speed to then predict the wind power 

generated through a turbine power curve, which can be seen in Figure 1. This could lead to huge errors 

in the wind power predictions since the relationship between wind speed and the wind power is highly 

nonlinear. This means that the wind power generated is very sensitive to the wind speed, so a minor 

change in the latest could induce a considerable change in the wind power generated. Moreover, if an 

entire wind farm is considered, that relationship becomes much more complex because each turbine 

seeks to produce the optimal power output and the operation conditions (wind speed, wind direction) 

may not be the same for all of them [2]. 

Figure 1 – Typical wind turbine power curve 
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Predicting the wind power generation with the wind speed could be included in the Numerical 

Weather Prediction (NWP) methods, where the input variables are usually physical variables of 

meteorological information such as the roughness of the terrain, temperature, pressure and wind speed. 

Due to their complexity, the NWP methods are usually run on super computers [3]. Because of that, 

despite of their accurate results, this kind of methods for short-term predictions are not often used since 

they have high execution times. Instead, they are used for long-term predictions (larger than 6 hours 

ahead [4]) where their performances are often satisfactory.   

Therefore, for short-term predictions other kind of methods are required. The statistical model is one 

of them, which uses historical data (wind power data) to tune its parameters. Examples of statistical 

methods are the Auto-Regressive Moving Average (ARMA) and Auto-Regressive Integrated Moving 

Average (ARIMA). The statistical methods have produced reliable results for short-term forecasting [2]. 

On contrary, for long-term predictions, as the time horizon increases their accuracy starts to decrease. 

Despite their good performances, the statistical methods have become increasingly unappealing due to 

the arising and development of another category of forecasting methods – soft computing methods.  

The soft computing methods have the main advantage of dealing with nonlinear problems and data 

more effectively than the previously mentioned ones and hence achieving a better performance and 

results. It was that main advantage that caught the researchers’ attention for solving wind power forecast 

problems. In this category of Artificial Intelligence (AI) methods, we can find methods based on Artificial 

Neural Networks (ANN), data mining, fuzzy logic and evolutionary computation. Among them, the ANNs 

have been widely and successfully used in several forecasting applications. It has become the reference 

method within the AI ones and it hasn’t only the purpose of making accurate predictions, it is also used 

as a basis for comparison with other more advanced and complex AI methods. 

Furthermore, there are other methods that were created based on the ANNs that can be also used 

in prediction problems. One example is the Radial Basis Function Network (RBFN) method, which is a 

particular case of an ANN with a similar architecture but also with a totally different way of training 

process. 

Another way of making wind power accurate predictions, which has become rather popular, is using 

the combination of two or more methods. This kind of methods are called hybrid methods, and the main 

goal is to benefit from the advantages of each individual method to then obtain a globally optimal 

forecasting performance [4]. Usually, in terms of performance, the hybrid methods present better results 

than if only a single method was used. For wind power forecasting problems, that combination can go 

from a combination of physical models, like NWP methods, and statistical or AI methods to a 

combination of several AI methods. A popular example of a hybrid method is the Adaptive Neuro Fuzzy 

Inference System (ANFIS), which combines the ANNs with fuzzy logic.  

Using one or other forecast techniques, what really matters is the achievement of reliable and 

accurate results. That is the perspective of energy companies whose core activity is the production, 

distribution and/or transmission of electric energy and that have an active role in the electricity market 

since the wind power forecast results have somehow an influence in their financial activities. 
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One of the biggest Portuguese energy companies is EDP (Energias de Portugal) group. The activities 

of EDP group are mainly centred on production (EDP Produção) and distribution of electric energy (EDP 

Distribuição) and also on electricity market (EDP Comercial). In the perspective of a Distribution System 

Operator (DSO), such as EDP Distribuição, wind forecast activities are crucial since they allow to have 

a more efficient management of the electric grid. A DSO has the duty to guarantee the reliability of the 

electric grid ensuring the supply of electric energy to all the costumers complying with the legal 

requirements and high standards of quality. Therefore, for an electric grid with high penetration of wind 

energy, a bad wind power forecast can originate a negative impact on its reliability. 

However, it is not only the electric grid that is affected but also the electric energy market. In the 

market, the wind power producers have to make wind power predictions for a specific period of time. 

They must provide a generation schedule for a considered time horizon [5] where any deviation from 

this schedule could impose some undesirable penalties for them. To minimize those penalties, an 

accurate wind power forecast is required. 

Another reason for obtaining accurate wind power predictions is to minimize the operation costs of 

the power plants, as thermal, hydro and gas power plants. In these power plants, the start-up and the 

shut-down costs of a unit are considerable and the ramp times for some could be large, in order of 

hours. Thus, knowing the power produced by other sources of energy, like wind and PV, is crucial in 

order to allow an optimal unit commitment and economic dispatch. 

Therefore, the proposed goals for this thesis are the following: 

 To exploit some AI methods full potential on wind power forecasting tasks, more specifically 

the ANN, ANFIS and RBFN methods. 

 To implement the proposed methods, by first optimizing their architectures adapting them to 

the nature of the problem and then perform 1-hour-ahead wind power forecasts. 

 To draw conclusions about their performances based on the results obtained. 

 To identify the most accurate method, the one that produced the best forecast results and 

better suited to this kind of problems. 

1.2 State of the art 

The wind speed and power forecasting theme has been subject to an increasing interest by the 

researchers resulting in the publication of several papers and studies regarding this topic over the last 

few years. The following paragraphs present a review of the existing work on wind speed and power 

forecasting techniques in an overall perspective. 

In [4] and [5], literature reviews for wind speed and power forecasts are made. In both articles, the 

authors give an overview of the available wind speed and power forecasting techniques, where they 

catalog them into some types of forecasting techniques: Persistence models, Numeric Weather 

Prediction (NWP) methods, Statistical and Artificial Neural Networks (ANN) methods and Hybrid 

methods or combined approaches. Additionally, in [5], the performance criteria of the forecasting 

methods are discussed by presenting some performance criterion such as the Mean Absolute Error 
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(MAE), Mean Absolute Percentage Error (MAPE) and the Root Mean Square Error (RMSE) and giving 

an example of performance comparison between wind power predictions models. Also, the authors 

emphasized the importance of evaluating the performance of the models with a proper evaluation 

criterion for the most critical situations (unexpected changes) concluding that “the best way to get a 

feeling for the quality of the forecasts is the visual inspection of the data”. 

In [1], a comparison of several forecasting methods applied to mean hourly wind speed time series 

is presented. Statistical methods, like Auto-Regressive (AR) and ARIMA, and AI methods, such as ANN 

– Backpropagation (ANN-BP), ANN - Levenberg Marquardt (ANN-LM), RBFN, Elman recurrent network 

(ELM), ANFIS and Neural Logic Network (NLN), are compared among each other in terms of 

performance and convergence time (CT). The results, which are presented in percentage of 

improvement relative to the persistence method performance (RMSE of 1.2587 m/s), allowed to draw 

important conclusions about the forecasting performances of these two kinds of methods. It’s clear that 

the improvement of the performances is higher for the AI methods (ANN-BP with 3.78 %; ANN-LM with 

4.67 %; RBFN with 3.70 %; ELM with 2.67 %; ANFIS with 4.17 %; NLN with 4.89 %) than for the 

statistical ones (AR with 1.62 %; ARIMA 2.25 %). In contrast, the CTs for the statistical methods are 

practically null whereas for the AI ones range from 5, for ANN-LM, to 532 seconds, for ANN-BP. Besides 

that, this paper also provides a useful way of choosing the number of the input variables by computing 

the partial autocorrelation coefficients (PAC). 

Another comparison study applied to short-term wind speed forecasting can be found in [2]. In this 

work, the authors present AI techniques, such as ANN-BP, RBFN and ANFIS, that are combined with 

another technique called Similar Days (SD) method creating the hybrid methods ANN-BP+SD, 

RBFN+SD and ANFIS+SD. The SD method consists of considering historical weather information 

corresponding to the forecasting day in order to determine similar wind speed days for processing. The 

previous 45 days from the day before of the forecast day and the 45 days before and after the same 

forecast day, but in the previous year, are considered. Then, since SD method is performed with hourly 

data points (total of 3240 hourly data points), 100 hourly data points with the most similar weather 

conditions are selected to produce the SD forecast, which is used as an input of the AI methods. In 

general, the forecasting performance results for all hybrid methods are better than if only one method 

were used. For example, considering the 1-hour-ahead wind speed forecasting results, in the winter 

season the MAPEs for the persistence method, SD method, ANN-BP, RBFN, ANFIS, ANN-BP+SD, 

RBFN+SD and ANFIS+SD are 13.23 %, 14.82 %, 13.88 %, 13.67 %, 12.85 %, 8.89 %, 8.67 % and 7.65 

%, respectively. By looking at this example, it is evident the advantages of using hybrid algorithms, 

where MAPEs below 10 % can be easily obtained. Yet, the method that yielded, on the overall, the 

highest accuracy was the AFNIS+SD. 

In [3], a hybrid method combining Wavelet Transform (WT), Particle Swarm Optimization (PSO) and 

an ANFIS (WPA method) is proposed for short-term wind power forecasting. In this work, 3-hour ahead 

wind power predictions with a time-step of 15 min are performed for four different days corresponding 

to the four different seasons of the year. The results validate the highest accuracy of this hybrid method 

compared with other ones. To support the last statement, the average MAPEs of some methods used 
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as means of comparison are 19.05 % for Persistence method, 10.34 % for ARIMA, 7.26 % for ANN, 

6.64 % for Neuro Fuzzy Network (NF) and 4.98 % for the proposed method. These results confirm the 

main conclusions already drawn that, in general, the hybrid methods achieve better performances and 

the AI methods overcome the statistical ones. 

Another approach proposed by Pourmousavi and Ardehali [6] is a combination of ANN and Markov 

Chains (MC), called ANN-MC model. The goal in this study is to capture the long-term trends in wind 

speed data applying the MC approach and the short-term patterns through the use of ANN, to then 

perform very short-term wind speed predictions with very small time-steps, in order of seconds (the wind 

data used have a resolution of 2.5 seconds). The results demonstrated that for one-step ahead 

prediction the proposed model had a MAPE of 3.14 % whereas for the ANN the MAPE was 3.68 %. This 

configures an improvement of the forecast accuracy of 14.62 %. Through this study it is also possible 

to draw interesting conclusions about the performances of the methods concerning the time-horizons 

and the time-steps. In fact, the performances tend to get worse as the time horizon of prediction 

increases for the same time-step (MAPE of 3.14 % for one-step ahead and MAPE of 8.03 % for two-

steps ahead for the proposed model). Besides that, the overall performance of the methods improve as 

the time-step decreases. This can be observed if this work is compared with [2], since both are related 

to wind speed forecasting. As mentioned before the MAPE for ANN in [2] for a time-step of 1 hour was 

13.23 % which is much higher than the MAPE for a time-step of 2.5 seconds (3.14 %).  

 

1.3 Structure of the thesis 

This thesis is organized as follows: 

 In Chapter 2, the theory behind the chosen forecasting methods is presented. The 

forecasting methods detailed in this chapter are the Persistence method (Section 2.1), the 

Artificial Neural Network (ANN) (Section 2.2) trained with the Levenberg-Marquardt (LM) 

algorithm, the Adaptive Neural Fuzzy Inference System (ANFIS) (Section 2.3) trained with a 

hybrid algorithm, and finally, the Radial Basis Function Network (RBFN) (Section 2.4), where 

three learning approaches are presented. 

 In Chapter 3, all the implementation processes, namely the data sets used, the data 

preprocessing and how the network parameters for the AI methods were determined, are 

detailed. Wind power data from 2010 to 2014 were used.  

 In Chapter 4, the forecasting results are presented by method and by season in numerical 

and graphical ways to then be discussed by comparing performances among them.  

 Finally, in Chapter 5, conclusions are drawn and some work to be done in the future is 

detailed. 
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(1) 

(2) 

2 Methods 

In this chapter, all the proposed methods will be presented, more exactly, their architectures and 

learning algorithms.  Starting with the simplest one, Persistence Method, followed by the ANN and 

ANFIS methods, and ending with the RBFN method. 

2.1 Persistence Method 

Among the four methods to be employed, the persistence method is the simplest one. It is the easiest 

way of producing relatively accurate forecasts with an execution time close to zero (practically 

instantaneous). Due to its simplicity, this method is quite used in time-series prediction problems mostly 

as a means of comparison among the other approaches [1]. Furthermore, it is proved that this method 

produces accurate predictions for short-term predictions. However, the accuracy of the method starts to 

decrease as the time scale of prediction increases [4]. This method assumes that the wind power 

forecast at time t + k is equal to the real wind power measured at time t (eq. 1). 

𝑝𝑓𝑜𝑟𝑒(𝑡 + 𝑘) = 𝑝𝑟𝑒𝑎𝑙(𝑡) 

where k is the forecast horizon. Since one-hour-ahead forecasts are to be performed, the value of k is 

equal to 1 and t is expressed in hours. 

2.2 Artificial Neural Network 

2.2.1 Introduction 

The Artificial Neural Network (ANN) is an artificial intelligence method which allows to simulate the 

human reasoning process through the creation of a network composed of several processing units, 

called neurons, bound together by connections with a weight associated. That network is then trained 

by a learning algorithm, where, in the case of supervised learning, pairs of data (input, target) are 

presented to the network to update and optimize the weights through an iterative process that minimizes 

a predefined error function [7]. 

The first concept of ANNs emerged in 1943 by McCulloch and Pitts [8]. These two men, from distinct 

fields of study (neurophysiology and mathematics, respectively), came together and introduced the first 

neuron model by making some analogies with the human nervous system. They described a neuron as 

a cell that receives a weighted sum of inputs to then produce a binary output, y, according to a specific 

threshold, T, of the neuron [9] (Figure 2). The model in Figure 2 can be expressed by  

𝑦(𝑠) = 𝑦 (∑ 𝑤𝑖𝑥𝑖
𝑛

𝑖=1
) = {

0 𝑖𝑓 𝑠 < 𝑇
1 𝑖𝑓 𝑠 > 𝑇

 , 

where 𝑥𝑖 and 𝑤𝑖 are the inputs and the weights, respectively. In this model, the inputs can be silent, if 

x=0, or active, if x=1, and the weights take values of 1 or -1.  

Later in 1958, the previous McCulloch and Pitts’s work was reinforced by Rosenblatt who created the 

single perceptron (Figure 3), which was a binary classifier. The main difference in relation to the previous 
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(3) 

model is that the threshold was eliminated by setting it to 0 and it was added an extra input which is 

called bias. Therefore, the Rosenblatt model can be expressed by    

𝑦(𝑠) = 𝑦 (∑ 𝑤𝑖𝑥𝑖
𝑛

𝑖=1
+ 𝑤0𝑥0) = {

0 𝑖𝑓 𝑠 < 0
1 𝑖𝑓 𝑠 > 0

 

where 𝑥0 = 1. 

 

 

 

 

 

However, a few years later, some researchers pointed out limitations considering this model, namely 

the inability to solve the XOR problem since the data in the input space, in this kind of problems, is non-

separable. This led to a period of stagnation in the development of this field in the 1970s. It was in that 

decade (1974) though, that the so famous backpropagation algorithm, still used in the learning process 

of ANNs nowadays, was invented by Werbos. However, at that time, the Werbos’ work did not have the 

deserved attention that it should. 

In the beginning of the 1980s, followed by the advance of technology, there was a renewed interest 

in the ANNs field which has not stopped until today. More precisely, from the moment that the 

backpropagation algorithm was rediscovered, in 1986, that the ANNs have been increasingly exploited 

for solving every kind of problems producing an important and significant progress in this field.  

The ANNs, due to their easy implementation and assurance of reliable results with high accuracy 

rates, have become a very attractive tool to solve time-series prediction problems. In fact, the ANNs 

have been used to solve forecasting problems, such as wind power prediction [10], wind speed 

prediction [1], and also used as a means of comparison with other complex artificial intelligence methods 

[1], [3].  

In the following sub-sections, the architecture of ANNs is first detailed and then the learning algorithm 

is presented. 

 

Activation Function 

Figure 2 – McCulloch and Pitts’ neuron model 

Activation Function 

Figure 3 – Rosenblatt Perceptron 
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(4) 

2.2.2 Architecture 

An architecture example of an ANN is illustrated in Figure 4. This ANN is a Multilayer Perceptron 

(MLP), which is a feed-forward neural network where its learning phase is performed by a supervised 

algorithm already mentioned in the previous subsection (Backpropagation), and its structure is 

composed of one input layer, L hidden layers and one output layer all linked by unidirectional weighted 

connections. 

 

 

 

 

 

 

 

 

 

 

The input layer is where a vector of external data (inputs) 𝒊 = [𝑖1, … , 𝑖𝑛] is presented to the network. 

The output layer is composed of p neurons and it is where the network outputs are obtained 𝒐 =

[𝑜, … , 𝑜𝑝]. Between the input and the output layers it can be found one or more hidden layers (from 1 to 

L) where each of them is composed of several neurons (from 1 to HL). The basic structure of a MLP 

neuron, represented by a circle in Figure 4, is detailed in Figure 5. 

 

 

 

 

 

 

The MLP neuron output is given by 

𝑦 = 𝑓(𝑠) = 𝑓 (∑ 𝑤𝑖𝑥𝑖
𝑛

𝑖=1
+ 𝑤0𝑥0) . 

… 

… 

… 

Output Layer Input Layer Hidden Layers 

𝑖1 

𝑖𝑛 

𝑜1 

𝑜𝑝 

1st hidden layer Lth hidden layer 

𝑁(1,𝐻1) 

𝑁(1,1) 

𝑁(1,2) 

𝑁(𝐿,𝐻𝐿) 

𝑁(𝐿,1) 

𝑁(𝐿,2) 

𝑁(𝑜,1) 

𝑁(𝑜,𝑝) 

Figure 4 – ANN’s architecture: MLP 

Activation Function 

𝑓 

Figure 5 – MLP unit 
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(5) 

(6) 

(7) 

As we can see, the MLP neuron is quite similar to the Rosenblatt perceptron. The neuron receives a 

weighted sum of inputs that passes through a transfer function, called activation function, to then 

produce an output, y. The main difference between the Rosenblatt perceptron and the MLP neuron lies 

in the activation function. Whereas in the first one the activation function, 𝑓, is the Heaviside function, in 

the MLP unit it can be either a linear or a non-linear differentiable function. The linear activation functions 

are usually used in the units of the output layer when we are in the presence of a regression problem. 

For other kind of problems, like patter recognition problems, the sigmoid function is preferred for all 

network units [11]. 

The most common non-linear activation function used is the sigmoid function. In general, this kind of 

functions are monotonic, differentiable and range from 0 to 1, or from -1 to 1. The sigmoid function can 

be expressed by several functions (eq. 5 and 6), whose most common ones are the logistic sigmoid 

function, or log-sigmoid (Figure 6 a)), followed by the hyperbolic tangent (tanh-sigmoid) function (Figure 

6 b)).  

log − Sigmoide:                       𝑓(𝑠) =
1

1 + 𝑒−𝑠
 , 

tanh − Sigmoide:                    𝑓(𝑠) =
𝑒𝑠 − 𝑒−𝑠

𝑒𝑠 + 𝑒−𝑠
= tanh(𝑠) , 

Regarding the linear activation functions, the one that is the most used is the following (Figure 6 c)). 

linear:                                         𝑓(𝑠) = 𝑠 . 

 

 

 

 

 

 

 

2.2.3 Levenberg-Marquardt Algorithm 

The Levenberg-Marquardt (LM) algorithm, which was first described by Marquardt in [12], is a 

supervised algorithm that is often chosen for training ANNs since it is one of the fastest backpropagation 

algorithms.  

The LM algorithm is used to solve nonlinear problems by minimizing a given function (error function) 

and combining the characteristics of the gradient descent and Gauss-Newton methods. Whereas the 

gradient descent has a slow convergence and it isn’t sensitive to the starting location, the Gauss-Newton 

method is completely the opposite, having a fast convergence and being sensitive to the starting 

a) b) c) 

Figure 6 – a) Log-Sigmoid Activation Function; b) Tanh-Sigmoid Activation Function; c) Linear Activation Function 
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(8) 

(9) 

(10) 

(11) 

(12) 

(13) 

(14) 

(15) 

location. However, in the Gauss-Newton, the convergence of the method could be slower or even don’t 

converge at all if the starting location is far from the minimum location. Therefore, the combination of 

these two methods allows compensating the disadvantages of one with the advantages of the other. 

Let’s consider the error function to minimize the Sum of Squared Errors (SSE) (eq. 8),  

𝑆𝑆𝐸 = 𝑓(𝑤) =
1

2
‖𝑒(𝑤)‖2 =

1

2
∑∑𝑒𝑚,𝑝

2 (𝑤)

𝑃

𝑝=1

𝑀

𝑚=1

=
1

2
∑∑(𝑜𝑚,𝑝(𝑤) − 𝑑𝑚,𝑝)

2
𝑃

𝑝=1

𝑀

𝑚=1

 , 

where M is total number of patterns; P is the number of outputs; 𝑜𝑚,𝑝 is the observed value p for the mth 

pattern; 𝑑𝑚,𝑝 is the desired output p for the mth pattern; 𝑤 is a vector with all the weights and biases with 

dimension (1 x R).  

In the gradient descent, considering only one output (P=1), the weights and the biases are updated 

by the following expression 

𝑤𝑘+1 = 𝑤𝑘 − 𝜇 ∇𝑓(𝑤𝑘) , 

where 𝜇 is the learning rate; ∇𝑓(𝑤) is the gradient of 𝑓(𝑤), which is given by 

∇𝑓(𝑤) = 𝐽(𝑤) 𝑒(𝑤) , 

where 𝐽(𝑤) is the Jacobian matrix given by 

𝐽(𝑤) =
𝜕𝑒𝑚
𝜕𝑤𝑗

 , 

for 1 < m < M and 1 < j < R. 

In the Gauss-Newton method, the second derivatives are used. However, there is no need to 

compute the Hessian matrix, 𝐻. Instead, the Hessian matrix is approximated by the eq. 14. Therefore, 

the updating expression is obtained by solving the equation ∇𝑓(𝑤) = 0. In this way, the gradient ∇𝑓(𝑤) 

is expanded using the Taylor series around a current state 𝑤0 (eq. 12) (the higher order terms are 

neglected).  

∇𝑓(𝑤) = ∇𝑓(𝑤0) + (𝑤 − 𝑤0)
𝑇 ∇2𝑓(𝑤0) = 0 . 

By replacing 𝑤 by 𝑤𝑘+1 and 𝑤0 by 𝑤𝑘, we get 

𝑤𝑘+1 = 𝑤𝑘 − (∇2𝑓(𝑤𝑘))
−1
 ∇𝑓(𝑤𝑘) = 𝑤𝑘 − (𝐻)−1 ∇𝑓(𝑤𝑘) , 

where ∇2𝑓(𝑤𝑘) is the Hessian matrix, 𝐻, approximated by eq. 14. 

𝐻 = 𝐽𝑇𝐽 . 

