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Abstract

Because wind has a high volatility and the respective energy produced cannot be

stored on a large scale because of excessive costs, it is of utmost importance to be

able to forecast wind power generation with the highest accuracy possible. The aim

of this paper is to compare 1-h-ahead wind power forecasts performance using

artificial intelligence-based methods, such as artificial neural networks (ANNs),

adaptive neural fuzzy inference system (ANFIS), and radial basis function network

(RBFN). The latter was implemented using three different learning algorithms:

stochastic gradient descent (SGD), hybrid, and orthogonal least squares (OLS). The

application dataset is the injected wind power in the Portuguese power systems

throughout the years 2010–2014. The network architecture optimization and the

learning algorithms are presented. An initial data analysis showed data seasonality;

therefore, the wind power forecasts were performed according to the seasons of the

year. The results showed that ANFIS was the best performer method, and ANN

and RBFN-OLS also showed strong performances. RBFN-Hybrid and RBFN-SGD

performed poorly. In general, all methods outperformed persistence.
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1 | INTRODUCTION

The steady investment growth by the electric companies in renewable energies has raised some concerns regarding their integration in the

existing power system. This investment has originated an increasing dependency in renewable energy sources (RESs), which at first sight could

mean a huge advantage, because the use of fossil energies is being reduced and the environment is being protected. Even though this is true, on

the other hand, there may be some disadvantages especially if the wind and/or solar energy have a significant level of penetration in the grid.

Because wind and sun are volatile, it is imperative to have accurate future estimations of the power produced from those RESs.

Wind power predictions directly impact the activities of the different agents in the electricity sector. Transmission systems operators (TSOs)

or distribution system operators oversee the reliability of their networks, ensuring the supply of electricity to all the costumers, complying with

legal requirements and high standards of quality. Therefore, the safe operation of