Levenberg proposed an algorithm which uses both methods where the updating of the weights and 

biases is performed as described in eq. 15.  

𝑤𝑘+1 = 𝑤𝑘 − (𝐻 + 𝜇𝐼)−1 𝐽(𝑤𝑘) 𝑒(𝑤𝑘) , 
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where 𝐼 is the identity matrix. 

In this algorithm, the value of the learning rate 𝜇 has a key role in the optimization process. For a 

starting point, since the initial weights and biases are far from the minimum solution, the value of 𝜇 

should be large enough to allow the LM algorithm behave as if the gradient descent method has been 

applied because it isn’t as sensitive to the starting location as the Gauss-Newton method is. As the error 

function and the corresponding weights and biases approach to the minimum solution, 𝜇 should 

decrease, iteration by iteration, in order to make the LM algorithm behave more like the Gauss-Newton 

method [13].  

Therefore, the LM algorithm could be described by the following pseudo-code: 

1) Initialize randomly the weights and biases, 𝑤. 

2) Compute the initial value of the error function, 𝑆𝑆𝐸 (eq. 8).  

3) Compute the Jacobian, 𝐽, and the Hessian, 𝐻, matrixes (eq. 11 and eq. 14, respectively)  

4) Update 𝑤 (eq. 15).  

5) Compute the error function again, 𝑆𝑆𝐸 (eq. 8).  

a) If the 𝑆𝑆𝐸 increased the weights and biases calculated in 4) are thrown out and the 

learning rate, 𝜇, increases by a factor of 𝛽𝑢𝑝. Then return to 4) 

b) If the 𝑆𝑆𝐸 decreased the weights and biases calculated in 4) are stored and the 

learning rate, 𝜇, decreases by a factor of 𝛽𝑑𝑜𝑤𝑛. Then return to 3) 

6) The algorithm ends if the stopping criteria is reached. 

In this algorithm, the stopping criteria could be either if the value of the error function respecting to 

the validation set is higher than the minimum value of the error function achieved throughout the learning 

process, for the same set, for 6 consecutive epochs or if the value of the error function has been reduced 

to a threshold, called error goal. This process is performed by the neural network toolbox of MATLAB. 
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(16) 

(17) 

2.3 Adaptive Neural Fuzzy Inference System  

2.3.1 Introduction 

The ANFIS method was proposed by Jang [14], in 1993. He combined an ANN with a fuzzy inference 

system (FIS) highlighting that with that combination it is possible to create a set of fuzzy if-then rules 

with appropriate membership functions (MF) to achieve the desired input-output mapping [14].  

This approach was proposed mostly because when only a FIS is employed the hardest thing to do 

is to adjust the parameters of the MFs and setting the fuzzy rules. This requires a very good knowledge 

of the data a priori, which can be sometimes difficult to achieve. By combining a FIS with an ANN, 

creating the ANFIS, those problems vanish. The ANN is essentially used to tune the MFs by optimizing 

the parameters and create the set of fuzzy rules. 

This method has been widely and successfully used in pattern recognition, classification and time 

series prediction problems [15]. In this thesis, the ANFIS method is employed to solve a time-series 

prediction problem. Wind power forecasting [3], [16], [17], wind speed forecasting [2] and photovoltaic 

power forecasting [18] are some examples of prediction problems solved by this method with reliable 

results. 

But first, to better understand how ANFIS works it is necessary to have some basic concepts about 

fuzzy logic, FIS and adaptive networks, which are going to be enunciated in the following sections. Then 

the architecture of the ANFIS and the algorithms beyond the method are presented. 

2.3.2 Fuzzy Logic – basic concepts 

For a better understanding of the basic concepts of fuzzy logic, a simple example is presented: a 

person’s height. 

 Considering 𝑥 = "height (m)" and C = “tall person”, in a classical approach it is said that a person is 

tall, for example, if 𝑥 ≥ 1,80 𝑚. This means that there is a set of values (classical set) in which a person 

is considered tall, and it is defined by 

𝐶 = { 𝑥 | 𝑥 ≥ 1,80 } . 

If for a height of 1,8001 m a person is considered as tall, for a height of 1,7999 m it would be expected 

the same judgment in a common-sense way. However, for classical sets, characterized by crisp 

boundaries, this doesn’t happen and the person is considered not tall.  

Unlike the classical set, a fuzzy set doesn’t have a crisp boundary. They are characterized by the 

smoothness of the transition between to belong or not to belong to a set. That transition is achieved by 

using a function, usually named as membership function (MF).  

Therefore, a fuzzy set is defined as set of ordered pairs (eq. 17)  

𝐶 = { (𝑥, 𝜇𝐶(𝑥)) | 𝑥 ∈ 𝑋 } , 

where 𝜇𝐶(𝑥) is the MF of the fuzzy set C. It can take values between 0 and 1. 
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(18) 

(19) 

(20) 

(21) 

The MFs may be defined by several functions. The most common to use are the triangular MF (eq. 18), 

trapezoidal MF (eq. 19), gaussian MF (eq. 20) and the Generalized bell MF (eq. 21), which is bell-

shaped. 

𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒(𝑥, 𝑎, 𝑏, 𝑐) =  

{
 
 

 
 

0       𝑥 ≤ 𝑎
𝑥 − 𝑎

𝑏 − 𝑎
      𝑎 < 𝑥 ≤ 𝑏

𝑐 − 𝑥

𝑐 − 𝑏
      𝑏 < 𝑥 ≤ 𝑐

0       𝑐 ≤ 𝑥

 , 

𝑡𝑟𝑎𝑝𝑒𝑧𝑜𝑖𝑑(𝑥, 𝑎, 𝑏, 𝑐, 𝑑) =  

{
  
 

  
 

0       𝑥 ≤ 𝑎
𝑥 − 𝑎

𝑏 − 𝑎
      𝑎 < 𝑥 ≤ 𝑏

1       𝑏 < 𝑥 ≤ 𝑐
𝑑 − 𝑥

𝑑 − 𝑐
      𝑐 < 𝑥 ≤ 𝑑

0       𝑑 < 𝑥

 , 

𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛 (𝑥, 𝑐, 𝜎) = 𝑒−
1
2
(
𝑥−𝑐
𝜎
)
2

 , 

𝑏𝑒𝑙𝑙 (𝑥, 𝑎, 𝑏, 𝑐) =
1

1 + |
𝑥 − 𝑐
𝑎

|
2𝑏       𝑏 > 0  . 

 Taking back the initial example, in Figures 7 (a) and 7 (b) it is possible to observe the main difference 

between a classic and a fuzzy set. If a fuzzy set is used instead of a classic one, the transition will be 

clearly smoother and then, in the example, a person with 1,7999 m of height will have a membership 

value to the set C much closer to 1 than 0, whereas in the classical set that “membership value” would 

be 0. For the fuzzy set represented in Figure 7 (b) is used the bell function: bell(x, 0.8, 3, 2.4). 

 

 

 

 

 

 

 

Furthermore, it is possible to create other fuzzy sets from the fuzzy set C, such as very tall, short, 

very short, neither tall nor short, and others. This can be done by performing some basic operations with 

the set (NOT, Concentration, Dilatation, OR, AND) which are represented in eq. 22-25. But first, it is 

necessary to have in mind other basic definitions. 

A linguistic variable, x, is characterized by (x, T(x), X, G, M) [19] where: 

 x is the variable’s name; 

x (m) x (m) 

M
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Figure 7 – a) Classical Set; b) Fuzzy Set 

a) b) 
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(22) 

(23) 

(24) 

(25) 

(26) 

 T(x) is a set composed of the linguistic labels; 

 X is the universe of discourse;  

 G is a syntactic rule which generates the linguistic labels in T(x); 

 M is a semantic rule which associates each linguistic label to its fuzzy set. 

Taking back the initial example, by applying the last enunciated concepts we have the following: the 

linguistic variable’s name is x = height; T(x) is given by T(height) = {short, not short, very short, extremely 

short, …, tall, not tall, very tall, extremely tall, neither short nor tall, … (other linguistic labels)}; X is the 

universe of continuous values given by X = [0, 2.40]. 

As we can see, the set T(height) is composed of some primary terms (short, tall) modified by the 

negation (not) and /or the intensifiers (very, more or less, extremely, …), and then linked by connectives 

(and, or, either, neither) [19].  

There are some operations (NOT, Concentration, Dilatation, OR, AND) that allow us to create a fuzzy 

set based on another one. Considering A the original fuzzy set characterized by its MF 𝜇𝐴(𝑥) and B 

another fuzzy set, we have:  

NOT(A) =  ∫[1 − 𝜇𝐴(𝑥)]

𝑥

 / 𝑥 , 

Ak = ∫[𝜇𝐴(𝑥)]
𝑘

𝑥

 / 𝑥      {
Concentrarion   if  k > 1
Dilatation            if  k < 1

, 

A AND B =  ∫[𝜇𝐴(𝑥) ∧  𝜇𝐵(𝑥)]

𝑥

 / 𝑥 ,  

A OR B =  ∫[𝜇𝐴(𝑥) ∨ 𝜇𝐵(𝑥)]

𝑥

 / 𝑥 . 

The integration sign doesn’t mean the mathematical operation of integration, but the union of the 

pairs (𝑥, 𝜇𝐴(𝑥)). Also, the sign “/” doesn’t imply division, it is only a marker. 

Now, let’s define other fuzzy sets C1, C2 and C3 characterized by their linguistic labels “very tall”, 

“more or less tall” and “neither tall nor short”, respectively, by performing some of those operations 

above described with the set C: 

 The set C1 has the linguistic label “very tall” which implies a concentration of the fuzzy set 

C.  

𝐶1 = 𝐶𝑜𝑛𝑐(𝐶) = C2 = ∫[𝜇𝑐(𝑥)]
2

𝑥

 / 𝑥 . 

 The set C2 has the linguistic label “more or less tall” which implies a dilatation of the fuzzy 

set C.  
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(27) 

(28) 

𝐶2 = 𝐷𝑖𝑙(𝐶) = C0.5 = ∫[𝜇𝑐(𝑥)]
0.5

𝑥

 / 𝑥 . 

 The set C3 has the linguistic label “neither tall nor short”. In here, there are 3 operations 

involved:  

𝐶3 = 𝑁𝑂𝑇(𝑁𝑂𝑇(𝐶) 𝑂𝑅 𝐶) = 𝐶 𝐴𝑁𝐷 𝑁𝑂𝑇(𝐶) , 

where NOT(C) stands for the linguistic label “short”, (NOT(C) OR C) for “tall or short”, and 

NOT(NOT(C) OR C) for “neither tall nor short” which is the same as C AND NOT(C). 

In Figure 8, it is possible to see the fuzzy sets above created and comparing them with the original 

one. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.3.3 Fuzzy Inference Systems  

A Fuzzy Inference System (FIS) has a basic structure with 5 functional blocks [14] (Figure 9): 

 a rule base containing a set of fuzzy if-then rules; 

 a database which stores the values of the parameters of the fuzzy sets’ MFs; 

 a decision-making unit which processes the inputs by performing inference operations on 

the rules; 

 a fuzzification interface which converts the crisp inputs into membership values for the 

corresponding fuzzy sets. 

 a defuzzification interface which converts the fuzzy results into a crisp output. 

 

 

Figure 8 – Operations with Fuzzy sets 
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(29) 

 

 

 

 

 

 

 

 

The inference operations upon fuzzy if-then rules of the FIS are performed as follows [14]: 

1) The input variables are compared with the MFs in order to obtain the membership value for 

each linguistic label (Fuzzification); 

2) The firing strength (weight) of each rule is computed; 

3) The consequences of each rule are generated depending on the firing strength; 

4) The consequences are aggregated to produce a crisp output. 

The FISs can be classified into 3 types in which differ in their consequences of the fuzzy rules and 

in the way how the defuzzification and aggregation processes are performed [14] (Figure 10): 

 Type 1 – Tsukamoto fuzzy model – the consequence of each rule is represented by a 

fuzzy set with a monotonous MF and the overall output is the weighted average of each 

rule’s output. Here the time consuming defuzzification process is avoided since the rules 

generate crisp outputs. 

 Type 2 – Mandani fuzzy model – the output of each rule is represented by a fuzzy set and 

it is equal to the minimum area of the output MF corresponding to the minimum of the firing 

strength in the premise part. The overall output is the maximum of the aggregation of each 

rule’s output. This is the most complex model among the 3. The defuzzification process is 

required because the overall output is a fuzzy set. Therefore, it is needed to extract a crisp 

output by performing some techniques as the centroid of area, bisector or area, mean of 

maxima, etc. 

 Type 3 – Takagi and Sugeno fuzzy model – the output of each rule is a linear combination 

of the input variables plus a constant (eq. 29) term and the overall output corresponds to the 

weighted average of each rule’s output. Here are used fuzzy if-then rules. 

Rule i:   𝐼𝐹 𝑥 𝑖𝑠 𝐴𝑖  𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵𝑖 , 𝑇𝐻𝐸𝑁  𝑓𝑖 = 𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖 , 

where i is the rule number; 𝑥 and 𝑦 are the inputs variables (FIS with 2 inputs);  𝑝𝑖, 𝑞𝑖, 𝑟𝑖 are 

the consequent parameters for the rule i; 𝑓𝑖 is the consequence or the output for the rule i. 

 

Figure 9 – Fuzzy Inference System [14] 
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In the ANFIS method, created by Jang, the FIS used is the type 3 – Takagi and Sugeno fuzzy model. 

2.3.4 Adaptive Networks 

An adaptive network is a network composed of a set of nodes and directional connections that link 

those nodes. Unlike the ANNs, those connections or links don’t have weights. To say that a network is 

and adaptive network, the most part of the nodes must be adaptive. This means that each node has its 

own parameters and that the output of each node depends only on its own parameters whose values 

change accordingly to the learning algorithm. 

In Figure 11 it is possible to observe the basic structure of an adaptive network, where the squared 

nodes represent the adaptive nodes and the circle nodes represent the fixed ones with any associated 

parameter. 

  

 

 

 

As a learning algorithm, the adaptive networks use the gradient descent method. However, this 

method can be sometimes slow and tend to become trapped in local minima. For that reason, Jang 

proposed a hybrid algorithm [14] which will be detailed further. 

2.3.5 Gradient Descent Method 

In adaptive networks, the gradient descent method is employed to update the parameters of each 

adaptive node. Considering an adaptive network with L layers, where the layer k has #(k) nodes, the 

Figure 10 – FIS types [14] 

Figure 11 – Adaptive network [14] 
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(30) 

(31) 

(32) 

(33) 

(34) 

(35) 

node i in the layer k is represented by (k,i) as well as the node function and the output node are 

represented by 𝑂𝑖
𝑘. As each output node depends on the inputs node and its own parameters, we have 

the following equation: 

𝑂𝑖
𝑘 = 𝑂𝑖

𝑘(𝑂1
𝑘−1, … , 𝑂#(𝑘−1)

𝑘−1 , 𝑎, 𝑏, 𝑐, … ), 

where (a,b,c,…) are the parameters of the node (k,i). 

Considering P as the total number of patterns, this is P pairs of (input, target), the total cost function 

(E) or error function is given by the Sum of Squared Errors (SSE) of each pair (Ep) 

𝐸 =∑𝐸𝑝

𝑃

𝑝=1

, 

𝐸𝑝 = ∑(𝐷𝑚,𝑝 − 𝑂𝑚,𝑝
𝐿 )

2

#(𝐿)

𝑚=1

, 

where #(L) is the total number of the outputs in the output layer (for example, in Figure 11 it would be 

#(L) = 2); 𝐷𝑚,𝑝 is the desired value of the node m in the output layer and 𝑂𝑚,𝑝
𝐿  is the observed value of 

the node m in the output layer, for the pair p (input, target)p with 1 < p < P. 

Considering 𝜶 a vector with the adaptive network parameters, 𝜶 is updated in following way [20]: 

𝜶𝑛+1 = 𝜶𝑛 − 𝜂(∇𝑬)𝑛, 

where (∇𝑬)𝑛 represents the gradient E relative to the vector 𝜶 at iteration n ((
𝝏𝑬

𝝏𝜶
)
𝑛

); 𝜂 is the step size 

parameter or the learning rate parameter. 

To compute (
𝝏𝑬

𝝏𝜶
), the chain rule is used. However, firstly we have to define which gradient descent 

method is used, whether the batch learning mode or the online learning mode (stochastic). If the batch 

mode is chosen, 𝜶 is adapted only after all P training patterns are considered. Therefore, the gradient 

of E takes the following form:  

∇𝑬 =
𝜕𝑬

𝜕𝜶
=∑

𝜕𝑬𝒑

𝜕𝜶

𝑃

𝑝=1

 

Alternatively, if the online mode is used, the parameters contained in 𝜶 are updated right after a pair 

(input, target) is presented to the network as a training pattern. Hence, the gradient of E takes the 

following form: 

∇𝑬 =
𝜕𝑬

𝜕𝜶
=  
𝜕𝑬𝒑

𝜕𝜶
 

One of the biggest differences between these two gradient method approaches lies in their speeds. 

When we are in the presence of a vast number of training data patterns, it is obvious that in batch mode 

the learning process is much slower than in the online mode because in the first one the gradients for 
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(36) 

(37) 

all training data patterns must be computed, whereas in the second one only one gradient for one 

particular training data pattern has to be computed making the online mode much faster than the batch 

mode. However, despite its greater speed, it needs more epochs to reach a solution with the same 

quality level as in the batch mode. 

In this way, considering the online learning mode and only one parameter of the adaptive network 𝛼𝑗 

(𝜶 = (𝛼1, … , 𝛼𝑗, … )), the gradient is then calculated:  

𝜕𝐸𝑝

𝜕𝛼𝑗
= ∑

𝜕𝐸𝑝

𝜕𝑂∗
𝑂∗𝜖 𝑆

𝜕𝑂∗

𝜕𝛼𝑗
, 

where S is the set of nodes whose outputs depend on 𝛼𝑗. 

The partial derivative of Ep as a function of the outputs of any node (k,i), also known as error rate, is 

computed by using the chain rule and it is given by:  

𝜕𝐸𝑝

𝜕𝑂𝑖,𝑝
𝑘 = ∑

𝜕𝐸𝑝

𝜕𝑂𝑚,𝑝
𝑘+1

#(𝑘+1)

𝑚=1

𝜕𝑂𝑚,𝑝
𝑘+1

𝜕𝑂𝑖,𝑝
𝑘 , 

where 1 ≤ 𝑘 ≤ 𝐿 − 1 e 1 ≤ 𝑖 ≤ #(𝑘). For the output layer, the error rate is easily obtained by deriving 

the eq. 32.  

𝜕𝐸𝑝

𝜕𝑂𝑖,𝑝
𝐿 = −2(𝐷𝑖,𝑝 − 𝑂𝑖,𝑝

𝐿 ). 

2.3.6 Architecture 

The ANFIS is a feedforward neural network and its architecture is composed of 5 layers. In Figure 

12 is represented the equivalent ANFIS architecture (type 3 ANFIS) with 2 inputs x and y, and 2 MFs 

for each input. 

 

 

 

 

 

 

The characteristics of each layer will be detailed below. To represent the output of the node i in the 

layer l it is used 𝑂𝑖
𝑙 as notation. 

2.3.6.1 Layer 1 

This layer is composed of adaptive nodes. It is known as fuzzy layer because it is where the basic 

concepts above enunciated are applied. Here the nodes’ function is given by: 

Figure 12 – Equivalent ANFIS Architecture (Type 3 ANFIS) [14] 

(38) 
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(39) 

(40) 

(41) 

(42) 

(43) 

(44) 

𝑂𝑖
1 = 𝜇𝐴𝑖(𝑥) 

where x is the input of the node i; 𝜇𝐴𝑖(𝑥) is the MF of the fuzzy set Ai. 

 The MF can take many different forms, as it was said in section 2.3.2, where each of them has a 

function associated. That function is defined by a set of parameters. For example, if the generalized bell 

function were used as a MF (eq. 40), bell(x,a,b,c), the parameters would be a, b and c. Regarding the 

notation in the Figure 12, we would have:  

𝜇𝐴𝑖(𝑥) =
1

1 + |
𝑥 − 𝑐𝑖
𝑎𝑖

|
2𝑏𝑖

 

where (ai, bi, ci) would be the parameters of each node i (1 < i < 2) in the first layer for the input x. These 

parameters are called premise parameters. 

2.3.6.2 Layer 2 

This layer is known as the rule layer and it is composed of fixed nodes. It is where the firing strengths 

are computed for each rule, which are represented by the output 𝑂𝑖
2. Here the product between both 

node inputs is performed (eq. 41). However, other T-norm operators that perform generalized AND can 

be used instead.  

𝑂𝑖
2 = 𝑤𝑖 = 𝜇𝐴𝑖(𝑥) ∗ 𝜇𝐵𝑖(𝑥)         𝑖 = 1,2 

2.3.6.3 Layer 3 

The third layer is called the normalized layer and it is composed of fixed nodes. It is where the firing 

strengths of each rule are normalized (eq. 42)  

𝑂𝑖
3 = �̅�𝑖 =

𝑤𝑖
𝑤1 + 𝑤2

         𝑖 = 1,2  

2.3.6.4 Layer 4 

The fourth layer is called the defuzzification layer and it is composed of adaptive nodes. Here, apart 

from the normalized firing strengths, the nodes have also as inputs the inputs of the first layer (x and y). 

The output 𝑂𝑖
4 of this layer is given by 

𝑂𝑖
4 = �̅�𝑖 ∗ 𝑓𝑖 = �̅�𝑖 ∗ (𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖) 

where (pi, qi, ri) are the consequent parameters. 

2.3.6.5 Layer 5 

The output layer is composed of only one node, where the output is the summation of the previous 

layer’s outputs.  

𝑂1
5 =∑𝑂𝑖

4

𝑖
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(45) 

(46) 

(47) 

(48) 

In the layers 2, 3 and 4, the number of nodes and the number of fuzzy if-then rules is given by Mn, 

where M is the MFs number for each input and n the number of inputs [17]. 

2.3.7 Hybrid Algorithm 

The ANFIS learning algorithm, developed by Jang [14], is a hybrid algorithm that combines the 

gradient descent method with the Least Squared Method (LSM) to estimate the network parameters. 

This algorithm can be split into 2 phases, the forward pass and the backward pass. In the first one, the 

consequent parameters are estimated using the LSM (the premise parameters are fixed), whereas in 

the second one the error rates are propagated from the output layer to the fuzzification layer allowing to 

computed and update the premise parameters using the gradient descent method in batch mode (the 

consequent parameters are fixed) [14], [16], [17], [21]. The Table 1 summarizes those two phases of 

the algorithm.  

Table 1 – Two phases in the Hybrid Learning Algorithm [14] 

 Forward Pass Backward Pass 

Premise Parameters Fixed Gradient Descent 

Consequent Parameters LSM Fixed 

Signals Node outputs Error rates 

 

The algorithm is now described below [14]. 

Consider an adaptive network with only one output 

𝑜𝑢𝑡𝑝𝑢𝑡 = 𝐹(𝐼, 𝑆) , 

where I is the set of input variables; S is the set of parameters; F is the FIS function.  

If for some elements of S there is a function H where the composite function 𝐻 ∘ 𝐹 is linear, then it is 

possible to estimate them through the LSM. Decomposing the parameter set S into two sets S1 and S2 

corresponding to the premise parameters (nonlinear) and the consequent parameters (linear), 

respectively, then 𝐻 ∘ 𝐹 is linear for all elements of S2 (𝑆 = 𝑆1  ⨁ 𝑆2 – direct sum). Hence, by applying H 

to eq. 45 we have 

𝐻(𝑜𝑢𝑡𝑝𝑢𝑡) = 𝐻 ∘ 𝐹(𝐼, 𝑆)  

which is linear in the elements of S2. 

By fixing the premise parameters in S1, the train data is applied to the eq. 46 and then the eq. 47 is 

obtained.  

𝑨 𝜽 = 𝒚 

‖𝑨 𝜽 − 𝒚 ‖2  

where 𝜽 is a vector (M x 1) whose elements are the consequent parameters contained in S2; 𝑨 is a 

matrix (P x M) composed of the inputs for all training data; 𝒚 is a vector (P x 1) composed of the output 

targets for all training data (P – number of training data pairs; M – number of linear parameters). 
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(50) 

From now on, it is possible to apply the LSM and estimate the parameters by minimizing the squared 

error, given by eq. 48.  

�̂� = (𝑨𝑇𝑨)−1𝑨𝑇𝒚 

where (𝑨𝑇𝑨)−1𝑨𝑇 is the pseudo-inverse of A.  

Given that P is usually greater than M, the system is over-determined, which means that (𝑨𝑇𝑨)−1 is 

defined if 𝑨 isn’t rank deficient (rank(𝑨) = min(P,M)), which is the same as saying that 𝑨𝑇𝑨 is non-

singular (det(𝑨𝑇𝑨) ≠ 0). Therefore, the solution �̂� is unique and can be computed. However, the 

computation of the pseudo-inverse is expensive in terms of execution time and sometimes the problem 

became ill-defined if  𝑨𝑇𝑨 is singular (det(𝑨𝑇𝑨) = 0). For that reason, the sequential LSM in batch mode 

is used. It is much more efficient than the traditional LSM. 

In the sequential LSM, when a new pair (𝒂𝒊+𝟏
𝑻 , 𝑦𝑖+1) is presented, it is used the previous estimator 𝜽𝒊   

to estimate the new one 𝜽𝒊+𝟏 instead of using the all i+1 pairs of training data. This can be expressed 

by the following equations:  

𝜽𝒊+𝟏 = 𝜽𝒊 + 𝑷𝒊+𝟏 𝒂𝒊+𝟏(𝑦𝑖+1 − 𝒂𝒊+𝟏
𝑻 𝜽𝒊)  

𝑷𝒊+𝟏 = 𝑷𝒊 −
𝑷𝒊𝒂𝒊+𝟏𝒂𝒊+𝟏

𝑻 𝑷𝒊

1 + 𝒂𝒊+𝟏
𝑻 𝑷𝒊𝒂𝒊+𝟏

 , 𝑖 = 0,1, … ,𝑀 − 1
} , 

where 𝑷𝒊 = (𝑨
𝑻𝑨)−𝟏 corresponds to a matrix proportional to covariance matrix; 𝒂𝒊+𝟏

𝑻  is the row I of the 

matrix A for 0 < i < M -1. 

When all the pairs of training data are used, the final estimator is given by �̂� = 𝜽𝑴. As initial conditions, 

we have: 𝜽𝟎 = 0 and 𝑷𝒊 = 𝛾𝑰 (𝛾 is a positive large number and I the identity matrix of dimension M x M). 

  

(49) 
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2.4 Radial Basis Function Network 

2.4.1 Introduction 

The RBFN is quite similar to the traditional neural networks (ANNs), like Multilayer Perceptron 

(MLPs). However, there are some differences between them. Whereas the MLPs can have more than 

one hidden layer, the RBFN has only one whose neurons’ activation function is a radial basis function 

(RBF). Other differences will be discussed further. 

This method has been successfully used mostly in classification, regression and time-series 

prediction problems. In fact, wind power forecasting [22], [23], [24], wind speed forecasting [2], [22], and 

load forecasting [25], [26], [27], [28], are some examples of time-series problems where this method can 

be employed.  

In this section, the architecture of RBFN is first detailed and then three approaches of learning 

algorithms are presented.  

2.4.2 Architecture 

The generalized architecture of RBFN is illustrated in Figure 13. This is a feed-forward neural network 

and its structure is composed of 3 layers (one input layer, one hidden layer and one output layer).  

 

 

 

 

 

 

 

 

 

 

 

 

In the input layer the input vector (𝒙 = (𝑥1, 𝑥2, … , 𝑥𝑛)) goes straight to the hidden layer which means 

that the weights between those layers are equal to 1. This configures another difference between RBFN 

and ANNs. 

Figure 13 – Architecture of RBFN [32] 
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(51) 

(52) 

(53) 

(54) 

(55) 

(56) 

(57) 

(58) 

In the hidden layer, as mentioned before, the neurons have a RBF as activation function. The most 

common RBF that one can find in studies and papers is the gaussian function (eq. 51). In fact, the 

gaussian function is a localized RBF with the property that 𝜙(𝑎, 𝜎2) → 0 as 𝑎 → ∞ which makes it the 

most selected function as RBF [29]. However, there are other RBFs that might be used instead (eq. 50 

– eq. 55). The choice of the RBF is not crucial though, since the performance is not significantly affected 

[30], [31].  

Gaussian                           𝜙(𝑎, 𝜎2) = 𝑒
(− 

𝑎2

2𝜎2
)
. 

Multiquadratic                   𝜙(𝑎, 𝜎2) =  √(𝑎2 + 𝜎2). 

Inverse Multiquadratic         𝜙(𝑎, 𝜎2) = (√(𝑎2 + 𝜎2))
−1

. 

Thin-plate spine                    𝜙(𝑎) =  𝑎2 ln(𝑎).  

Linear                                        𝜙(𝑎) =  𝑎.  

where 𝑎 is the Euclidean distance between the inputs 𝒙 and the centers (𝒄𝒓 = [𝑐1, 𝑐2, … , 𝑐𝑛] for r = 

1, 2, …, n) (eq. 56), which are specific parameters of each neuron; 𝜎2 is the width (variance) of that 

neuron; 𝜙 is the neuron’s output.  

Considering the notation in Figure 13, h is the total number of neurons in the hidden layer, n is the 

total number of inputs. So the Euclidean distance 𝑎 in neuron i (i=1,2,…,h) is given by 

𝑎𝑖 = ‖𝒙 − 𝒄𝒊𝒓‖ = √(𝑥1 − 𝑐𝑖1)
2 + (… )2 + (𝑥𝑛 − 𝑐𝑖𝑛)

2. 

In this way, choosing the gaussian function as RBF, the output of the neuron i is given by 

𝜙
𝑖
(𝑎𝑖, 𝜎𝑖

2) = 𝑒
(− 

𝑎𝑖
2

2𝜎𝑖
2)

. 

As one can see in eq. 57, the gaussian function gives the highest output when the input vector is 

practically in the same position of the neuron’s centers. In contrast, as the distance between the input 

vector and the centers starts to increase the output of the gaussian function starts to decrease. Besides 

that, it is the width of the neuron that controls the smoothness of the function. So, if the width is large 

then decreases slowly, if it is small then decreases quickly. 

In the output layer the weighted summation of each neuron’s output is performed for each RBFN’s 

output. This can be expressed as 

𝑦
𝑗
=∑𝑤𝑖𝑗𝜙𝑖(𝑎𝑖, 𝜎𝑖

2)

ℎ

𝑖=1

+ 𝑤0 , 

where 𝑦
𝑗
 represents the j output of the network, for j=1,2,…,P; 𝑤𝑖𝑗 the weights from neuron i to output j; 

𝜙𝑖(𝑎𝑖 , 𝜎𝑖
2) is the output of the neuron i; 𝑤0 is the bias term; h is total number of neurons 
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(59) 

(60) 

2.4.3 Learning algorithms 

In this subsection, three approaches of training the RBFN will be presented. 

While MLPs are trained by supervised techniques, like backpropagation algorithms where the 

parameters (weights) are randomly initialized and then recursively adapted, the RBFN can be trained in 

many different ways being one of them using the combination of unsupervised and supervised 

techniques. Besides that, the RBFN have the centers and widths as parameters as well. 

One of the learning algorithms approaches is just applying a backpropagation algorithm as it is done 

in MLPs. The most widely known algorithm is the stochastic gradient descent [29], [32], [33]. Another 

approach is using a two-stage strategy [26], [29], [33]. In the first stage, unsupervised techniques, like 

clustering algorithms (e.g.: k-means), are performed with the purpose of computing the centers and, 

later, the widths. Then, in the second stage, once the centers and widths are determined, the weights 

can be computed. This is a hybrid algorithm because combines unsupervised techniques with 

supervised ones. Finally, the last approach uses the Orthogonal Least Squares (OLS) algorithm to train 

the network [2], [30], [31].  

In summary, the learning algorithms strategies are:  

1) Stochastic gradient descent (SGD) Algorithm; 

2) Hybrid Algorithm (K-means + LSM); 

3) Orthogonal Least Squares (OLS) Algorithm; 

2.4.3.1 Stochastic Gradient Descent Algorithm 

As in traditional ANNs the SGD can also be employed in RBFN. The only difference lies in the fact 

that the RBFN has other parameters to adapt throughout the learning process. 

The main purpose of SGD is to minimize the error function (E) (or cost function), which is the Sum 

of Squared Errors (SSE) and given by 

𝐸 =
1

2
∑∑(𝑜𝑗

𝑘 − 𝑑𝑗
𝑘)
2

𝑃

𝑗=1

𝑀

𝑘=1

=  
1

2
∑∑(𝑒𝑗

𝑘)
2

𝑃

𝑗=1

,

𝑀

𝑘=1

 

where M is the total number of training patterns (𝒙𝟏 = [𝑥1, 𝑥2, … , 𝑥𝑛], … , 𝒙
𝑴 = [𝑥1+𝑀, 𝑥2+𝑀, … , 𝑥𝑛+𝑀]); 𝑜𝑗

𝑘 

is the observed value j concerning the input vector 𝒙𝒌 ; 𝑑𝑗
𝑘 is the desired value j concerning the input 

vector 𝒙𝒌.  

Considering 𝑺 = (𝒄𝒊, 𝝈𝒊, 𝒘𝒊𝒋) as the full parameter set, S is adapted as follows:  

𝑺(𝑘+1) =  𝑺(𝑘) − 𝜂 𝛁𝑬(𝑺(𝑘)) , 

where 𝜂 represents the step size parameter; 𝛁𝑬(𝑺(𝑘)) the gradient of the cost function relative to the 

parameter set at iteration k.  

Therefore, the general expressions for the adaptation of the network parameters are the following: 
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(61) 

(62) 

(63) 

(64) 

(65) 

(66) 

{
 
 
 

 
 
 𝑐𝑖𝑟

(𝑘+1)
= 𝑐𝑖𝑟

(𝑘)
− 𝜂

𝑐
 
∂E

∂cir
(𝑘)

𝜎𝑖
(𝑘+1)

=  𝜎𝑖
(𝑘)
− 𝜂

𝜎
 
∂E

∂𝜎i
(𝑘)

𝑤𝑖𝑗
(𝑘+1)

=  𝑤𝑖𝑗
(𝑘)
− 𝜂

𝑤
 
∂E

∂𝑤𝑖𝑗
(𝑘)

. 

The chain rule is employed for each case as follows,  

{
 
 
 
 

 
 
 
 ∂E

∂cir
(𝑘)
=∑(

∂E

∂𝑒𝑗
(𝑘)

∂𝑒𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝜙
𝑖
(𝑘)
)

𝑝

𝑗=1

∂𝜙
𝑖
(𝑘)

∂cir
(𝑘)

 
∂E

∂𝜎𝑖
(𝑘)
=∑(

∂E

∂𝑒𝑗
(𝑘)

∂𝑒𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝜙
𝑖
(𝑘)
)

𝑝

𝑗=1

∂𝜙
𝑖
(𝑘)

∂𝜎𝑖
(𝑘)

 
∂E

∂𝑤𝑖𝑗
(𝑘)
=

∂E

∂𝑒𝑗
(𝑘)

∂𝑒𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑤𝑖𝑗
(𝑘)

  . 

Then, from eq. 58 and 59 one can get,  

∂E

∂𝑒𝑗
(𝑘)

∂𝑒𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝜙
𝑖
(𝑘)

= − 𝑒𝑗
(𝑘)
𝑤𝑖𝑗
(𝑘)
 , 

and 

∂E

∂𝑒𝑗
(𝑘)

∂𝑒𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑜𝑗
(𝑘)

∂𝑤𝑖𝑗
(𝑘)

= −𝑒𝑗
(𝑘)
𝜙
𝑖
(𝑘) . 

And from eq. 57 one can get,  

∂𝜙
𝑖
(𝑘)

∂cir
(𝑘)

= 𝜙
𝑖
(𝑘) 𝑥𝑟

(𝑘)
− 𝑐𝑖𝑟

(𝑘)

𝜎𝑖
2(𝑘)

 ,  

and 

∂𝜙
𝑖
(𝑘)

∂wij

(𝑘)
= 𝜙

𝑖
(𝑘)
‖𝑥𝑟

(𝑘)
− 𝑐𝑖𝑟

(𝑘)
‖
2

𝜎𝑖
3(𝑘)

 . 

Now by replacing the gradients on eq. 61 with the eq. 62-66 one can obtain the final expressions to 

be applied 
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(67) 

(68) 

(69) 

(70) 

{
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− 𝑐𝑖𝑟

(𝑘)
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𝜎𝑖
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    ,

𝑤𝑖𝑗
(𝑘+1)

=  𝑤𝑖𝑗
(𝑘)
+ 𝜂

𝑤
 𝑒𝑗
(𝑘)
𝜙
𝑖
(𝑘)

  

where i = 1, 2, …, h , r = 1, 2, …, n and j = 1 ,2, …, p. 

Furthermore, to get better and faster results, a momentum and an adaptive step size techniques are 

implemented.  

The introduction of a momentum term is particularly important in those situations when the solution 

is stuck in a local minimum. The momentum term helps to get out of it in order to find the global minimum 

solution. It is produced an accumulation effect if the gradients are in similar directions increasing the 

speed of the optimization process, especially in error surfaces with narrow ravines. On the other hand, 

when the gradients have opposite directions the momentum term mitigate the oscillations [20].  

Therefore, this results in the following equations 

{

𝑐𝑖𝑟
(𝑘+1)

=  𝑐𝑖𝑟
(𝑘)
+ Δ 𝑐𝑖𝑟
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𝜎𝑖
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𝑤𝑖𝑗
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  , 

{
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Δ 𝑤𝑖𝑗
(𝑘)
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𝑤
 
∂E

∂𝑤𝑖𝑗
(𝑘)
+ 𝛼 Δ𝑤𝑖𝑗

(𝑘−1)

 

where 𝛼 is the momentum constant and its typical values are in the range [0.5 – 0.9].  

The use of adaptive step sizes is also a good technique to deal with ravines, particularly if they are 

parallel to an axis. For those who are oblique to all axes this technique is not so effective though. This 

is why the combination of the adaptive step size and the momentum techniques is employed [20]. 

Hence, the expressions on eq. 68 and eq. 69 take the following form 

{
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, 

where  
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(71) 

(72) 

(73) 

(74) 

{
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+ 𝛼 𝑧𝑐𝑖𝑟
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𝑧𝜎𝑖
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𝑧𝑤𝑖𝑗
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∂𝑤𝑖𝑗
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The adaptive step size technique consists of using an individual step size parameter for each 

parameter (𝜂
𝑖𝑟
𝑐 , 𝜂

𝑖
𝜎, 𝜂

𝑖𝑗
𝑤) and then adapting them at each epoch. The way how they are adapted depends 

on the successive signs of the total changes of the parameters [20], [34] (eq. 72-74)  
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  , 

where 𝑠 is the epoch; M is the total number of training patterns; 𝑢 is a constant (𝑢 > 1); 𝑑 is a constant 

(0 < 𝑑 < 1). Some typical values for 𝑢 and 𝑑 are 1,2 and 0.8, respectively. 

The pseudo-code of this method is the following: 

1. Initialize randomly the centers, widths and weights.  

Define the initial values for (𝜂𝑖𝑟
𝑐 , 𝜂

𝑖
𝜎, 𝜂

𝑖𝑗
𝑤) for 𝑠 = 1; 

2. For 1 < 𝑠 < 𝑚𝑎𝑥𝑒𝑝𝑜𝑐ℎ : 

a. Set 𝑧𝑐𝑖𝑟
(0)

, 𝑧𝜎𝑖
(0)
, 𝑧𝑤𝑖𝑗

(0)
= 0 ; 

b. For 1 < 𝑘 < 𝑀 : 

i. Compute the gradients ∇𝐸(𝑺(𝑘)); 

ii. Compute (𝑧𝑐𝑖𝑟
(𝑘)
, 𝑧𝜎𝑖

(𝑘), 𝑧𝑤𝑖𝑗
(𝑘)); 

iii. Update (𝑐𝑖𝑟
(𝑘+1)

, 𝜎𝑖
(𝑘+1)

, 𝑤𝑖𝑗
(𝑘+1)); 
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(75) 

(76) 

(77) 

(78) 

(79) 

c. Adapt step size parameters (𝜂𝑖𝑟
𝑐 , 𝜂

𝑖
𝜎, 𝜂

𝑖𝑗
𝑤) 

d. End if the stopping criteria is reached, otherwise perform another epoch.  

The stopping criteria in this method is reached if the value of the error function respecting to the 

validation set is higher than the minimum value of the error function achieved throughout the learning 

process, for the same set, for 6 consecutive epochs. 

2.4.3.2 Hybrid Algorithm 

While in the previous learning algorithm all parameters are adapted simultaneously, in this one the 

learning procedure is performed in two phases. In the first one, the centers are computed through an 

unsupervised clustering algorithm, which is the k-means. Other supervised or unsupervised clustering 

algorithms can be used though. The Learning Vector Quantization (LVQ) is one of them, but it is often 

chosen when a RBFN is used in classification problems [29]. Afterwards, the widths are computed. And 

finally, in the second phase, the weights are obtained by performing the Least Square Method (LSM). 

The first stage of the learning process involves the determination of the centers through the k-means 

algorithm (presented below) and the computation of the widths. 

Considering M the total number of training patterns and k = 1, 2, …, M, the training set is represented 

by 𝑿 = [𝒙𝟏, 𝒙𝟐, … , 𝒙𝒌, … , 𝒙𝑴] where 𝒙𝒌 = [𝑥1+𝑘, 𝑥2+𝑘, … , 𝑥𝑛+𝑘]. The k-means algorithm is composed of the 

following steps: 

1) Given the number of neurons (h), the centers are initialized using random patterns from the 

training set.  

𝑓𝑜𝑟 𝑖 = 1: ℎ → 𝑪𝒊 = 𝑟𝑎𝑛𝑑𝑜𝑚(𝑿 = [𝒙𝟏, 𝒙𝟐, … , 𝒙𝒌, … , 𝒙𝑴]) 

 

2) For each 𝒙𝒌 (k = 1, 2, …, M): 

a) find the nearest center by computing the distance between 𝒙𝒌 and 𝑪𝒊:   

𝑑(𝑪𝒊, 𝒙
𝒌) = √(𝑐𝑖,1+𝑘 − 𝑥1+𝑘)

2
+⋯+ (𝑐𝑖,𝑛+𝑘 − 𝑥𝑛+𝑘)

2
 

b) assign the pattern 𝒙𝒌 to the nearest center i: 

𝑤 = argmin
𝑖
𝑑(𝑪𝒊, 𝒙

𝒌) → 𝒙𝒌 ∈ 𝑪𝒘 

3) For each cluster (i = 1, 2, …, h):  

a) compute the new centers: 

𝑪𝒊 =
1

𝑛𝑖
∑ 𝒙𝒌

𝒙𝒌∈𝑪𝒊

 

where 𝑛𝑖 is the total number of training patterns within each cluster. 

4) Compute the error function (𝐸 𝑘𝑚𝑒𝑎𝑛𝑠): 

𝐸 𝑘𝑚𝑒𝑎𝑛𝑠 =∑ ∑‖𝒙𝒌 − 𝑪𝒊‖
𝟐

𝒙𝒌∈𝑪𝒊

ℎ

𝒊=𝟏
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(80) 

(81) 

(82) 

5) Stop if the error function doesn’t change for two consecutive iterations, otherwise go back to 

step 2). 

After the centers being obtained, the widths are computed. Here a nearest neighbour method is used 

[35], which sets the width 𝜎𝑖 as the Euclidean distance between 𝑪𝒊 and its nearest neighbor 𝑪𝒋, multiplied 

by a constant 𝑎.  

𝜎𝑖 = 𝑎 ∗ min(‖𝑪𝒊 − 𝑪𝒋‖)           𝑗 = 1, 2, … . , ℎ ;    𝑗 ≠ 𝑖  , 

where 𝑎 is the overlap constant, which takes values between 1 and 1,5 according to [29]. 

Once the centers and widths are determined, the second stage begins and the weights are 

computed. Considering the notation in Figure 13, the weights (𝑾) are obtained by minimizing the error 

function given by 

𝐸 = ‖𝚽𝑾− 𝒀𝒅‖
2  , 

where 𝒀𝒅 is the target outputs vector with dimension (M x P); 𝚽 is a matrix (M x h) containing the 

neurons’ outputs; 𝑾 is the weight vector with dimension (M x P).  

Then, the solution is given by 

𝑾 = (𝚽𝐓𝚽)−𝟏𝚽𝐓𝒀𝒅 = 𝚽
†𝒀𝒅  , 

where 𝚽† is called the pseudo-inverse matrix of 𝚽.  

As already mentioned in the ANFIS method, given that M is usually greater than h, the system is 

over-determined, which means that (𝚽𝐓𝚽)−𝟏 is defined if the matrix 𝚽 isn’t rank deficient (rank (𝚽) = 

min(M, h)). Therefore, the solution 𝑾 is unique and can be computed [33]. However, sometimes the 

over- or under-determined linear least square systems might be a problem when applying the pseudo-

inverse. This occurs when 𝚽 is rank deficient (rank (𝚽) ≠ min(M, h)) ensuring that the solution is non-

unique and also that neither (𝚽𝐓𝚽)−𝟏 nor (𝚽𝚽𝐓)−𝟏 are defined. Thus, other techniques, like Single 

Value Decomposition (SVD), must be employed since they would effectively solve these problems [29] 

[31]. Another way is to perform the OLS method as learning algorithm instead. 

2.4.3.3 Orthogonal Least Squares Algorithm 

One of the biggest disadvantages of training the RBFN with the hybrid learning algorithm described 

above is that the computation of the centers is not performed by considering the error function in eq. 81. 

To avoid this problem, the OLS method is implemented. 

In this method, the network is built in a more efficient way than in the previous methods by choosing 

and adding centers one by one until the stopping criteria is reached. Throughout the centers’ choice 

procedure, all the training patterns are considered as candidates. After going through all the training 

patterns, the one that yielded the major reduction on the error function is chosen as a center. This 

process is repeated until the stopping criteria is reached.  
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(83) 

(84) 

(85) 

(86) 

(87) 

(88) 

(89) 

(90) 

(91) 

For better understand how this method works, it is fundamental to consider the RBFN as a special 

case of the linear regression model [31]:  

𝑑(𝑡) =∑ϕi(t)

𝐻

𝑖=1

wi + 𝑒(𝑡)   , 

where 𝑑(𝑡) is the desired output value; H the total number of candidates; wi the parameters (weights); 

ϕ
i
(t) the regressors; 𝑒(𝑡) the error signal.  

The eq. 83 is represented in matrixial form as follows:  

𝒅 = 𝚽𝐖+ 𝐄   , 

where  

𝒅 = [𝑑(1), 𝑑(2), … . , 𝑑(𝑀)]𝑻 

𝚽 = [𝝓𝟏, 𝝓𝟐, … . , 𝝓𝑯] = [

𝜙1(1) 𝜙2(1) … 𝜙𝐻(1)

𝜙1(2) 𝜙2(2) … 𝜙𝐻(2)
⋮ ⋮ ⋱ ⋮

𝜙1(𝑀) 𝜙1(𝑀) … 𝜙𝐻(𝑀)

] 

𝐖 = [𝑤1 , 𝑤2, … . , 𝑤𝐻]
𝑻 

𝐄 = [𝑒(1), 𝑒(2), … . , 𝑒(𝑀)]𝑻 

M is the total number of training patterns.  

The OLS method involves the transformation of the set of 𝝓
𝒊
 into a set of orthogonal basis vector 

allowing to compute the individual contribution to the desired output value from each basis vector. In 

this way, 𝚽 is decomposed into 

𝚽 = 𝐐 𝐀 

where 𝐀 is an upper triangular matrix with dimension (H x H); 𝐐 is a matrix (M x H) composed of 

orthogonal vectors 𝒒
𝒊
. This means that 𝒒

𝒊
𝒒
𝒋
= 𝟎 for i ≠ j. 

𝑨 =

[
 
 
 
 
1 𝛼12 𝛼13 … 𝛼1𝐻
0 1 𝛼23 … 𝛼2𝐻
0 0 ⋱ ⋱ ⋮
⋮ ⋮ ⋱ 1 𝛼𝐻−1,𝐻
0 0 … 0 1 ]

 
 
 
 

      𝐐 = [𝒒𝟏, 𝒒𝟐, … . , 𝒒𝑯] 

Since the space spanned by the set of orthogonal basis vector 𝒒
𝒊
 is the same space spanned by the 

set of 𝝓
𝒊
, the eq. 84 can be rewritten as follows  

𝒅 = 𝐐𝐠 + 𝐄 

Hence, the OLS solution �̂� is given by 
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(92) 

(93) 

(94) 

(95) 

(96) 

(97) 

�̂� = 𝑨�̂� = 𝑲−𝟏𝑸𝑻𝒅 = (𝑸𝑻𝑸)
−𝟏
𝑸𝑻𝒅 

where 𝑲 is a diagonal matrix given by  

𝑲 = 𝑸𝑻𝑸 = 𝑑𝑖𝑎𝑔(𝑘1, 𝑘2, … , 𝑘𝐻)    𝑘𝑖 = ∑ 𝑞𝑖(𝑡) ∗ 𝑞𝑖(𝑡)
𝑀
𝑡=1  

Since 𝑸 is orthogonal, each component of �̂� can be computed independently.  

�̂�
𝒊
=
𝒒
𝒊
𝑻𝒅

𝒒
𝒊
𝑻𝒒

𝒊

 

This is exactly why the OLS is a very efficient algorithm avoiding the computation of the pseudo-

inverse matrix.  

To evaluate which center performs the highest reduction on the error function, it is used the error 

reduction ratio (ERR) given by 

[𝐸𝑅𝑅]𝑖 =  
𝐠
𝒊
𝟐𝒒

𝒊
𝑻𝒒

𝒊

𝒅𝑻𝒅
 

To solve the eq. 92 and estimate the parameters �̂� the classical Gram-Schmidt method is employed, 

where computes one column of A at a time and orthogonalizes 𝚽 in the following way: at the kth stage 

make the kth column orthogonal to each of the k-1 previously orthogonalized columns and repeat the 

operation for k = 2, …, H [31].  The expressions in eq. 96 represent this procedure. 

𝒒
𝟏
= 𝝓

𝟏

𝛼𝑖𝑘 =
𝒒
𝒊
𝑻𝝓

𝒌

𝒒
𝒊
𝑻𝒒

𝒊

𝒒
𝒌
=  𝝓

𝒌
−∑ 𝛼𝑖𝑘 𝒒𝒊

𝒌−𝟏

𝒊=𝟏

 

Now, the OLS algorithm can be finally summarized in the following steps: 

1) Initialize the RBFN with H candidates and k = 0 centers. Here the width is defined a priori as 

well as the error goal (stopping criteria). Besides that, it is also possible to define an upper 

limit of neurons in the hidden layer, which is given by 𝐻𝑠. 

2) For the first center to be chosen (k=1) do: 

a. For 1 ≤ 𝑗 ≤ 𝐻, compute:  

{
  
 

  
 𝒒𝟏

(𝑗)
= 𝝓

𝟏

�̂�
𝟏

(𝑗)
=

(𝒒
𝟏
(𝑗))

𝑻
𝒅

(𝒒
𝟏
(𝑗))

𝑻
𝒒
𝟏

(𝑗)

𝐸𝑅𝑅1
(𝑗)
=
(𝐠

𝟏
(𝑗))

𝟐
 (𝒒

𝟏
(𝑗))

𝑻
𝒒
𝟏

(𝑗)

𝒅𝑻𝒅

 

b. Find the pattern that yields the highest reduction on the error function:  

1 ≤ 𝑖 ≤ 𝑘 𝑘 = 2,… , 𝐻 
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(98) 

(99) 

(100) 

(101) 

(102) 

(103) 

𝑟1 = arg max
𝑗

(𝐸𝑅𝑅1
(𝑗)
)     1 ≤ 𝑗 ≤ 𝐻 

c. Select:  

𝒒
𝟏
= 𝒒

𝟏

(𝑟1) = 𝝓
𝒓𝟏

 

3) For 𝑘 = 2,… , 𝐻𝑠 (At the k-th step) 

a. For 1 ≤ 𝑗 ≤ 𝐻, 𝑗 ≠ 𝑟1, … , 𝑗 ≠ 𝑟𝑘−1 compute:  

{
 
 
 
 
 

 
 
 
 
 𝛼𝑖𝑘

(𝑗)
=
(𝒒

𝒊
(𝑗))𝝓

𝒋

𝒒
𝒊
𝑻𝒒

𝒊

          1 ≤ 𝑖 < 𝑘

𝒒
𝒌

(𝑗)
= 𝝓

𝒋
−∑𝛼𝑖𝑘

(𝑗)

𝑘−1

𝑖=1

𝒒
𝒊

�̂�
𝒌

(𝑗)
=

(𝒒
𝒌
(𝑗))

𝑻
𝒅

(𝒒
𝒌
(𝑗))

𝑻
𝒒
𝒌

(𝑗)

𝐸𝑅𝑅𝑘
(𝑗)
=
(𝐠

𝒌
(𝑗))

𝟐
 (𝒒

𝒌
(𝑗))

𝑻
𝒒
𝒌

(𝑗)

𝒅𝑻𝒅

 

b. Find the pattern that yields the highest reduction on the error function:  

𝑟𝑘 = arg max
𝑗

(𝐸𝑅𝑅𝑘
(𝑗)
)     1 ≤ 𝑗 ≤ 𝐻 ;  𝑗 ≠ 𝑟1, … , 𝑗 ≠ 𝑟𝑘−1 

c. Select:  

𝒒
𝒌
= 𝒒

𝒌

(𝒓𝒌) = 𝝓
𝒓𝒌
−∑ 𝛼𝑖𝑘

(𝑟𝑘)

𝑘−1

𝑖=1

𝒒
𝒊
 

4) The procedure ends whether k reaches the upper limit of neurons in the hidden layer defined 

in the beginning or at a certain iteration 𝑘𝑠𝑡ℎ the following happens 

1 −∑𝐸𝑅𝑅𝑖

𝑘𝑠

𝑖=1 

< 𝜌 

      where 0 < 𝜌 < 1 is a chosen tolerance.  

At the end of this process, a RBFN with 𝐻𝑠 or 𝑘𝑠 centers is obtained, depending on what was the 

stopping criteria. 
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(104) 

3 Implementation and Data 

In this chapter, all the implementation processes, namely the data sets used, the data preprocessing 

and how the network parameters for the AI methods were determined, are detailed. 

All methods presented in Chapter 2 were implemented using the Neural Network and Fuzzy Logic 

toolboxes of MATLAB 2017a software. The main goal is to perform one-hour-ahead wind power 

predictions only with wind power data as input. This can be described by the eq. 104 

𝑃𝑡+1
𝑓𝑜𝑟𝑒

= 𝑓(𝑃𝑡 , 𝑃𝑡−1, 𝑃𝑡−2, … , 𝑃𝑡−(𝑘−1))  

where 𝑃𝑡+1
𝑓𝑜𝑟𝑒

 corresponds to the wind power forecast at instant t+1 (in hours); 𝑃𝑡 , 𝑃𝑡−1, 𝑃𝑡−2, … , 𝑃𝑡−(𝑘−1) 

are the input values from the wind power data at the instants before t+1; 𝑘 is the number of inputs, or 

lags (𝑘 ≥ 1); 𝑓 corresponds to all the linear and nonlinear functions behind the applied method that 

produces the forecast values 𝑃𝑡+1
𝑓𝑜𝑟𝑒

. 

3.1 Wind Power Data (raw data) 

The data of wind power injected into the Portuguese grid used in this thesis was collected and 

discretized at intervals of 15 minutes by Redes Energéticas Nacionais (REN) from 2010 to 2014. To 

better visualize these data, a graphical display of them for all 5 years can be observed in Figures 

14,15,16,17 and 18. 

 

 

 

 

 

 

 

 

 

 

 

Although the representation of the data in the Figures 14,15,16,17 and 18 might give the sensation 

of a noisy appearance of the wind power generation, this happens due to the representation of 35040 

points (in each Figure), corresponding to a time step of 15 minutes. However, it is still possible to verify 

a high number of peaks and valleys that led us to conclude about one of the main characteristics of wind 

Figure 14 – Wind Power Generated in 2010 (time step: 15 min) 
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power generation – its volatility. Additionally, over the years it is possible to identify some distinctive 

periods where the difference between the upper and lower wind power generation peaks starts to 

shorten which usually match with the ending of spring-summer-beginning of autumn seasons period. In 

the opposite direction, the period where that difference is higher and also more wind power is generated 

coincides with the following: middle of autumn-winter-middle of spring seasons. To have an enhanced 

vision of what was concluded before we must look at Figure 19, where a daily and monthly averages of 

wind power injected in the Portuguese grid considering the 5 years period is displayed.  

 

 

  

Figure 15 – Wind Power Generated in 2011 (time step: 15 min) 

Figure 16 – Wind Power Generated in 2012 (time step: 15 min) 
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In Figure 19, the monthly average graphic for the 2010-2014 period of wind power generated in 

Portugal allows to confirm the conclusions drawn in the previous paragraph. In January, February, 

March, November and December months are the ones where more wind power is generated, whereas 

in May, June, July, August and September happens the opposite. The months of April and October are 

the transitions months of these two periods.  

Once the existence of seasonality in data has been demonstrated, it makes sense to optimize, train 

and test the networks in this way, performing predictions for each season of the year (winter, spring, 

summer, autumn). For simplicity reasons, since the year’s seasons don’t start in the beginning of any 

month, the winter, spring, summer and autumn seasons are assumed to englobe the following set of 

Figure 17 – Wind Power Generated in 2013 (time step: 15 min) 

Figure 18 – Wind Power Generated in 2014 (time step: 15 min) 
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months: December – January – February, March – April – May, June – July – August and September – 

October – November, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

3.2 Data pre-processing 

Using raw data in any kind of prediction problem can lead to negative impacts on the forecast 

accuracy. These impacts become more evident when, for example, there are some restrictions in the 

input range values. Thus, it is essential to properly process the data before being applied to the forecast 

methods. That data pre-processing usually englobes tasks as data cleaning where, for example, outliers 

can be detected and subsequently removed, data reduction where a dimensionality reduction may 

happen and data transformation where the data is normalized, for instance.  

In this case, only the data transformation process will be explored, more precisely, the normalization 

of the original data presented in 3.1.  

3.2.1 Data Normalization 

As said before, normalization is of paramount importance to achieve better forecasting accuracy. To 

perform the normalization process, the installed wind power capacity values at each instant will be 

required. However, since it is quite impossible to have those values, the ones to be used will be the 

annual average values of installed wind power capacity (Pav inst) for each year. These values are 

computed by knowing the installed wind power capacity in the end of the years and then making the 

average for the corresponding years (Table 2). 

 

 

Figure 19 – Daily/Monthly average of wind power injected in the grid for a year period from 2010 to 2014 
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(105) 

(106) 

Table 2 – Annual average values of installed wind power capacity [Source: REN] 

 

Having the Pav inst values, it is now possible to normalize the data. As shown in Table 2, each year 

has a different value of Pav inst, therefore the data is split by year and then normalized according to eq. 

105, in order to get values that range from 0 to 1.  

𝑝𝑛(𝑦𝑒𝑎𝑟) =
𝑃(𝑦𝑒𝑎𝑟)

𝑃𝑎𝑣 𝑖𝑠𝑛𝑡(𝑦𝑒𝑎𝑟)
 [𝑝. 𝑢] , 

where 𝑃(𝑦𝑒𝑎𝑟) is the original wind power value and 𝑝𝑛(𝑦𝑒𝑎𝑟) is the normalized one for a specific year. 

The eq. 105 is equivalent to a linear transformation to [0,1] characterized by eq. 106 [36].  

𝑥𝑛 =
(𝑥0 − 𝑥𝑚𝑖𝑛)

(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛)
  , 

where 𝑥𝑛 is the normalized value (𝑝𝑛); 𝑥0 is the value to be normalized (𝑃); 𝑥𝑚𝑎𝑥 is the maximum value 

that , in theory, 𝑥0 can take, which in this case is equal to 𝑃𝑎𝑣 𝑖𝑠𝑛𝑡; 𝑥𝑚𝑖𝑛 is the minimum value that 𝑥0 can 

take, which is 0. 

After performing these operations, comparative analysis considering all years can be made. In fact, 

the daily and monthly average curves of the wind power generated displayed in Figure 19 have been 

made with the normalized data. Since the Pav inst values are different and have been increasing over the 

years, if raw data were used it could be the case of having the maximum daily average value higher 

than the Pav.inst in 2010 and that cannot happen at all. Obviously, this is an extreme case but still likely 

to happen, which is why so important to perform normalization when working with different ranged data.  

After normalizing the data, as the main goal is to perform one-hour-ahead wind power forecasts, it is 

required to compute the hour-mean values for all the data. This simple operation results in 8760 data 

patterns per each year, reducing in 4 times the size of the original data. 

3.3 Data Division 

Not only the non-preprocessing of the data can affect the performance of a ANN forecasting method. 

There are many other aspects. The way how data is divided is one of them. 

Data is usually split into two main sets, the training and test sets. The first one, as the name tells, is 

used to train the network and optimize all its parameters. The second one is an independent set from 

the training one used to evaluate the quality of the forecasting model.  

However, in many cases, instead of splitting in two, data is divided into three sets. This additional set 

is called validation set and it is also an independent set that is used to minimize the overfitting problem. 

The overfitting happens when the network adapts too much to the training patterns resulting in worse 

 2009 2010 2011 2012 2013 2014 

Pinst [MW] 

(end of the year) 
3357 3706 4080 4194 4364 4541 

Pav inst [MW] - 3532 3893 4137 4279 4453 
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performances when the network is tested for another data set. To prevent this, a validation set is used 

to verify if an actual increase of the train performance also yields an increase in validation performance. 

If this happens, the training phase must go on. If doesn’t, the training phase must be stopped once the 

network starts to show evidences of overfitting. In conclusion, the use of validation set is an integral part 

of the training phase affecting somehow the tuning of the model parameters as the model doesn’t learn 

from the data contained in it.  

In this work, it was defined as evidence of overfitting when the validation Root Mean Squared Error 

(RMSE) is, in 6 consecutive epochs, higher than the minimum validation RMSE ever achieve during the 

training phase. This means that the validation set is mostly used on methods whose training algorithms 

are performed iteratively as BP or LM algorithms. To make possible the use of this set for all kind of 

methods, a Cross-Validation (CV) technique, detailed in section 3.6, has been employed. 

The way how data is divided has been object of constant debates. There isn’t any rule of thumb for 

that. Some authors perform the split process based on a rule of 90%-10%, 80%-20% or 70%-30% (train-

test sets), but the problem characteristics, the data type and the size of the available data are also 

factors to take into account [36].  

In section 3.2, it was already demonstrated the existence of seasonality in data. For that reason, the 

wind power forecasts will be made according to the year’s seasons, which means that data will be split 

in the same way. Therefore, all network architectures of the methods, presented in chapter 2, will be 

obtained using as data set an average year of hourly wind power values concerning all 5 years (2160 

one-hour patterns for winter, 2208 for spring and summer and 2184 for autumn), where they’ll be 

optimized according to each season of the year. Then, having obtained the best architectures of the 

networks, the models will be trained and tested seasonally on real data, from 2010 to 2014. The ratios 

of the training, validation and test sets will be detailed afterwards for both processes. 

3.4 Inputs Number 

Another aspect to consider is the inputs number to be used in the models. This can be estimated by 

computing the Partial Autocorrelation Coefficients (PACs) of the time series [7]. These coefficients give 

the correlation between a variable at an instant (t) and the same variable at another instant (t+a) without 

taking into account other values of the variable at other instants (a is the number of delays). Therefore, 

those coefficients allow to draw a conclusion about how the present values of wind power are correlated 

with the past values and also how they affect the future ones. 

In this case, it makes sense to compute four different PACs as the networks optimization is performed 

seasonally. Moreover, to compute them the average year of the hourly wind power data will be used, 

since it is the data set chosen to optimize the network architectures.  

The first five coefficients for each year’s season are presented in Table 3, as well as, the graphic 

representation of all of them in Figure 20.  
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Figure 20 – PACs for each seasonal data set 

Table 3 – The first five PACs for each year season 

 Delays 

 0 1 2 3 4 

PACs 

Winter 1 0.9850 -0.7219 0.1008 -0.0830 

Spring 1 0.9864 -0.7450 0.1689 -0.0026 

Summer 1 0.9674 -0.8359 0.2644 -0.0058 

Autumn 1 0.9914 -0.7192 0.1556 -0.0418 

 

As we can see in Table 3 and Figure 20, in general, the PACs are significant for lags (delays) ranging 

from 1 to 3. The major difference is in the summer season where the PACs for a delay of 2 and 3 are 

substantial higher than in the other seasons of the year. Besides that, in the Figure 20, it is possible to 

see that for some higher lags the coefficients are considerable as well, like in lag 17. This could mean 

that a present value of wind power in the summer is much more correlated with the wind power values 

in the past two and three hours than in the other seasons.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In conclusion, with these results an estimation of the inputs number to be used can be determined. 

It should range between 2 and 3. 
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(107) 

(108) 

(109) 

3.5 Performance evaluation  

Two main assessment criteria are frequently used to evaluate the performance of the methods. They 

are the processing time and prediction accuracy. However, between these two, the prediction accuracy 

is by far the most important one.  

There are many ways of measuring the forecast accuracy of the models and they can be divided into 

two main categories, the scale-dependent and the scale-independent errors. The difference lies in the 

comparison of the forecast errors between two differently scaled data sets, where in the scale-

dependent errors that comparison cannot take place, whereas in the scale-independent ones it can.  

In this work, three error measures (2 scale-dependent and 1 independent) will be used to evaluate 

the forecast performance. They are the Mean Absolute Error (MAE) given by eq. 107, Root Mean 

Squared Error (RMSE) given by eq. 108 and Mean Absolute Percentage Error (MAPE) expressed by 

eq. 109.  

𝑀𝐴𝐸 =
1

𝑁
∑|𝑝𝑡𝑎𝑟𝑔(𝑘) − 𝑝𝑓𝑜𝑟𝑒(𝑘)|

𝑁

𝑘

 , 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑝𝑡𝑎𝑟𝑔(𝑘) − 𝑝𝑓𝑜𝑟𝑒(𝑘))

2
𝑁

𝑘

  , 

𝑀𝐴𝑃𝐸 (%) =
1

𝑁
∑

|𝑝𝑡𝑎𝑟𝑔(𝑘) − 𝑝𝑓𝑜𝑟𝑒(𝑘)|

𝑝𝑡𝑎𝑟𝑔(𝑘)

𝑁

𝑘

∗ 100 , 

where N is the total number of patterns; 𝑝𝑡𝑎𝑟𝑔 represents the wind power measured; 𝑝𝑓𝑜𝑟𝑒 is the wind 

power predicted. 

The MAE and RMSE are scaled-dependent errors very frequently used. The difference between 

them is that RMSE gives more importance to large errors than MAE. Therefore, the RMSE could be a 

useful indicator when gross errors are especially undesirable. These errors only allow us to make 

comparisons of the performance for the same data set. This means that if the data initially weren’t 

normalized or if the output results were denormalized, the comparison between years couldn’t be done. 

Only comparisons between year’s seasons, for a specific year, could be done. To avoid this problem, 

the MAPE, which is a scaled-independent error very easy to understand, is used instead. 

However, the MAPE has its disadvantages as well. As 𝑝𝑡𝑎𝑟𝑔(𝑘) gets closer to 0, the MAPE tends to 

infinity. Thus, it is essential to have another way to measure the performances in those cases, which is 

the use of scaled-dependent errors. 

 

 



43 
 

Figure 21 – 4-Fold Cross-Validation 

3.6 K-Fold Cross-Validation technique  

Cross-Validation (CV) is a very useful technique that allows to evaluate how well a method and its 

learning algorithm generalizes when in the presence of an independent data set. This technique can be 

applied on several kinds of problems in many different ways. One of them is the K-Fold CV.  

In K-Fold CV, the initial data set, S, assigned for training purposes is divided into k none-overlapping 

sub-sets of equal sizes. Each pattern of S set is usually assigned randomly to each sub-set. However, 

if there is a strong autocorrelation in the time series data, which is this case, the sub-sets are created 

by dividing S into k blocks with consecutive patterns [37]. 

After the splitting process, one subset will be used as validation set and the remaining k – 1 sub-sets 

as training set in the training phase. This process is repeated k times, but with each of k subset used 

exactly once as validation set. Once the K-Fold CV process is completed, the overall performance of 

the model is computed by averaging the validation RMSE achieved for each sub-set. Besides that, the 

model that produced the lowest validation RMSE is the chosen one to be used as model in the test 

phase. To better understand this technique, an example of a 4-Fold CV is presented in Figure 21. 

 

 

 

 

 

 

 

 

3.7 Network Architecture 

To perform time-series predictions, for some AI methods it is necessary to first find out and optimize 

the architecture of the network that led to the best trade-off between performance result and processing 

time. 

In this thesis, the network architecture optimization is performed seasonally having as data set an 

average year of hourly wind power values concerning all 5 years (2160 one-hour patterns for winter, 

2208 for spring and summer and 2184 for autumn). Each seasonal data set is split into 6 equal sized 

sub-sets, where the first five are used in the training phase with the cross-validation technique (5-Fold 

Cross-Validation), whereas the last one is used for testing the resulting model from the training phase 

evaluating the forecast performances to then choose the best architectures (Figure 22). 
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Figure 22 – 5-Fold Cross-Validation used for Network Architecture Optimization process 

3.7.1 ANN 

In ANNs the hidden layers and units (h), and the inputs number (n) are the main architecture’s 

parameters to be optimized.  

In terms of hidden layers, it has been proved that one hidden layer is enough for the most kind of 

forecasting problems [36], so one hidden layer will be used. 

Regarding the number of hidden units, it is usually determined via experiments or by trial-and-error 

[36]. That was done and the results can be observed in Tables 24 and 25 (Appendix A) which contain 

the MAPE, MAE, RMSE and time of processing (tp) results for all seasons ranging the hidden units 

number from 1 to 20. For all seasons, the forecast errors were very similar for hidden units ranging from 

1 to 20, which means that definitive conclusions about the effect of the number of hidden units in the 

forecasting predictions cannot be drawn. 

There are some rules of thumb though. Those rules may not work very well for every kind of 

problems. However, they could be a reference for one hidden layer networks. Therefore, the number of 

hidden units can be expressed as: “2n+1”, “2n”, “n” and “n/2”, where n is the number of inputs [36].  

The authors in [36] refer that, even though the forecasting performance is affected by the number of 

hidden units, the effect is not significant. Besides that, the authors of the same paper noticed that, in 

several studies, the networks had better results when the number of hidden uints are equal to the 

number of inputs. Thus, the same rule will be followed here in this work. 

In terms of inputs number, the results in Tables 24 and 25 show clearly better forecasting 

performances for n = 3, specially for spring and summer seasons where the MAPEs reduced about 0.2 

to 0.3 % comparing to n = 2. In winter and autumn seasons there was reductions ranging from 0 to 0.1 

% in MAPEs, which is not much significant.  
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The time of processing (tp) was acceptable for both cases, n = 2 and n = 3, being not affected by the 

number of hidden units.   

In conclusion, the network architectures to be used for this method is described in Table 4. 

Table 4 – Network Architectures for ANN method 

 Winter Spring Summer Autumn 

Nº of inputs (n) 3 3 3 3 

Nº of hidden units (h) 3 3 3 3 

 

3.7.2 ANFIS 

In ANFIS method the MF type and number (M) and the inputs number (n) are the main architecture’s 

parameters to be optimized.  

In terms of MF type, the results in Tables 26, 27, and 28 (containing the MAPE, MAE, RMSE and 

time of processing (tp) results for all seasons ranging the number of MF and inputs from 2 to 4 and 2 to 

3, respectively) presented in Appendix A demonstrate that the MF type is not a decisive parameter for 

the forecasting performance since in the three Tables the results are very similar. However, it is when a 

triangular MF is used that, in general, the lowest times of processing (tp) are obtained.  

Concerning the MF number, there isn’t any pattern in the error measures that allow to figure it out 

which value is the best one. On the other hand, tp has an increasing tendency as the number of MF 

increases. In fact, it is the relation between M and the number of inputs (n), given by Mn (number of 

rules), that actually affects tp. As the number of rules increases the tp also increases. 

In terms of inputs number, only in the summer season some differences can be spotted. For n = 3, 

the overall error measures for all types of MF were better than for n = 2. In other seasons, there wasn’t 

any visible difference that allow to conclude something about the number of inputs.  

In conclusion, considering the first analysis above, the triangular MF type was chosen as MF type 

since it was the highlighted one among the three in terms of tp. Afterwards, the n and M parameters 

were chosen according to the best error measures achieved (only the Table 27 was considered). So, 

the network architectures to be used for this method is described in Table 5. 

Table 5 – Network Architectures for ANFIS method 

 Winter Spring Summer Autumn 

Nº of inputs (n) 2 3 3 3 

MF type Triangular Triangular Triangular Triangular 

MF number (M) 2 2 2 2 
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3.7.3 RBFN 

3.7.3.1 RBFN -SDG 

In RBFN-SDG method the centers number (h) and inputs number (n) are the main architecture’s 

parameters to be optimized.  

Concerning the inputs number, by looking at Tables 29 and 30 (Appendix A), which contain the 

MAPE, MAE, RMSE and time of processing (tp) results for all seasons ranging the centers number from 

1 to 20, the overall results were much better for n = 2 for all seasons. Therefore, 2 inputs were chosen.  

In this method the processing time (tp) assumes an enhanced importance comparing to the other 

methods since it is the one with the highest times of processing. Even though the tp has an increasing 

trend as the centers number increases, for some simulations the tp can be lower than expected due to 

the stopping criteria has been earlier reached. In this way, the number of centers should be chosen 

according to which one’s performance results having also in mind that too much centers can result in a 

huge tp. By looking at Tables 29 and 30, h = 19 is a number of centers that worked well for all seasons.  

In conclusion, the network architectures to be used for this method is described in Table 6. 

Table 6 – Network Architectures for RBFN - SDG method 

 Winter Spring Summer Autumn 

Nº of inputs (n) 2 2 2 2 

Nº of centers (h) 19 19 19 19 

 

3.7.3.2 RBFN - Hybrid 

In RBFN-Hybrid method the centers number (h) and inputs number (n) are the main architecture’s 

parameters to be optimized.  

Concerning the inputs number, by looking at Tables 31 and 32 (Appendix A), which contain the 

MAPE, MAE, RMSE and time of processing (tp) results for all seasons ranging the hidden unitss number 

from 1 to 50,  the overall results suggest that for n = 2 the method managed to have better performances 

with less centers than for n = 3. However, the centers number doesn’t seem to influence the time of 

processing (tp), so, whatever the inputs number is, higher numbers of centers can be used to produce 

better results. Thus, the architectures which led to the best performances were chosen and are 

described in Table 7. 

Table 7 – Network Architectures for RBFN – Hybrid method 

 Winter Spring Summer Autumn 

Nº of inputs (n) 2 2 3 2 

Nº of centers (h) 44 43 49 44 
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3.7.3.3 RBFN – OLS 

In RBFN-OLS method the spread (σ) and inputs number (n) are the main architecture’s parameters 

to be optimized.  

Concerning the inputs number, the same has been happening with the other methods. By looking at 

Tables 33 and 34 (Appendix A), which contain the MAPE, MAE, RMSE and time of processing (tp) 

results for all seasons ranging the spread from 0.1 to 1, the summer is the season where major 

differences can be spotted. In fact, for n = 3 the method performs better than for n = 2. The MAPE is 

one indicator of that, where improvements in the order of 0.2 % can be observed. Although the minor 

differences, in spring and autumn seasons, the overall performance results suggest that for n = 3 the 

methods perform better than for n = 2. On the other hand, in winter the method achieves better 

forecasting results for n = 2.  

In terms of spread, there are concerns about the value to choose. Too small spread values can lead 

to worse performances due to a poor generalization and obliges to create a vast number of neurons 

(centers) if a smooth function is to be fitted. On another hand, a large number of neurons can be also 

caused by large spread values if a fast-changing function is to be fitted.  Therefore, by looking at Tables 

33 and 34, a spread of 0.8 is suitable for all seasons.  

The processing time (tp) is acceptable and very similar for all simulation cases. 

In conclusion, the network architectures to be used for this method is described in Table 8. 

Table 8 – Network Architectures for RBFN - OLS method 

 Winter Spring Summer Autumn 

Nº of inputs (n) 2 3 3 3 

Spread (σ) 0.8 0.8 0.8 0.8 
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Figure 23 – Data sets by season 

4 Results and discussion 

Once the best network architectures have been obtained (Table 9), the methods are ready to be 

trained and tested with real data from 2010 to 2014. Those data are separated according to the year’s 

seasons obtaining 4 data sets, each one containing only data from the corresponding season of all 

years. 

Table 9 – Best Network Architectures 

 Winter Spring Summer Autumn 

ANN 
Nº of inputs (n) 3 3 3 3 

Nº of hidden units (h) 3 3 3 3 

ANFIS 

Nº of inputs (n) 2 3 3 3 

MF type Triangular Triangular Triangular Triangular 

MF number (M) 2 2 2 2 

RBFN - 

SDG 

Nº of inputs (n) 2 2 2 2 

Nº of centers (h) 19 19 19 19 

RBFN - 

Hybrid 

Nº of inputs (n) 2 2 3 2 

Nº of centers (h) 44 43 49 44 

RBFN - 

OLS 

Nº of inputs (n) 2 3 3 3 

Spread (σ) 0.8 0.8 0.8 0.8 

 

The results presented here in this chapter stem from the simulations of the seasons of 2014. This 

means that the 2014 year’s seasons were used as testing sets (from December of 2013 to November 

of 2014), while as training set the other years’ season data (from January of 2010 to November of 2013), 

as shown in Figure 23.  Therefore, each seasonal training set was split into 4 equal sized sub-sets and 

a 4-Fold Cross-validation technique was employed. 

 

 

 

 

 

 

The results are presented by method and by season. In the first one, the goal is to discern in which 

month and season the method perform better, whereas in the second one the aim is to figure it out which 

method presents better forecasting results for each season. Additionally, four random days 

corresponding to the four different year’s seasons were chosen to carry out a deeper analysis.  
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4.1 Results by method 

In Tables 10, 11, 12, 13, 14 and 15 the performance results (Monthly and Seasonal MAPE, MAE and 

RMSE) for each method are presented. The best seasonal and monthly results appear in bold. 

4.1.1 Persistence method 

The performance results for the Persistence method are presented in Table 10. Additionally, in Figure 

24, it is possible to observe the MAE, MAPE and RMSE evolution over the analyzed period. 

Table 10 – Wind power forecasting results for Persistence method 

Season Month MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

MAPESeason 
[%] 

MAESeason 

[pu] 
RMSESeason 

[pu] 

Winter 

December 2013 12.04 0.0241 0.0321 

9.73 0.0282 0.0369 January 2014 8.09 0.0304 0.0402 

February 2014 9.05 0.0300 0.0379 

Spring 

March 2014 13.99 0.0228 0.0313 
12.97 0.0237 0.0322 April 2014 13.38 0.0214 0.0295 

May 2014 11.55 0.0269 0.0355 

Summer 

June 2014 16.01 0.0233 0.0319 
14.56 0.0228 0.0306 July 2014 13.71 0.0221 0.0299 

August 2014 13.96 0.0229 0.0302 

Autumn 

September 2014 16.07 0.0156 0.0205 
13.97 0.0217 0.0300 October 2014 14.59 0.0205 0.0294 

November 2014 11.25 0.0289 0.0376 

 

Being the persistence method a very simple method, where the wind power forecast value is equal 

to the last real wind power value measured, it is expected to get worse results at certain times of the 

year in which the wind speed is much more instable. In general, those periods correspond to the winter 

months, beginning of spring months and ending of autumn months. That is confirmed by the monthly 

MAE and RMSE results, where December, January, February and November months were the ones 

that performed worse, with (0.0241; 0.0321) pu, (0.0304; 0.0402) pu, (0.0300; 0.0379) pu and (0.0289; 

0.0376) pu respectively (MAE, RMSE). The most evident exception to that general thought is the month 

of May which had the worst spring performance (0.0269; 0.0355). 

Despite the worse MAE and RMSE in winter months, it was there where the best seasonal and 

monthly MAPE were achieved 9.73 % and 8.09 %, respectively. These results seem to give an idea of 

inconsistency in the performance of the method, however as mentioned before some error measures 

have limitations. Not only here but also in the other methods, as we shall see, the MAPE could assume 

very large values even for the best MAE and RMSE obtained. This happens due to the wind power 

forecast results ranging between 0 and 1 where for the ones closer to 0 the MAPE tends to increases a 

lot. 

In Figure 18, it is possible to spot the reason why January of 2014 had the best MAPE following by 

February and November. They were clearly the most productive months in terms of wind power 

generation, particularly in the month of January since apparently there was only two moments where 

the wind power fell below 500 MW. Therefore, as the values move away from 0 the MAPEs tend to 
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Figure 24 – Monthly MAE, MAPE and RMSE for Persistence Method  

improve. On contrary, the closer the values are to 0, the worse the MAPEs become, that is why 

September was the month with the worst MAPE for this method. Although in relative terms it has been 

the worse one, in absolute terms it was the best by far (MAE: 0.0156 pu) mostly because of the poor 

volatility in the wind power generation. 

 

 

  

  

 

 

 

 

 

 

 

 

4.1.2 ANN 

One-hour-ahead forecasts were performed with the ANN method. It was applied 4 times, each one 

for each season of the year. First, the network was trained with the seasonal data from 2010 to 2013. 

Then, having the full network trained, it was applied on the corresponding seasonal test data, as shown 

in Figure 23, and one-hour-ahead forecasts have been made for all seasons.   

The performance results for the ANN method are presented in Table 11. Additionally, in Figure 25, it 

is possible to observe the MAE, MAPE and RMSE evolution over the analyzed period. 

From now on, the forecast results arise from complex non-linear relationships which means that the 

performance results for the AI methods will be quite different from those of the persistence method.   

For the ANN method, the best seasonal MAPE, MAE and RSME were achieve in the summer, with 

9.18 %, 0.0143 pu and 0.0192 pu, respectively, which can be explained by the fact of the summer 

months being the ones where the wind speed is less volatile resulting in more consistency and accuracy 

in the forecast and performance results. Despite the method have performed better in summer, it was 

in September where the best MAE and RMSE were obtained 0.0113 pu and 0.0154 pu, respectively. 

The reason why was already mentioned in the persistence method results.  
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Figure 25 – Monthly MAE, MAPE and RMSE for ANN 

Table 11 – Wind power forecasting results for ANN method 

 

December was the worst month in relative terms (MAPE: 22.34 %). This can be explained by looking 

at Figure 17 where it is possible to spot a set of a few days in which the wind power generation was in 

very low levels. The MAPEs for those days can be observed in Table 35, an auxiliary Table containing 

the daily error measures for all methods from 6 to 9 of December 2013, presented in Appendix B. On 

8th of December, the MAPE exceeds 300 % for ANN method which may seem a very gross error. 

However, it is just the evidence of the biggest limitation of this error measure coming up since in absolute 

terms, the MAE was only 0.0056 pu. 

 

 

 

 

 

  

 

 

 

 

 

 

  

Season Month MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

MAPESeason 
[%] 

MAESeason 

[pu] 
RMSESeason 

[pu] 

Winter 

December 2013 22.34 0.0171 0.0235 

11.46 0.0203 0,0269 January 2014 6.06 0.0227 0.0299 

February 2014 5.97 0.0212 0.0274 

Spring 

March 2014 10.39 0.0152 0.0211 
9.36 0.0159 0.0216 April 2014 10.18 0.0146 0.0192 

May 2014 7.51 0.0180 0.0239 

Summer 

June 2014 10.26 0.0143 0.0190 
9.18 0.0143 0.0192 July 2014 8.51 0.0138 0.0189 

August 2014 8.76 0.0150 0.0197 

Autumn 

September 2014 13.00 0.0113 0.0154 

11.32 0.0156 0.0218 October 2014 12.61 0.0141 0.0200 

November 2014 8.34 0.0213 0.0283 
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4.1.3 ANFIS 

One-hour-ahead forecasts were performed with the ANFIS method. It was applied 4 times, each one 

for each season of the year. First, the network was trained with the seasonal data from 2010 to 2013. 

Then, having the full network trained, it was applied on the corresponding seasonal test data, as shown 

in Figure 23, and one-hour-ahead forecasts have been made for all seasons.   

The performance results for the ANFIS method are presented in Table 12. Additionally, in Figure 26, 

it is possible to observe the MAE, MAPE and RMSE evolution over the analyzed period. 

For the ANFIS method, the best seasonal MAPE, MAE and RSME were achieve in the summer as 

it has happened with ANN method, with 8.90 %, 0.0142 pu and 0.0192 pu, respectively. However, it was 

also in September where the best MAE and RMSE were obtained 0.0112 pu and 0.0153 pu, 

respectively. 

Table 12 – Wind power forecasting results for ANFIS method 

Season Month MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

MAPESeason 
[%] 

MAESeason 

[pu] 
RMSESeason 

[pu] 

Winter 

December 2013 16.01 0.0167 0.0232 

9.38 0.0202 0.0260 January 2014 6.15 0.0229 0.0302 

February 2014 5.98 0.0211 0.0274 

Spring 

March 2014 9.67 0.0151 0.0211 
9.07 0.0160 0.0216 April 2014 9.88 0.0147 0.0193 

May 2014 7.64 0.0182 0.0241 

Summer 

June 2014 9.94 0.0142 0.0191 
8.90 0.0142 0.0192 July 2014 8.32 0.0138 0.0190 

August 2014 8.44 0.0146 0.0194 

Autumn 

September 2014 11.79 0.0112 0.0153 

9.94 0.0155 0.0217 October 2014 9.73 0.0140 0.0199 

November 2014 8.30 0.0213 0.0281 

 

December was the worst month in relative terms (MAPE: 16.01 %) but the best one in absolute terms 

(MAE: 0.0232 pu) in the winter. The reason why was already explained before and it seems to be 

happening especially for all AI methods. The performance results for ANFIS method presented in Table 

35 show a MAPE closer to 200 % on 8th of December. That and the previous day obviously had a huge 

influence in the monthly MAPE, not only for this method but also for all the AI ones, as we shall see. 
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Figure 26 – Monthly MAE, MAPE and RMSE for ANFIS 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

4.1.4 RBFN 

4.1.4.1 RBFN - SDG 

One-hour-ahead forecasts were performed with the RBFN-SDG method. It was applied 4 times, each 

one for each season of the year. First, the network was trained with the seasonal data from 2010 to 

2013. Then, having the full network trained, it was applied on the corresponding seasonal test data, as 

shown in Figure 23, and one-hour-ahead forecasts have been made for all seasons.   

The performance results for the RBFN-SDG method are presented in Table 13. Additionally, in Figure 

27, it is possible to observe the MAE, MAPE and RMSE evolution over the analyzed period. 

Table 13 – Wind power forecasting results for RBFN - SDG method 

Season Month MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

MAPESeason 
[%] 

MAESeason 

[pu] 
RMSESeason 

[pu] 

Winter 

December 2013 28.52 0.0180 0.0244 

13.72 0.0210 0.0277 January 2014 6.24 0.0232 0.0305 

February 2014 6.41 0.0217 0.0280 

Spring 

March 2014 12.02 0.0191 0.0278 
10.39 0.0179 0.0247 April 2014 11.02 0.0157 0.0210 

May 2014 8.12 0.0188 0.0246 

Summer 

June 2014 11.30 0.0148 0.0196 
10.03 0.0147 0.0196 July 2014 9.38 0.0143 0.0194 

August 2014 9.42 0.0151 0.0198 

Autumn 

September 2014 19.22 0.0138 0.0180 

16.81 0.0172 0.0230 October 2014 21.79 0.0160 0.0215 

November 2014 9.42 0.0218 0.0284 
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Figure 27 – Monthly MAE, MAPE and RMSE for RBFN-SDG 

For the RBFN-SDG method, the best seasonal MAPE, MAE and RSME were achieve in the summer 

as it has happened with the previous methods, with 10.03 %, 0.0147 pu and 0.0196 pu, respectively. 

However, it was also in September where the best MAE and RMSE were obtained 0.0138 pu and 0.0180 

pu, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

December was once again the worst month in relative terms (MAPE: 28.52 %) but the best one in 

absolute terms (MAE: 0.0180 pu) in the winter. The performance results for this method presented in 

Table 35 show a MAPE over 400 % on 8th of December which resulted in a huge influence in the monthly 

MAPE. Besides that, the months of September and October also had considerable MAPEs which might 

indicate that this method doesn’t lead so well with the lower values of wind power generated. 

4.1.4.2 RBFN – Hybrid 

One-hour-ahead forecasts were performed with the RBFN-Hybrid method. It was applied 4 times, 

each one for each season of the year. First, the network was trained with the seasonal data from 2010 

to 2013. Then, having the full network trained, it was applied on the corresponding seasonal test data, 

as shown in Figure 23, and one-hour-ahead forecasts have been made for all seasons.   

The performance results for the RBFN-Hybrid method are presented in Table 14. Additionally, in 

Figure 28, it is possible to observe the MAE, MAPE and RMSE evolution over the analyzed period.  

For the RBFN-Hybrid method, the best seasonal MAPE, MAE and RSME were achieve in the 

summer as it has happened with the previous methods, with 10.31 %, 0.0157 pu and 0.0210 pu, 

respectively. However, it was also in September where the best MAE and RMSE were obtained 0.0117 

pu and 0.0160 pu, respectively. 
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Figure 28 – Monthly MAE, MAPE and RMSE for RBFN-Hybrid 

Table 14 – Wind power forecasting results for RBFN - Hybrid method 

Season Month MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

MAPESeason 
[%] 

MAESeason 

[pu] 
RMSESeason 

[pu] 

Winter 

December 2013 43.70 0.0182 0.0247 

18.77 0.0211 0.0279 January 2014 6.37 0.0235 0.0307 

February 2014 6.24 0.0216 0.0278 

Spring 

March 2014 13.07 0.0166 0.0228 
10.99 0.0169 0.0225 April 2014 11.43 0.0152 0.0196 

May 2014 8.48 0.0189 0.0246 

Summer 

June 2014 11.52 0.0160 0.0218 
10.31 0.0157 0.0210 July 2014 9.92 0.0155 0.0206 

August 2014 9.48 0.0157 0.0207 

Autumn 

September 2014 13.65 0.0117 0.0160 
13.20 0.0162 0.0227 October 2014 17.51 0.0148 0.0208 

November 2014 8.44 0.0220 0.0292 

 

For the RBFN-Hybrid method, the best seasonal MAPE, MAE and RSME were achieve in the 

summer as it has happened with the previous methods, with 10.31 %, 0.0157 pu and 0.0210 pu, 

respectively. However, it was also in September where the best MAE and RMSE were obtained 0.0117 

pu and 0.0160 pu, respectively. 

December was the worst month in relative terms (MAPE: 43.70 %) but the best one in absolute terms 

(MAE: 0.0182 pu) in the winter. The performance results for this method presented in Table 35 show a 

MAPE over 700 % on 8th of December which resulted in a huge influence in the monthly MAPE. Besides 

that, the month of October also had a considerable MAPE which might indicate that this method, as the 

RBF-SDG, doesn’t lead so well with the lower values of wind power generated. 
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Figure 29 – Monthly MAE, MAPE and RMSE for RBFN-OLS 

4.1.4.3 RBFN – OLS 

One-hour-ahead forecasts were performed with the RBFN-OLS method. It was applied 4 times, each 

one for each season of the year. First, the network was trained with the seasonal data from 2010 to 

2013. Then, having the full network trained, it was applied on the corresponding seasonal test data, as 

shown in Figure 23, and one-hour-ahead forecasts have been made for all seasons.   

The performance results for the RBNF-OLS method are presented in Table 15. Additionally, in Figure 

29, it is possible to observe the MAE, MAPE and RMSE evolution over the analyzed period. 

Table 15 – Wind power forecasting results for RBFN - OLS method 

Season Month MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

MAPESeason 
[%] 

MAESeason 

[pu] 
RMSESeason 

[pu] 

Winter 

December 2013 11.58 0.0167 0.0232 

7.86 0.0201 0.0270 January 2014 6.11 0.0228 0.0301 

February 2014 5.89 0.0208 0.0271 

Spring 

March 2014 10.62 0.0151 0.0211 
9.47 0.0160 0.0215 April 2014 10.26 0.0147 0.0193 

May 2014 7.53 0.0181 0.0239 

Summer 

June 2014 10.07 0.0142 0.0192 
8.96 0.0142 0.0192 July 2014 8.34 0.0138 0.0191 

August 2014 8.47 0.0147 0.0195 

Autumn 

September 2014 11.84 0.0112 0.0153 

10.00 0.0155 0.0217 October 2014 9.92 0.0140 0.0200 

November 2014 8.25 0.0212 0.0280 

 

 

 

 

 

 

 

 

 

 

 

 

For the RBFN-OLS method, the best seasonal MAE and RSME were achieve in the summer as it 

has happened with the previous methods, with 0.0142 pu and 0.0192 pu, respectively, whereas the best 
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MAPE was achieved in winter (7.86 %). This means that this method has proved the ability to deal with 

lower values of wind power generated since the MAPEs do not go beyond 12 %.  

Furthermore, contradicting the tendency of the other methods results where the December month 

has been the one with worse MAPE, here it was in September month where that happened (MAPE: 

11.84 %) even though not so significant as in the other methods. However, it was also in September 

that the best MAE and RMSE were obtained 0.0112 pu and 0.0153 pu, respectively. 

4.1.5 Discussion 

The main goal in this sub-chapter results was to find out in which seasons the methods performed 

better. Therefore, the very first conclusion to be drawn from the previous results is that, in general, the 

best MAPE, MAE and RMSE were achieved in the summer. This happened mostly for all AI methods. 

The only exception was the RBFN-OLS method, which had the lowest MAPE for winter season. 

Another aspect that was common for all methods was the existence of some higher MAPE values. 

The explanation is given by the fact of the wind power values being limited between 0 and 1, which 

means that for the least productive months the values are very closer to 0 and the MAPE becomes 

much more sensitive. The month where this effect was more pronounced was in December of 2013 due 

to a set of a few straight hours (between the 7th and 8th day of the month) where the wind power 

generation was pretty close to 0.  

However, as demonstrated in Tables 15, the MAPE of December 2013 for the RBFN-OLS method 

was the best one among all methods. This suggest that the RBFN-OLS is the method that lead better 

with wind power values closer to 0 making much more accurate predictions. 

Another important conclusion can be drawn if comparing the results in Tables 10-15. The methods 

whose performance stood out were the ANN, ANFIS and RBFN-OLS being the ANFIS method definitely 

the best one. 
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4.2 Results by season 

In Tables 16, 18, 20, and 22 the performance results (Seasonal MAPE, MAE and RMSE) for each 

season concerning all methods are presented. The best method results appear in bold. 

4.2.1 Winter 

The performance results for the winter season are presented in Table 16.  

Table 16 – Wind power forecasting results for winter season 

Method 
MAPEWinter 

[%] 
MAEWinter 

[pu] 
RMSEWinter 

[pu] 

Persistence method 9.73 0.0282 0.0369 

ANN 11.46 0.0203 0,0269 

ANFIS 9.38 0.0202 0.0260 

RBFN - SGD 13.72 0.0210 0.0277 

RBFN - Hybrid 18.77 0.0211 0.0279 

RBFN - OLS 7.86 0.0201 0.0270 

 

In the winter season, the ANN, ANFIS and RBFN-OLS methods were the ones that obtained the best 

overall performance. The MAPE results suggest that the RBFN-OLS method is the one that can better 

deal with wind power predictions when the wind power values are closer to 0 since it obtained 7.86 %, 

whereas, in the opposite direction, there is the RBFN-Hybrid method, which obtained a MAPE of 18.77 

%. In this season, the MAPE results assume a particular importance due to the fact of in the December 

of 2013, as mentioned in 4.1.2, there has been a period with very low wind power generation. That is 

why in winter for some methods the MAPEs assume higher values than for other seasons. In terms of 

RMSE, the ANFIS method outperformed all the other ones, with 0.0260 pu. This means that, among all 

of them, it was the one with less gross errors committed. In absolute terms, the best MAE was achieved 

for RBFN-OLS method, with 0.0201 pu, though there is not a very significant difference to the others.  

To have a different vision from the global results, a winter day (27th January 2014) was analyzed. 

The daily performances results and a graph with the evolution of the hourly forecast values for all 

methods can be found in Table 17 and Figure 30, respectively.  

Table 17 – Wind power forecasting results on 27th January 2014 

Day Method MAPE [%] MAE [pu] RMSE [pu] 

27 January 2018 

Persistence method 3.32 0.0246 0.0310 

ANN 2.34 0.0176 0.0221 

ANFIS 2.23 0.0165 0.0223 

RBFN - SGD 2.50 0.0187 0.0237 

RBFN - Hybrid 2.82 0.0213 0.0253 

RBFN - OLS 2.26 0.0167 0.0220 

 

Comparing the results in Table 17 with the ones in Table 16, the first thing that becomes clear is the 

major difference between the seasonal MAPE and the MAPE on 27th January 2014. Although the winter 
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Figure 30 – Wind Power Forecasts on 27th January 2014 

season has been the one with the highest MAPE value (RBFN-Hybrid: 18.77 %), on this day for the 

same method the MAPE was only 2.82 % and not much far from the other methods. This fact is simply 

explained by the high wind power generation that occurred on this day, where the hourly wind power 

values ranged approximately between 0.65 and 0.85 pu (Figure 30). Since these values are relatively 

far from 0 the limitation of the MAPE enunciated in 3.5 is not featured here. 

 

 

 

 

 

 

 

 

 

 

 

 

In terms of MAE, comparing the results in Table 17 with the forecast curves in Figure 30, it is possible 

to understand why, considering only the AI methods, the RBFN-Hybrid was the worst one (MAE: 0.0213 

pu.). In fact, it is visible that from the 16th hour until the end of the day the RBFN-Hybrid curve did not 

manage to follow the decreasing trend as well as the other curves. In the opposite direction, there is the 

ANFIS and RBFN-OLS methods, which obtained a MSE of 0.0165 pu and 0.0167 pu, respectively.  

The ANFIS method was clearly the best one, however in terms of gross errors committed the RBFN-

OLS method was better than ANFIS, since obtained a RMSE of 0.0220 pu. The proof of the previous 

statement is reflected in the Figure 30 in the 7th, 8th and 11th hours. The RBFN-OLS curve had a much 

better behavior in rapid variation situations. The ANN and ANFIS curves also behaved well, though.  
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4.2.2 Spring 

The performance results for the spring season are presented in Table 18.  

Table 18 – Wind power forecasting results for spring season 

Method 
MAPESpring 

[%] 
MAESpring 

[pu] 
RMSESpring 

[pu] 

Persistence method 12.97 0.0237 0.0322 

ANN 9.36 0.0159 0.0216 

ANFIS 9.07 0.0160 0.0216 

RBFN - SGD 10.39 0.0179 0.0247 

RBFN - Hybrid 10.99 0.0169 0.0225 

RBFN - OLS 9.47 0.0160 0.0215 

 

In the spring season, the ANN, ANFIS and RBFN-OLS methods were the ones that obtained the 

best overall performance. The MAPE results allow to conclude that the ANFIS method is the one that 

can better deal with wind power predictions when the wind power values are closer to 0 since it obtained 

9.07 %, whereas, in the opposite direction, there is the Persistence method and RBFN-Hybrid method 

concerning the AI ones, which obtained 12.97 % and 10.99 %, respectively. In terms of RMSE, the ANN, 

ANFIS and RBFN-OLS methods stood out, being the latest the best one with 0.0215 pu. In contrast, the 

Persistence method was the worst one with 0.0322 pu. Among the AI methods, the RBFN-SGD method 

was the one which committed more gross errors since obtained a RMSE of 0.0215 pu. In absolute terms, 

the best MAE was achieved for ANN method, with 0.0159 pu.   

To have a different vision from the global results, a spring day (27th April 2014) was analyzed. The 

daily performances results and a graph with the evolution of the hourly forecast values for all methods 

can be found in Table 19 and Figure 31, respectively.  

Table 19 – Wind power forecasting results on 27th April 2014 

Day Method MAPE [%] MAE [pu] RMSE [pu] 

27 April 2018 

Persistence method 10.11 0.0276 0.0328 

ANN 7.33 0.0209 0.0242 

ANFIS 7.26 0.0206 0.0238 

RBFN - SGD 7.91 0.0223 0.0254 

RBFN - Hybrid 7.81 0.0224 0.0257 

RBFN - OLS 7.33 0.0208 0.0243 

 

Analyzing the results in Table 19, the major conclusion to drawn is that the ANFIS method was the 

winner on all fronts, with a MAPE, MAE and RMSE of 7.26%, 0.0206 pu and 0.0238 pu, respectively. 

Despite that, the methods (ANN and RBFN-OLS) which have been previously demonstrated good 

performances have achieved good results too.  

On contrary, the RBFN-Hybrid method was once again the worst one among the AI methods, having 

obtained a MAE and a RMSE of 0.0224 and 0.0257 pu, respectively. This is actually visible in Figure 

31, where the RBFN-Hybrid curve assumed higher values of wind power for some hours than for the 
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Figure 31 – Wind Power Forecasts on 27th April 2014 

other methods curves. The 11th hour is the most evident exception. However it still had a bad 

performance, as well as the RBFN-SDG method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Moreover, by looking at Figure 31 and also according to the results in Table 19, the ANN, ANFIS 

and RBFN-OLS curves had a very similar behavior. 
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4.2.3 Summer 

As seen in 4.1, it was mostly in the summer where the best performances have been achieved. 

Obviously, that happened due to the stable and favorable weather conditions observed for this time of 

the year in Portugal, creating an enabling environment for the achievement of good forecasting results.  

The performance results for the summer season are presented in Table 20.  

Table 20 – Wind power forecasting results for summer season 

Method 
MAPESummer 

[%] 
MAESummer 

[pu] 
RMSESummer 

[pu] 

Persistence method 14.56 0.0228 0.0306 

ANN 9.18 0.0143 0.0192 

ANFIS 8.90 0.0142 0.0192 

RBFN - SGD 10.03 0.0147 0.0196 

RBFN - Hybrid 10.31 0.0157 0.0210 

RBFN - OLS 8.96 0.0142 0.0192 

 

In the summer season, as has happened in other seasons, the ANN, ANFIS and RBFN-OLS methods 

were the ones that obtained the best overall performance. In relative terms, the MAPE results suggest 

that the ANFIS method is the one that can better deal with wind power predictions when the wind power 

values are closer to 0 since it obtained 8.90 %. However, there is no major difference to the other 

methods, with the exception of Persistence method that obtained a MAPE of 14.56 %. In terms of RMSE, 

the ANN, ANFIS and RBFN-OLS methods have all stood out obtaining a RMSE of 0.0192 pu. In absolute 

terms, the best MAE was achieved for ANFIS and RBFN-OLS methods, with 0.0143 pu.  

To have a different vision from the global results, a summer day (27th July 2014) was analyzed. The 

daily performances results and a graph with the evolution of the hourly forecast values for all methods 

can be found in Table 21 and Figure 32, respectively.  

Table 21 – Wind power forecasting results on 27th July 2014 

Day Method MAPE [%] MAE [pu] RMSE [pu] 

27 July 2018 

Persistence method 21.89 0.0159 0.0197 

ANN 14.53 0.0110 0.0148 

ANFIS 13.60 0.0108 0.0148 

RBFN - SGD 18.35 0.0127 0.0160 

RBFN - Hybrid 16.35 0.0118 0.0161 

RBFN - OLS 14.09 0.0109 0.0149 

 

Comparing the results in Table 21 with the ones in Table 20, the first thing that becomes clear is the 

major difference between the seasonal MAPE and the MAPE on 27th July 2014. On this day the MAPEs 

for all methods were relatively high comparing to the monthly MAPE. This happens because, in contrast 

to what happened on 27th January, this day was marked by the low wind power generation, where the 

hourly wind power values fell below 0.025 pu in 11th, 12th and 13th hours (Figure 32). Since these values 
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Figure 32 – Wind Power Forecasts on 27th July 2014 

are relatively closer to 0 the limitation of the MAPE enunciated in 3.5 is somehow affecting the MAPE 

results. 

 

 

  

 

 

 

 

 

 

 

 

 

Besides that, the results in Table 21 allow to conclude that the ANFIS method was once again the 

best method, with a MAPE, MAE and RMSE of 13.60 %, 0.0108 pu and 0.0148 pu, respectively. The 

methods (ANN and RBFN-OLS) also performed well, though.  

In terms of RMSE, the ANN and RBFN-OLS also had good results. However, as it has been usual, 

the RBFN-SDG and RBFN-Hybrid methods were the ones with more gross errors committed.  

Another conclusion can be drawn by looking at Figure 32 on the 21st hour. None of the AI methods 

managed to obtain a good wind power forecast, whereas the Persistence method did it. This seems to 

be very common to happen in peaks and valleys situations.  
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4.2.4 Autumn 

The performance results for the autumn season are presented in Table 22.  

Table 22 – Wind power forecasting results for autumn season 

Method 
MAPEAutumn 

[%] 
MAEAutumn 

[pu] 
RMSEAutumn 

[pu] 

Persistence method 13.97 0.0217 0.0300 

ANN 11.32 0.0156 0.0218 

ANFIS 9.94 0.0155 0.0217 

RBFN - SGD 16.81 0.0172 0.0230 

RBFN - Hybrid 13.20 0.0162 0.0227 

RBFN - OLS 10.00 0.0155 0.0217 

 

In the autumn season, once again, the ANN, ANFIS and RBFN-OLS methods were the ones that 

obtained the best overall performance. The ANFIS method was the best one in relative terms having 

obtained a MAPE of 9.94 %. In terms of RMSE, the ANN, ANFIS and RBFN-OLS methods have all 

stood out, but the best RMSE, 0.0217 pu, was achieved only for the last two. In absolute terms, the best 

MAE was achieved for ANFIS and RBFN-OLS methods, with 0.0155 pu.  

To have a different vision from the global results, an autumn day (27th October 2014) was analyzed. 

The daily performances results and a graph with the evolution of the hourly forecast values for all 

methods can be found in Table 23 and Figure 33, respectively.  

Table 23 – Wind power forecasting results on 27th October 2014 

Day Method MAPE [%] MAE [pu] RMSE [pu] 

27 October 2018 

Persistence method 23.39 0.0115 0.0173 

ANN 38.61 0.0066 0.0085 

ANFIS 21.85 0.0054 0.0076 

RBFN - SGD 78.05 0.0079 0.0093 

RBFN - Hybrid 61.66 0.0076 0.0096 

RBFN - OLS 25.75 0.0055 0.0076 

 

Comparing the results in Table 23 with the ones in Table 22, the first thing that becomes clear is the 

huge difference between the seasonal MAPE and the MAPE on 27th October 2014, a difference even 

bigger than the one spotted in the summer season. On this day the MAPEs for all methods were 

considerable high comparing to the monthly MAPE. The explanation was already mentioned in 4.2.4, 

but by looking at Figure 33, this day was even worse than the 27th July since the hourly wind power 

values were very closer to 0 on the first 8 hours of the day and obviously affecting the MAPE result for 

the day.  
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Figure 33 – Wind Power Forecasts on 27th October 2014 

 

 

 

 

 

 

 

 

 

 

 

 

Furthermore, the results in Table 23 allow to conclude that the ANFIS method was once again the 

best method, with a MAPE, MAE and RMSE of 21.85 %, 0.0054 pu. and 0.0076 pu., respectively. The 

RBFN-OLS method also performed well. The ANN method, in contrast with the other season results, 

did not have similar results to those obtained by ANFIS and RBFN-OLS methods. This could mean that 

the ANN method does not lead well with extreme lower wind power values.  

In terms of RMSE, the RBFN-OLS have the same value as the ANFIS. However, as it has been 

usual, the RBFN-SDG and RBFN-Hybrid methods were the ones with more gross errors committed. 

And that is visible in Figure 33 on the first 8 hours of the day, where the forecast values are relatively 

higher than the real wind power generated.  

4.2.5 Discussion 

The main goal in this sub-chapter results was to find out which method performed better for each 

season of the year. By looking and comparing the results in Tables 16, 18, 20 and 22, the methods that 

stood out for all seasons were clearly the ANN, ANFIS and RBFN-OLS being the ANFIS the one which 

showed more accuracy among them. 

The winter was the season where the highest MAPEs, MAEs and RMSEs were obtained. On the 

other hand, it was in summer where the lowest ones were achieved. This is clearly related with the 

characteristics of the wind in the different times of the year. While in winter the wind is rather instable, 

in the summer the opposite happens.  

Besides that, four days corresponding to the four different seasons were chosen to have a different 

vision from the global results. The forecasting results in Tables 17, 19, 21 and 23 for those days point 

towards the same conclusion drawn from the global results – The ANFIS method was the best one. 
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Another aspect is the limitation of the MAPE that has been rather mentioned along this work. This 

limitation is very well represented in the wind power forecasting results on 27th October 2014 (Table 23). 

The Figure 33 can help to explain them since it is visible a set of a few hours in which the wind power 

generation was very weak producing relatively large MAPEs.  
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5 Conclusions 

In this work the study and application of several wind power forecast techniques were carried out. 

After a detailed analysis of the existing works regarding this theme, four methods (Persistence, ANN, 

ANFIS and RBFN), which have proved their value and effectiveness in this field, were chosen to be 

implemented. 

The implementation phase has a set of initial steps that must be always held, especially if working 

with different ranged data sets. It is of paramount importance to normalize all data sets to make possible 

comparisons among them.  

Another important step is the necessity to find out and optimize the network architectures of the 

methods before applying them. Network parameters, such as the inputs number, number of hidden 

units, number of MF, type of MF, or number of hidden layers, must be optimized ensuring the best trade-

off between performance results and processing time, which are two important aspects when performing 

time-series predictions. This can be done via experiments or trial-and-error.  

The way how the performance is evaluated is also a crucial point. It is essential to have different 

kinds of performance measures since, normally, each one allows to assess a specific aspect, such as 

the RMSE that differs from MAE by giving more importance to large committed errors. However, some 

can have disadvantages. It is the case of MAPE. The limitation of MAPE measure of dealing with wind 

power generated values closer to 0 was too obvious that got to the point of having daily MAPEs over 

400%, which occurred on the 7th and 8th day of December 2014. Despite these results, this higher 

sensibility in this error measure allowed to conclude about how well a method performed accurate 

forecasts when low amount of wind power is being generated. 

Regarding all the AI methods, it was evident that for some methods with only their own learning 

algorithms, such as RBFN-Hybrid and RBFN-OLS, could not managed to face the overfitting problem. 

This happened because in the training phase of this kind of methods the validation set is not considered 

in the training process. To overcome this problem, a k-Fold Cross-Validation technique was employed. 

One-hour-ahead wind power forecasts were performed with all the methods. Wind power data from 

2010 to 2014 were used for making those prediction. But first, an initial data analysis allowed to conclude 

that the presence of seasonality in them was too strong to ignore. Therefore, the wind power forecasts 

were performed according to the seasons of the year, where the winter, spring, summer and autumn 

seasons englobed the following set of months: December – January – February, March – April – May, 

June – July – August and September – October – November, respectively . An average year was created 

for the optimization process, where each architecture of the AI methods was optimized by season 

obtaining the best seasonal network parameters.  

In this way, after getting the best seasonal network parameters each AI method was applied exactly 

4 times corresponding to the 4 different seasons of the year. The training phase was made with the 

seasonal data from January of 2010 to November of 2013 and the remaining seasonal data, from 

December of 2013 to November of 2014, was used for test the methods.  
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The results in chapter 4 were presented in two different ways: by method and by season. This way 

of presentation allows to have a more detailed overview of the results to then make possible draw some 

global conclusions concerning them.  

In sub-chapter 4.1 (Results by method), the main goal was to find out in which seasons the methods 

performed better. By looking at the results, the season where the methods, in general, had achieved the 

greatest performance was the summer. In fact, it was in the summer where the ANN, ANFIS, RBFN-

SDG and RBFN-Hybrid methods obtained the best seasonal MAPE, MAE and RMSE, respectively, with 

9.18 %, 0.0143 pu (37.28 % of improvement relative to the persistence method) and 0.0192 pu for ANN, 

8.90 %, 0.0142 pu (37.72 % of improvement)  and 0.0192 pu for ANFIS, 10.03 %, 0.0147 pu (35.53 % 

of improvement)  and 0.0196 pu for RBFN-SDG and 10.31 %, 0.0157 pu (31.14 % of improvement)  and 

0.0210 for RBFN-Hybrid. The RBFN-OLS method also had performed well in summer season having 

obtained a MAE and RMSE of 0.0142 pu (37.72 % of improvement) and 0.0192 pu, respectively. In 

relative terms the winter was the best season, with a MAPE of 7.86 %, but not too distant from the 

summer MAPE (8.96%) which was the second best.  

Contradicting the overall results there is the Persistence method, where the best season in terms of 

MAE and RMSE was the autumn, with 0.0217 pu and 0.0300 pu, respectively. In relative terms, it was 

the winter once again, as happened with RBFN-OLS method, the best one with a MAPE of 9.73 %. In 

fact, this is not a coincidence since the months of January and February present the lowest MAPEs for 

all methods over the analyzed period. However, that was not enough to make the winter the best season 

in relative terms for the other methods. The December is a winter month as well and it was, in general, 

the worst one in terms of MAPE, which is explained by the low levels of wind power generation observed 

over a few days of the month evidencing the biggest limitation of the MAPE error measure.  

In sub-chapter 4.2 (Results by season), the main goal was to find out which method performed better 

for each season of the year. Starting with the winter, the results indicate that RBFN-OLS method was 

the best one in terms of MAPE and MAE, with 7.86% and 0.0201 pu (29.08 % of improvement relative 

to the persistence method), respectively. However, the ANFIS also obtained good MAPE and MAE 

performances with 9.38 % and 0.0202 pu (28.72 % of improvement), respectively, being in terms of 

RMSE, the method that produced less gross errors with 0.0260 pu. 

In the spring season, the ANN, ANFIS and RBFN-OLS methods clearly obtained the best 

performances. The best MAE, 0.0159 pu (32.91 % of improvement relative to the persistence method) 

and RMSE, 0.0215 pu, were obtained for ANN and RBFN-OLS, respectively, being only 0.0001 lower 

for both cases than the following two best methods configuring an insignificant difference. In relative 

terms, the three methods also obtained the best MAPE results, being the difference between the best 

one (9.07% for ANFIS) and the third best one (9.47% for RBFN-OLS) about 0.4 %, which is also 

insignificant. 

In the summer season, the ANN, ANFIS and RBFN-OLS methods clearly obtained the best MAE 

and RMSE with 0.0142 pu (37.72 % of improvement relative to the persistence method) and 0.0192 pu, 

respectively, being the MAE for ANN only 0.0001 higher which is practically irrelevant. In relative terms, 
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the three methods also obtained the best MAPE results, being the difference between the best one 

(8.90% for ANFIS) and the third best one (9.18% for ANN) under 0.3 %, which is also insignificant. 

Finally, in the autumn season the same conclusion drawn in the spring and summer season can be 

also drawn here. The ANN, ANFIS and RBFN-OLS methods were once again the best ones in all fronts. 

The difference between the best MAE, 0.0155 pu (28,57 % of improvement relative to the persistence 

method) for ANFIS and RBFN-OLS, and RMSE, 0.00217 pu for ANFIS and RBFN-OLS, to the third best 

ones (ANN method) is still only 0.0001, which is irrelevant. However, this time in relative terms, the 

difference between the best one (9.94 % for ANFIS) and the third best one (11.32 % for ANN) is a bit 

higher than in the previous two seasons, around 1.4 %, which in a seasonal scale has some significance.  

In the opposite direction, there is the persistence method that was the worst one for all seasons, as 

expected. 

Having undertaken a detailed overview of the results, the ultimate goal of this work, which is to 

identify among the implemented methods the one that produce the most accurate wind power generation 

predictions, can be now achieved. Basing on all the results and further discussion in chapter 4, the main 

conclusion drawn is that, although the ANN, ANFIS and RBFN-OLS methods have performed well, the 

ANFIS was clearly the best method among all for all seasons performing one-hour-ahead wind power 

generation forecasts.  

5.1 Future work 

Wind power forecasts are performed every single day. It is an essential daily task for any kind of 

electric company that produce wind energy. In this way, it would be interesting as a future work trying 

to apply the methods studied in this thesis in real time. Moreover, the incorporation of other variables, 

such as the wind speed, wind direction and other atmospheric data, could be benefic for the 

achievement of even better performances. 
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Appendix A – Optimization of Network Architectures 

Table 24 – Network architecture optimization for NN technique (nº of inputs = 2) 

n = 2 

Winter Spring Summer Autumn 

h MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

1 3.09 0.0095 0.0117 15.5 4.05 0.0092 0.0117 11.9 5.00 0.0085 0.0111 15.8 3.20 0.0106 0.0133 15.3 

2 2.93 0.0092 0.0115 12.2 4.08 0.0092 0.0116 13.7 5.03 0.0084 0.0110 18.4 3.19 0.0106 0.0132 13.1 

3 2.99 0.0093 0.0116 12.7 4.06 0.0092 0.0116 13.3 4.98 0.0085 0.0110 29.3 3.21 0.0107 0.0133 14.1 

4 2.98 0.0093 0.0116 12.7 4.05 0.0092 0.0117 12.7 4.96 0.0085 0.0111 14.2 3.20 0.0106 0.0132 13.6 

5 2.94 0.0092 0.0115 13.0 4.05 0.0092 0.0117 11.2 4.95 0.0085 0.0110 14.3 3.32 0.0111 0.0136 13.9 

6 2.94 0.0092 0.0115 10.9 4.03 0.0091 0.0116 12.0 4.94 0.0084 0.0110 35.4 3.20 0.0106 0.0132 14.1 

7 3.00 0.0093 0.0116 11.8 4.03 0.0092 0.0117 11.9 4.93 0.0084 0.0110 13.7 3.20 0.0106 0.0132 13.4 

8 2.97 0.0093 0.0116 12.6 4.02 0.0091 0.0117 11.2 4.97 0.0085 0.0111 12.0 3.21 0.0106 0.0133 13.7 

9 2.91 0.0092 0.0115 11.8 4.05 0.0092 0.0116 11.5 5.09 0.0086 0.0111 12.9 3.21 0.0106 0.0132 13.0 

10 2.92 0.0092 0.0115 12.7 4.06 0.0092 0.0118 12.4 4.98 0.0085 0.0111 15.5 3.23 0.0107 0.0133 13.1 

11 2.96 0.0093 0.0116 11.8 4.16 0.0094 0.0117 13.2 4.96 0.0085 0.0110 16.9 3.24 0.0107 0.0134 13.1 

12 2.96 0.0093 0.0116 12.3 4.08 0.0092 0.0119 11.8 4.92 0.0084 0.0110 14.0 3.21 0.0106 0.0132 14.6 

13 2.98 0.0093 0.0116 11.9 4.05 0.0092 0.0116 15.1 4.92 0.0084 0.0109 14.3 3.22 0.0107 0.0132 13.3 

14 2.95 0.0093 0.0115 12.2 4.11 0.0092 0.0117 11.8 5.06 0.0086 0.0111 13.9 3.25 0.0108 0.0134 14.7 

15 2.96 0.0093 0.0116 11.6 4.08 0.0092 0.0117 13.5 5.00 0.0085 0.0110 12.8 3.23 0.0107 0.0133 14.8 

16 3.05 0.0094 0.0117 12.0 4.10 0.0093 0.0117 13.7 5.10 0.0087 0.0113 16.2 3.23 0.0107 0.0133 15.4 

17 2.93 0.0092 0.0115 12.5 4.11 0.0093 0.0116 11.8 4.91 0.0084 0.0110 14.2 3.27 0.0108 0.0135 14.0 

18 2.96 0.0093 0.0115 11.6 4.04 0.0092 0.0117 11.4 4.92 0.0084 0.0109 13.8 3.21 0.0107 0.0133 13.1 

19 2.96 0.0092 0.0114 12.3 4.14 0.0094 0.0118 12.0 4.96 0.0085 0.0111 13.6 3.21 0.0106 0.0133 13.9 

20 2.93 0.0093 0.0115 12.9 4.09 0.0093 0.0118 12.9 4.99 0.0085 0.0110 13.5 3.28 0.0108 0.0135 12.6 
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Table 25 – Network architecture optimization for NN technique (nº of inputs = 3) 

n = 3 

Winter Spring Summer Autumn 

h MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

1 2.94 0.0092 0.0114 18.1 3.94 0.0089 0.0114 12.1 4.72 0.0081 0.0107 13.0 3.10 0.0103 0.0129 12.3 

2 2.94 0.0092 0.0114 14.2 3.94 0.0089 0.0114 11.2 4.67 0.0080 0.0106 13.3 3.10 0.0103 0.0129 11.4 

3 2.91 0.0091 0.0114 14.9 3.92 0.0089 0.0114 10.8 4.64 0.0080 0.0106 14.4 3.09 0.0103 0.0129 11.6 

4 2.90 0.0091 0.0114 15.2 3.92 0.0089 0.0114 11.8 4.68 0.0080 0.0106 12.5 3.11 0.0104 0.0130 11.4 

5 2.89 0.0091 0.0114 12.9 3.89 0.0088 0.0113 11.8 4.69 0.0081 0.0107 16.3 3.10 0.0104 0.0129 10.9 

6 2.95 0.0092 0.0115 13.5 3.89 0.0088 0.0113 11.3 4.69 0.0081 0.0107 26.7 3.13 0.0105 0.0130 13.2 

7 2.91 0.0091 0.0114 13.6 3.93 0.0089 0.0114 11.9 4.68 0.0080 0.0106 23.1 3.11 0.0104 0.0130 11.7 

8 3.04 0.0093 0.0116 13.3 3.91 0.0088 0.0113 12.1 4.67 0.0080 0.0106 25.2 3.12 0.0104 0.0130 12.4 

9 2.94 0.0092 0.0114 12.6 3.89 0.0088 0.0113 12.1 4.67 0.0081 0.0106 23.8 3.12 0.0104 0.0130 12.2 

10 2.96 0.0093 0.0116 11.1 3.91 0.0089 0.0113 11.4 4.71 0.0081 0.0106 13.0 3.13 0.0105 0.0130 11.1 

11 2.92 0.0092 0.0114 13.5 3.85 0.0088 0.0113 12.5 4.75 0.0081 0.0107 13.4 3.13 0.0104 0.0131 11.1 

12 2.92 0.0091 0.0114 14.3 3.93 0.0089 0.0114 13.1 4.67 0.0081 0.0106 12.8 3.12 0.0104 0.0130 12.3 

13 3.06 0.0094 0.0117 14.6 3.97 0.0090 0.0114 11.9 4.62 0.0080 0.0105 13.1 3.16 0.0106 0.0132 12.4 

14 2.90 0.0092 0.0115 12.2 3.95 0.0089 0.0115 13.0 4.65 0.0080 0.0105 13.5 3.10 0.0103 0.0130 12.6 

15 2.92 0.0091 0.0115 12.7 3.97 0.0090 0.0115 12.2 4.67 0.0081 0.0106 12.8 3.13 0.0104 0.0131 13.0 

16 2.94 0.0092 0.0115 14.9 3.90 0.0089 0.0113 12.7 4.74 0.0082 0.0108 14.9 3.18 0.0106 0.0133 11.6 

17 2.94 0.0092 0.0115 12.5 3.93 0.0089 0.0114 13.3 4.68 0.0081 0.0107 14.9 3.15 0.0105 0.0132 12.4 

18 2.92 0.0092 0.0115 14.1 4.03 0.0091 0.0116 13.1 4.67 0.0080 0.0106 15.6 3.18 0.0107 0.0133 11.5 

19 2.90 0.0092 0.0114 14.0 3.95 0.0089 0.0115 12.3 4.71 0.0081 0.0107 12.1 3.16 0.0106 0.0132 12.3 

20 2.91 0.0092 0.0115 13.3 3.97 0.0090 0.0115 12.6 4.65 0.0080 0.0106 13.5 3.14 0.0105 0.0131 14.2 
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Table 26 – Network architecture optimization for ANFIS technique (Generalized Bell-Shaped MF) 

 Generalized Bell-Shaped MF (gbellmf) 

Winter Spring Summer Autumn 

n M 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 

2 

2 2.99 0.0093 0.0116 9.0 3.97 0.0090 0.0115 8.8 5.02 0.0085 0.0111 8.8 3.18 0.0106 0.0132 8.4 

3 2.96 0.0093 0.0115 18.0 3.98 0.0090 0.0115 17.6 5.05 0.0086 0.0111 18.4 3.17 0.0106 0.0132 17.4 

4 2.92 0.0092 0.0115 36.4 4.05 0.0091 0.0117 36.3 5.08 0.0086 0.0111 37.7 3.22 0.0107 0.0134 36.1 

3 

2 2.95 0.0092 0.0115 20.8 3.87 0.0088 0.0113 20.4 4.64 0.0080 0.0106 22.2 3.16 0.0106 0.0132 27.4 

3 2.95 0.0093 0.0116 133.8 4.05 0.0091 0.0116 137.2 4.81 0.0083 0.0108 135.0 3.16 0.0105 0.0132 139.9 

4 2.92 0.0093 0.0115 711.6 4.13 0.0092 0.0116 724.8 4.81 0.0083 0.0109 728.6 3.19 0.0107 0.0134 715.1 

Table 27 – Network architecture optimization for ANFIS technique (Triangular MF) 

 Triangular MF (trimf) 

Winter Spring Summer Autumn 

n M 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 

2 

2 2.94 0.0093 0.0115 6.6 3.97 0.0090 0.0115 6.8 5.00 0.0085 0.0111 6.6 3.16 0.0105 0.0131 6.8 

3 3.00 0.0094 0.0117 14.5 3.98 0.0091 0.0116 15.1 5.04 0.0086 0.0111 14.5 3.24 0.0108 0.0134 14.4 

4 3.01 0.0093 0.0116 32.2 3.93 0.0090 0.0115 33.6 5.01 0.0085 0.0110 33.0 3.20 0.0106 0.0132 32.0 

3 

2 2.95 0.0092 0.0115 17.4 3.87 0.0088 0.0113 17.6 4.62 0.0080 0.0106 17.5 3.12 0.0104 0.0130 18.3 

3 2.99 0.0093 0.0117 129.0 3.95 0.0090 0.0115 132.0 4.64 0.0081 0.0107 132.4 3.22 0.0108 0.0134 136.5 

4 2.99 0.0094 0.0117 709.8 4.07 0.0092 0.0117 724.9 4.77 0.0082 0.0108 728.8 3.26 0.0109 0.0140 711.8 

Table 28 – Network architecture optimization for ANFIS technique (Gaussian MF) 

 Gaussian MF (gaussmf) 

Winter Spring Summer Autumn 

n M MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 

2 

2 2.95 0.0093 0.0116 8.5 3.97 0.0090 0.0115 8.3 5.05 0.0086 0.0111 8.0 3.18 0.0106 0.0132 8.0 

3 2.98 0.0093 0.0116 16.9 3.99 0.0090 0.0115 17.3 5.04 0.0085 0.0111 16.9 3.17 0.0106 0.0132 16.8 

4 2.92 0.0092 0.0115 34.4 4.04 0.0091 0.0116 34.6 5.06 0.0086 0.0111 35.4 3.19 0.0106 0.0133 35.3 

3 

2 3.00 0.0093 0.0116 19.1 3.86 0.0088 0.0113 21.8 4.66 0.0081 0.0107 19.5 3.11 0.0104 0.0129 20.2 

3 2.93 0.0092 0.0115 133.1 3.96 0.0090 0.0114 141.8 4.71 0.0081 0.0107 138.9 3.18 0.0106 0.0133 137.8 

4 2.88 0.0092 0.0115 722.6 4.12 0.0093 0.0117 741.7 4.82 0.0083 0.0109 745.4 3.35 0.0112 0.0144 743.8 
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Table 29 – Network architecture optimization for RBFN - SDG technique (nº of inputs = 2) 

RBFN – SDG (n = 2) 

Winter Spring Summer Autumn 

h 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 

1 6.64 0.0178 0.0224 68.7 9.24 0.0187 0.0238 39.9 51.95 0.0665 0.5195 36.5 5.47 0.0180 0.0223 38.1 

2 4.09 0.0118 0.0149 159.7 5.68 0.0117 0.0144 139.2 7.62 0.0109 0.0762 215.8 5.77 0.0190 0.0236 43.0 

3 4.93 0.0135 0.0172 127.1 6.84 0.0143 0.0174 137.7 7.06 0.0107 0.0706 182.1 7.04 0.0233 0.0290 122.6 

4 4.10 0.0118 0.0147 164.0 6.37 0.0132 0.0162 174.4 7.05 0.0108 0.0705 345.6 4.62 0.0149 0.0185 84.4 

5 4.74 0.0134 0.0169 224.9 5.52 0.0114 0.0141 312.3 6.48 0.0104 0.0648 269.5 4.11 0.0131 0.0165 134.8 

6 3.66 0.0105 0.0131 308.0 8.85 0.0180 0.0228 117.1 7.68 0.0117 0.0768 394.2 4.14 0.0132 0.0163 54.1 

7 4.10 0.0113 0.0144 229.6 6.42 0.0132 0.0164 162.9 7.63 0.0108 0.0763 324.5 4.67 0.0158 0.0195 64.6 

8 3.87 0.0111 0.0141 287.0 5.61 0.0116 0.0144 191.5 6.66 0.0103 0.0666 449.4 5.16 0.0166 0.0206 76.4 

9 5.32 0.0130 0.0176 186.6 5.77 0.0117 0.0145 167.1 6.71 0.0104 0.0671 459.0 5.41 0.0171 0.0213 91.5 

10 3.46 0.0102 0.0126 299.8 5.15 0.0107 0.0134 151.3 5.83 0.0092 0.0583 526.1 4.20 0.0138 0.0172 112.7 

11 3.54 0.0104 0.0131 371.2 5.89 0.0120 0.0148 213.4 6.03 0.0099 0.0603 499.8 3.60 0.0117 0.0143 283.8 

12 3.24 0.0098 0.0122 527.7 6.44 0.0135 0.0165 201.8 6.10 0.0097 0.0610 638.7 5.73 0.0181 0.0232 170.6 

13 3.12 0.0096 0.0121 566.4 4.88 0.0103 0.0128 391.5 6.25 0.0097 0.0625 768.3 3.76 0.0121 0.0150 296.7 

14 3.56 0.0104 0.0127 482.0 4.93 0.0105 0.0130 412.7 5.90 0.0094 0.0590 741.6 3.67 0.0121 0.0150 173.1 

15 3.30 0.0098 0.0122 552.6 4.93 0.0103 0.0130 179.2 6.13 0.0097 0.0613 738.6 3.49 0.0114 0.0140 147.2 

16 3.30 0.0099 0.0123 655.2 5.32 0.0110 0.0137 447.1 5.24 0.0088 0.0524 828.3 4.84 0.0151 0.0187 137.3 

17 5.07 0.0130 0.0169 505.8 5.23 0.0109 0.0136 587.8 6.24 0.0098 0.0624 977.7 4.30 0.0136 0.0171 130.0 

18 3.28 0.0099 0.0125 608.2 4.80 0.0101 0.0127 251.7 6.11 0.0095 0.0611 700.1 5.15 0.0169 0.0213 166.3 

19 3.02 0.0095 0.0118 413.8 4.23 0.0093 0.0118 310.9 5.62 0.0093 0.0562 652.9 3.19 0.0106 0.0132 265.4 

20 3.19 0.0098 0.0121 718.1 4.10 0.0092 0.0118 461.2 6.38 0.0100 0.0638 1263.0 4.23 0.0138 0.0169 246.5 
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Table 30 – Network architecture optimization for RBFN - SDG technique (nº of inputs = 3) 

RBFN – SDG (n = 3) 

Winter Spring Summer Autumn 

h MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 
MAPE 

[%] 
MAE 
[pu] 

RMSE 
[pu] 

tp [s] 

1 11.34 0.0290 0.0365 18.6 12.08 0.0241 0.0311 26.2 9.12 0.0132 0.0175 79.2 6.83 0.0221 0.0276 27.5 

2 6.33 0.0166 0.0212 51.0 11.21 0.0221 0.0277 33.2 10.38 0.0155 0.0196 71.0 4.95 0.0161 0.0203 64.9 

3 6.44 0.0168 0.0218 59.7 9.28 0.0192 0.0240 99.0 11.94 0.0169 0.0217 138.9 6.64 0.0217 0.0270 43.8 

4 4.31 0.0121 0.0154 182.3 9.50 0.0194 0.0245 88.3 8.96 0.0133 0.0163 146.8 6.57 0.0212 0.0264 57.8 

5 8.08 0.0198 0.0268 105.5 7.35 0.0149 0.0191 116.3 7.55 0.0116 0.0143 293.9 5.05 0.0165 0.0206 119.3 

6 4.50 0.0127 0.0159 186.4 9.08 0.0186 0.0236 162.8 8.48 0.0128 0.0157 297.3 7.94 0.0255 0.0321 72.7 

7 3.80 0.0111 0.0138 362.3 7.85 0.0159 0.0199 244.4 6.44 0.0101 0.0128 331.9 8.26 0.0265 0.0334 72.7 

8 3.72 0.0111 0.0139 257.1 7.38 0.0153 0.0188 189.7 8.03 0.0127 0.0156 388.0 8.02 0.0261 0.0328 94.3 

9 7.09 0.0179 0.0234 193.6 7.20 0.0144 0.0181 124.7 7.58 0.0118 0.0146 503.3 5.24 0.0170 0.0212 160.4 

10 3.94 0.0118 0.0146 577.8 8.06 0.0156 0.0197 100.5 7.09 0.0112 0.0139 529.2 6.18 0.0194 0.0245 176.9 

11 4.55 0.0131 0.0163 245.5 8.89 0.0171 0.0218 117.9 6.73 0.0104 0.0132 515.8 4.99 0.0161 0.0197 171.1 

12 3.46 0.0103 0.0128 464.8 6.81 0.0136 0.0170 166.3 7.90 0.0123 0.0152 543.3 6.09 0.0187 0.0233 133.2 

13 4.18 0.0121 0.0153 175.6 8.33 0.0162 0.0204 142.1 7.79 0.0120 0.0149 684.9 8.65 0.0282 0.0350 101.5 

14 3.43 0.0103 0.0129 456.7 5.67 0.0119 0.0149 335.5 7.87 0.0123 0.0152 704.5 8.14 0.0271 0.0346 171.6 

15 3.47 0.0106 0.0133 298.0 6.27 0.0124 0.0157 445.3 7.72 0.0118 0.0146 540.5 4.65 0.0148 0.0184 219.2 

16 3.49 0.0108 0.0134 493.7 6.04 0.0122 0.0153 387.3 7.28 0.0114 0.0141 879.0 8.11 0.0259 0.0323 150.7 

17 4.10 0.0119 0.0148 506.0 7.00 0.0140 0.0176 235.6 7.15 0.0114 0.0141 890.4 5.49 0.0176 0.0218 160.0 

18 4.01 0.0114 0.0142 336.5 7.41 0.0144 0.0183 235.1 7.27 0.0112 0.0141 758.0 4.58 0.0148 0.0181 149.7 

19 3.85 0.0113 0.0141 625.5 9.21 0.0180 0.0226 170.6 7.31 0.0115 0.0142 738.5 4.68 0.0148 0.0184 315.4 

20 3.75 0.0109 0.0136 626.6 5.81 0.0119 0.0148 310.6 7.57 0.0117 0.0145 835.6 3.41 0.0113 0.0139 245.3 
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Table 31 – Network architecture optimization for RBFN - Hybrid technique (nº of inputs = 2) 

RBFN – Hybrid (n = 2) 

Winter Spring Summer Autumn 

h MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

1 30.32 0.0779 0.0982 3.2 47.35 0.0817 0.1061 5.7 50.84 0.0652 0.0802 3.0 28.71 0.1030 0.1096 4.0 

2 6.81 0.0197 0.0242 8.2 9.72 0.0205 0.0254 10.6 13.05 0.0195 0.0250 9.4 6.70 0.0222 0.0275 11.0 

3 7.08 0.0201 0.0247 17.0 9.32 0.0200 0.0249 14.5 13.44 0.0198 0.0253 11.2 7.07 0.0238 0.0294 17.5 

4 5.84 0.0178 0.0226 13.8 9.36 0.0202 0.0248 23.2 12.64 0.0194 0.0249 19.7 6.46 0.0213 0.0265 25.1 

5 6.01 0.0181 0.0228 20.8 9.26 0.0198 0.0245 30.7 12.39 0.0194 0.0244 15.7 6.46 0.0213 0.0266 22.3 

6 5.74 0.0178 0.0225 25.1 9.31 0.0202 0.0249 23.5 12.86 0.0196 0.0249 27.4 6.44 0.0212 0.0265 35.7 

7 5.79 0.0176 0.0220 21.5 9.36 0.0203 0.0251 32.7 7.92 0.0120 0.0154 24.2 6.46 0.0213 0.0265 38.5 

8 5.60 0.0173 0.0220 16.5 9.10 0.0195 0.0239 22.6 9.31 0.0133 0.0179 39.8 6.42 0.0213 0.0266 46.1 

9 3.60 0.0114 0.0143 25.4 5.85 0.0120 0.0152 47.0 9.06 0.0131 0.0167 39.2 6.29 0.0207 0.0259 42.0 

10 4.83 0.0143 0.0179 25.3 8.55 0.0176 0.0228 29.5 7.29 0.0111 0.0142 33.0 5.16 0.0171 0.0226 31.0 

11 4.04 0.0123 0.0155 43.5 6.47 0.0130 0.0164 29.9 7.69 0.0114 0.0147 37.4 5.92 0.0202 0.0269 30.8 

12 4.35 0.0127 0.0162 32.9 7.81 0.0162 0.0207 45.4 7.77 0.0114 0.0146 22.2 4.68 0.0162 0.0202 35.6 

13 4.37 0.0122 0.0150 41.6 7.42 0.0153 0.0196 38.6 5.76 0.0096 0.0125 24.1 5.90 0.0201 0.0255 38.9 

14 4.65 0.0128 0.0164 41.2 7.75 0.0162 0.0210 37.6 6.09 0.0097 0.0125 28.4 5.33 0.0180 0.0232 30.2 

15 4.71 0.0132 0.0165 48.1 6.87 0.0141 0.0184 33.0 5.47 0.0090 0.0116 28.3 3.98 0.0136 0.0172 34.1 

16 4.63 0.0133 0.0165 29.4 7.02 0.0140 0.0180 30.9 5.68 0.0093 0.0118 25.9 4.69 0.0161 0.0202 33.7 

17 4.77 0.0138 0.0171 44.9 6.46 0.0131 0.0170 39.1 5.57 0.0092 0.0119 36.8 5.66 0.0194 0.0246 33.7 

18 4.40 0.0125 0.0157 47.9 6.47 0.0132 0.0169 31.3 5.41 0.0090 0.0116 29.1 4.29 0.0148 0.0189 39.6 

19 4.84 0.0136 0.0174 38.0 6.31 0.0132 0.0174 31.8 5.29 0.0089 0.0114 28.0 5.73 0.0195 0.0247 42.9 

20 3.96 0.0117 0.0147 28.6 5.02 0.0106 0.0136 30.0 5.33 0.0089 0.0115 42.9 4.44 0.0154 0.0201 44.5 

21 4.07 0.0120 0.0151 42.5 5.86 0.0119 0.0151 28.1 5.32 0.0089 0.0115 30.7 5.02 0.0173 0.0216 31.3 

22 3.91 0.0112 0.0142 22.1 5.85 0.0120 0.0153 39.4 5.20 0.0086 0.0112 34.9 4.08 0.0139 0.0174 48.5 

23 3.46 0.0106 0.0132 25.9 5.95 0.0122 0.0158 32.4 5.28 0.0087 0.0112 28.0 3.61 0.0123 0.0156 40.5 

24 3.53 0.0109 0.0134 22.5 5.98 0.0120 0.0155 22.1 5.07 0.0086 0.0111 28.1 4.19 0.0145 0.0187 19.7 

25 3.99 0.0118 0.0148 28.8 5.53 0.0113 0.0143 20.7 5.56 0.0090 0.0116 29.9 3.91 0.0134 0.0167 24.5 

26 3.24 0.0101 0.0123 20.8 4.90 0.0104 0.0134 27.1 5.04 0.0085 0.0110 21.6 3.56 0.0120 0.0151 29.4 

27 3.19 0.0101 0.0123 20.9 4.96 0.0106 0.0136 25.1 5.24 0.0087 0.0113 21.7 3.73 0.0125 0.0153 19.6 

28 3.58 0.0108 0.0134 18.2 5.57 0.0113 0.0144 29.6 5.31 0.0087 0.0112 27.5 3.62 0.0123 0.0155 24.7 

29 3.16 0.0099 0.0120 20.5 5.55 0.0113 0.0143 28.1 4.99 0.0085 0.0110 26.5 4.01 0.0138 0.0177 26.5 

30 3.68 0.0109 0.0136 20.6 4.98 0.0105 0.0134 21.7 5.15 0.0086 0.0111 29.2 3.78 0.0129 0.0163 25.6 

31 3.36 0.0102 0.0124 25.1 5.09 0.0107 0.0137 21.2 5.07 0.0085 0.0110 23.9 3.41 0.0114 0.0142 22.9 

32 2.98 0.0095 0.0118 23.2 4.58 0.0099 0.0126 27.9 5.01 0.0085 0.0110 27.4 4.15 0.0142 0.0182 28.6 
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33 3.18 0.0098 0.0120 19.5 4.57 0.0100 0.0126 20.3 5.06 0.0086 0.0111 21.1 3.41 0.0115 0.0143 24.3 

34 3.08 0.0097 0.0120 27.0 4.41 0.0097 0.0124 20.5 4.88 0.0084 0.0110 24.4 3.83 0.0131 0.0166 25.2 

35 3.13 0.0098 0.0121 20.2 5.37 0.0110 0.0140 22.8 5.18 0.0086 0.0111 24.4 3.32 0.0110 0.0138 18.5 

36 3.19 0.0099 0.0120 21.1 5.70 0.0116 0.0152 22.0 5.09 0.0085 0.0110 31.0 3.63 0.0124 0.0157 22.7 

37 3.37 0.0102 0.0125 18.2 4.52 0.0098 0.0126 22.4 5.00 0.0084 0.0110 26.5 3.76 0.0128 0.0160 23.9 

38 3.60 0.0105 0.0129 20.7 4.81 0.0102 0.0130 27.1 4.89 0.0084 0.0110 40.3 3.38 0.0113 0.0143 22.7 

39 2.94 0.0093 0.0116 20.3 4.57 0.0100 0.0128 23.3 5.27 0.0088 0.0112 22.9 3.48 0.0116 0.0146 18.6 

40 3.04 0.0096 0.0119 18.5 4.96 0.0105 0.0131 17.3 4.87 0.0084 0.0110 21.3 3.33 0.0111 0.0139 18.0 

41 3.24 0.0099 0.0121 24.2 4.88 0.0103 0.0133 21.0 4.96 0.0085 0.0110 19.3 3.77 0.0129 0.0165 22.7 

42 3.13 0.0098 0.0121 24.0 4.60 0.0100 0.0128 25.0 4.85 0.0083 0.0109 24.8 3.39 0.0115 0.0145 22.4 

43 3.26 0.0099 0.0122 22.1 4.41 0.0097 0.0123 16.2 4.87 0.0083 0.0109 17.0 3.35 0.0112 0.0139 26.2 

44 2.94 0.0093 0.0117 22.1 4.72 0.0102 0.0132 22.8 4.90 0.0084 0.0110 26.1 3.28 0.0110 0.0136 18.6 

45 3.12 0.0096 0.0119 18.4 4.50 0.0098 0.0125 23.1 4.98 0.0085 0.0110 22.9 3.40 0.0114 0.0142 18.7 

46 3.10 0.0096 0.0119 21.4 4.77 0.0101 0.0129 20.6 5.11 0.0087 0.0113 29.2 3.42 0.0114 0.0143 19.3 

47 3.05 0.0095 0.0117 15.8 4.67 0.0100 0.0129 23.1 5.12 0.0086 0.0112 17.4 3.46 0.0117 0.0148 20.1 

48 3.12 0.0096 0.0119 21.9 4.63 0.0100 0.0128 20.2 4.94 0.0085 0.0111 17.5 3.37 0.0112 0.0140 18.8 

49 3.05 0.0096 0.0120 19.0 4.89 0.0104 0.0134 17.7 4.89 0.0084 0.0110 19.2 3.40 0.0114 0.0142 23.4 

50 3.09 0.0097 0.0120 13.8 4.51 0.0098 0.0126 19.1 5.00 0.0086 0.0111 24.7 3.52 0.0119 0.0149 16.6 
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Table 32 – Network architecture optimization for RBFN - Hybrid technique (nº of inputs = 3) 

RBFN – Hybrid (n = 3) 

Winter Spring Summer Autumn 

h MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

1 30.31 0.0779 0.0982 3.7 47.04 0.0815 0.1054 3.3 50.95 0.0654 0.0804 3.4 28.50 0.1026 0.1102 3.5 

2 8.24 0.0239 0.0296 7.4 11.97 0.0253 0.0313 8.9 16.64 0.0244 0.0312 9.6 8.23 0.0271 0.0340 9.0 

3 8.56 0.0244 0.0302 16.0 11.77 0.0251 0.0312 13.2 17.09 0.0248 0.0316 19.2 8.60 0.0288 0.0358 15.1 

4 7.40 0.0224 0.0285 19.8 11.79 0.0252 0.0311 20.5 16.52 0.0247 0.0314 18.2 8.02 0.0265 0.0332 18.7 

5 7.60 0.0227 0.0285 20.7 11.76 0.0251 0.0309 18.2 12.96 0.0191 0.0252 32.0 7.97 0.0263 0.0333 30.3 

6 7.08 0.0217 0.0276 22.1 11.75 0.0254 0.0313 24.0 14.93 0.0202 0.0264 26.2 7.92 0.0260 0.0327 27.2 

7 6.31 0.0185 0.0249 19.5 10.21 0.0221 0.0281 20.8 9.93 0.0147 0.0183 18.7 7.43 0.0250 0.0328 34.6 

8 5.93 0.0173 0.0225 27.4 6.10 0.0131 0.0167 20.7 8.35 0.0129 0.0162 19.9 7.55 0.0248 0.0308 36.6 

9 5.59 0.0161 0.0206 23.9 10.34 0.0214 0.0276 27.1 8.58 0.0131 0.0165 36.0 7.90 0.0264 0.0332 32.8 

10 5.22 0.0151 0.0196 25.5 7.88 0.0163 0.0215 30.1 7.80 0.0124 0.0154 26.2 5.44 0.0187 0.0236 38.9 

11 4.98 0.0146 0.0184 38.7 7.23 0.0150 0.0189 30.9 7.79 0.0122 0.0152 25.2 6.67 0.0229 0.0301 52.2 

12 3.95 0.0121 0.0151 35.8 8.03 0.0164 0.0209 25.3 7.04 0.0118 0.0147 21.1 5.01 0.0173 0.0224 24.2 

13 3.86 0.0124 0.0151 33.2 6.20 0.0131 0.0166 28.2 7.55 0.0121 0.0151 22.1 5.97 0.0205 0.0260 30.2 

14 3.87 0.0123 0.0151 35.7 7.13 0.0147 0.0186 21.5 6.79 0.0112 0.0140 28.9 4.98 0.0171 0.0218 26.2 

15 4.30 0.0130 0.0162 29.2 7.37 0.0147 0.0191 23.7 6.82 0.0113 0.0141 25.4 4.82 0.0161 0.0204 23.9 

16 4.04 0.0126 0.0155 28.2 7.57 0.0152 0.0197 21.1 7.09 0.0117 0.0147 20.9 5.81 0.0194 0.0244 28.2 

17 3.83 0.0122 0.0150 32.0 6.89 0.0141 0.0177 23.4 6.81 0.0113 0.0143 21.3 5.54 0.0185 0.0236 25.1 

18 4.37 0.0124 0.0157 24.2 6.81 0.0140 0.0177 18.7 6.47 0.0108 0.0137 25.7 5.54 0.0191 0.0243 23.9 

19 3.84 0.0118 0.0146 22.4 6.60 0.0136 0.0172 23.2 6.61 0.0110 0.0138 27.1 5.84 0.0199 0.0249 31.2 

20 3.59 0.0113 0.0141 25.3 6.75 0.0136 0.0172 26.4 6.29 0.0098 0.0128 21.6 5.51 0.0186 0.0238 19.4 

21 3.85 0.0116 0.0141 26.1 6.76 0.0137 0.0174 27.8 6.43 0.0102 0.0129 27.4 3.90 0.0130 0.0164 24.9 

22 3.56 0.0111 0.0139 20.1 5.68 0.0123 0.0157 24.7 6.23 0.0102 0.0130 21.9 4.74 0.0161 0.0199 24.0 

23 4.08 0.0120 0.0153 23.0 5.55 0.0122 0.0154 23.5 6.33 0.0102 0.0129 17.9 4.26 0.0142 0.0179 26.4 

24 3.43 0.0109 0.0136 21.3 5.42 0.0118 0.0149 27.5 6.65 0.0108 0.0136 23.6 4.07 0.0136 0.0171 25.8 

25 3.50 0.0110 0.0136 17.9 5.94 0.0124 0.0159 23.9 5.87 0.0096 0.0123 20.2 4.27 0.0144 0.0182 22.2 

26 3.48 0.0110 0.0138 21.0 6.40 0.0131 0.0164 18.4 6.29 0.0100 0.0127 27.4 4.96 0.0173 0.0225 24.4 

27 3.40 0.0105 0.0131 23.0 6.13 0.0127 0.0159 25.0 6.05 0.0097 0.0124 19.1 4.24 0.0143 0.0180 24.1 

28 3.13 0.0101 0.0126 20.8 5.52 0.0118 0.0148 20.2 6.05 0.0099 0.0126 19.3 4.07 0.0137 0.0171 27.4 

29 3.31 0.0104 0.0129 24.7 5.31 0.0116 0.0144 24.7 6.56 0.0106 0.0133 19.2 4.20 0.0141 0.0176 20.1 

30 3.52 0.0109 0.0136 20.6 5.52 0.0117 0.0148 17.5 5.86 0.0096 0.0124 19.3 4.02 0.0134 0.0166 20.1 

31 3.28 0.0105 0.0131 18.4 5.55 0.0120 0.0152 15.2 5.30 0.0090 0.0116 21.8 4.33 0.0145 0.0179 16.3 

32 3.44 0.0108 0.0134 17.3 4.88 0.0105 0.0131 17.2 5.59 0.0092 0.0119 19.2 4.07 0.0136 0.0170 21.8 
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33 3.35 0.0104 0.0129 15.7 5.26 0.0114 0.0143 20.9 5.05 0.0086 0.0112 18.4 4.00 0.0134 0.0166 24.1 

34 3.60 0.0108 0.0135 23.5 5.15 0.0113 0.0141 16.3 5.71 0.0094 0.0120 20.5 4.10 0.0137 0.0170 25.8 

35 3.76 0.0115 0.0143 26.2 5.37 0.0113 0.0144 18.6 4.99 0.0085 0.0112 25.2 3.89 0.0131 0.0163 17.6 

36 2.98 0.0095 0.0120 22.4 5.22 0.0114 0.0144 20.2 4.86 0.0083 0.0110 19.0 3.96 0.0131 0.0163 22.7 

37 2.93 0.0095 0.0120 15.9 5.16 0.0110 0.0141 21.0 5.05 0.0086 0.0116 24.2 3.92 0.0132 0.0164 26.7 

38 3.21 0.0100 0.0122 24.5 5.10 0.0111 0.0139 19.1 4.97 0.0084 0.0110 16.5 3.87 0.0131 0.0162 22.3 

39 3.25 0.0104 0.0128 24.5 4.85 0.0106 0.0134 21.5 5.40 0.0090 0.0116 23.3 3.69 0.0124 0.0153 22.0 

40 3.08 0.0097 0.0121 21.3 4.72 0.0105 0.0133 17.5 4.82 0.0084 0.0110 17.8 3.75 0.0125 0.0158 19.8 

41 3.05 0.0098 0.0123 21.1 5.26 0.0114 0.0143 17.2 5.11 0.0085 0.0112 20.2 4.03 0.0134 0.0173 17.6 

42 3.15 0.0100 0.0124 18.9 4.72 0.0106 0.0133 15.0 4.72 0.0081 0.0108 22.3 3.63 0.0123 0.0157 18.5 

43 3.30 0.0101 0.0126 17.6 4.88 0.0106 0.0134 23.6 5.36 0.0090 0.0117 17.8 3.70 0.0125 0.0155 28.5 

44 3.09 0.0097 0.0121 23.2 5.29 0.0114 0.0145 17.6 4.83 0.0083 0.0111 20.0 3.92 0.0132 0.0162 18.0 

45 3.12 0.0098 0.0122 20.3 5.51 0.0118 0.0150 18.7 5.12 0.0086 0.0113 20.4 3.77 0.0125 0.0156 19.2 

46 3.05 0.0097 0.0121 19.5 5.02 0.0108 0.0136 14.4 4.78 0.0083 0.0108 19.2 4.02 0.0135 0.0169 17.5 

47 3.09 0.0098 0.0122 16.2 4.57 0.0101 0.0126 21.5 5.63 0.0093 0.0120 21.9 4.08 0.0137 0.0178 22.6 

48 3.29 0.0101 0.0124 21.9 5.06 0.0109 0.0139 21.6 5.35 0.0090 0.0117 17.0 3.59 0.0120 0.0152 20.6 

49 3.13 0.0097 0.0120 18.1 4.82 0.0105 0.0132 14.6 4.59 0.0081 0.0109 21.3 3.98 0.0133 0.0168 22.2 

50 3.02 0.0095 0.0119 15.0 4.54 0.0099 0.0126 15.3 5.21 0.0087 0.0114 18.1 3.53 0.0118 0.0147 20.3 
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Table 33 – Network architecture optimization for RBFN - OLS technique (nº of inputs = 2) 

RBFN – OLS (n = 2) 

Winter Spring Summer Autumn 

σ MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

0.1 3.06 0.0097 0.0120 17.1 4.36 0.0097 0.0126 23.4 4.99 0.0085 0.0111 16.4 3.86 0.0129 0.0250 18.4 

0.2 3.00 0.0094 0.0117 17.5 4.16 0.0093 0.0119 17.0 4.91 0.0084 0.0109 16.2 3.34 0.0111 0.0142 16.2 

0.3 2.96 0.0093 0.0116 16.7 4.13 0.0092 0.0118 18.8 4.89 0.0084 0.0109 16.9 3.24 0.0108 0.0134 15.5 

0.4 2.93 0.0093 0.0115 17.3 4.02 0.0091 0.0116 16.7 4.87 0.0083 0.0109 15.8 3.22 0.0107 0.0134 16.8 

0.5 2.91 0.0092 0.0115 17.2 4.04 0.0091 0.0117 17.3 4.88 0.0083 0.0109 17.4 3.22 0.0107 0.0133 16.7 

0.6 2.91 0.0092 0.0115 16.9 4.03 0.0091 0.0116 19.1 4.88 0.0083 0.0109 17.4 3.23 0.0107 0.0134 15.9 

0.7 2.93 0.0092 0.0115 16.5 4.03 0.0091 0.0116 19.9 4.88 0.0084 0.0109 16.5 3.24 0.0107 0.0134 16.4 

0.8 2.93 0.0093 0.0115 16.7 4.01 0.0091 0.0116 16.3 4.90 0.0084 0.0109 16.9 3.23 0.0107 0.0133 16.6 

0.9 2.93 0.0093 0.0115 16.4 4.01 0.0091 0.0116 19.2 4.90 0.0084 0.0109 16.3 3.22 0.0107 0.0133 17.0 

1.0 2.94 0.0093 0.0115 17.1 4.01 0.0091 0.0116 23.2 4.89 0.0084 0.0109 16.4 3.21 0.0107 0.0132 17.1 

 

Table 34 – Network architecture optimization for RBFN - OLS technique (nº of inputs = 3) 

RBFN – OLS (n = 3) 

Winter Spring Summer Autumn 

σ MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

MAPE 
[%] 

MAE 
[pu] 

RMSE 
[pu] 

tp 
[s] 

0.1 11.78 0.0219 0.1312 20.1 9.54 0.0185 0.0419 20.7 6.48 0.0103 0.0151 19.5 8.46 0.0308 0.1613 18.9 

0.2 3.29 0.0100 0.0125 20.6 4.27 0.0095 0.0121 18.8 4.72 0.0083 0.0110 17.5 3.72 0.0126 0.0197 17.1 

0.3 3.18 0.0097 0.0122 17.2 4.22 0.0094 0.0118 17.4 4.80 0.0082 0.0107 17.7 3.34 0.0112 0.0146 16.2 

0.4 3.02 0.0094 0.0117 16.3 4.19 0.0094 0.0119 16.8 4.90 0.0083 0.0108 16.7 3.24 0.0108 0.0136 16.5 

0.5 2.95 0.0093 0.0116 16.6 4.04 0.0091 0.0115 17.3 4.76 0.0082 0.0107 17.7 3.19 0.0106 0.0134 16.6 

0.6 2.95 0.0093 0.0116 16.2 3.98 0.0090 0.0114 19.0 4.74 0.0081 0.0106 17.1 3.17 0.0106 0.0132 16.5 

0.7 2.92 0.0092 0.0115 16.8 3.98 0.0090 0.0114 18.2 4.76 0.0081 0.0106 17.7 3.12 0.0104 0.0130 17.8 

0.8 2.93 0.0092 0.0115 17.2 3.96 0.0090 0.0114 18.3 4.71 0.0081 0.0106 17.1 3.11 0.0103 0.0130 18.1 

0.9 2.95 0.0093 0.0115 17.5 3.95 0.0090 0.0114 19.1 4.72 0.0081 0.0106 18.0 3.12 0.0104 0.0130 18.0 

1.0 2.95 0.0093 0.0115 17.7 3.94 0.0089 0.0114 19.1 4.72 0.0081 0.0107 18.6 3.12 0.0104 0.0130 18.2 
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Appendix B – Wind Power Forecasting and Performance Results (auxiliary Tables) 

 

 
Season Month Day Persint. NN ANFIS RBFN - BP RBFN - Hy RBFN - OLS Persint. NN ANFIS RBFN - BP RBFN - Hy RBFN - OLS Persint. NN ANFIS RBFN - BP RBFN - Hy RBFN - OLS

Winter December 6 8,7% 4,3% 4,2% 4,3% 4,2% 4,2% 0,0304 0,0158 0,0154 0,0154 0,0153 0,0155 0,0346 0,0190 0,0188 0,0190 0,0190 0,0192

Winter December 7 53,4% 185,9% 107,9% 258,4% 407,2% 51,8% 0,0207 0,0122 0,0100 0,0132 0,0155 0,0095 0,0317 0,0154 0,0142 0,0155 0,0179 0,0148

Winter December 8 39,7% 312,5% 195,7% 422,8% 748,8% 114,2% 0,0037 0,0056 0,0042 0,0078 0,0114 0,0034 0,0064 0,0061 0,0048 0,0084 0,0123 0,0043

Winter December 9 13,6% 7,8% 7,7% 8,5% 7,5% 7,5% 0,0331 0,0193 0,0192 0,0205 0,0189 0,0190 0,0371 0,0227 0,0229 0,0238 0,0223 0,0228

MAPE MAE RMSE

Table 35 – Wind Power Forecasting Performances from 6 to 9 of December 2013 


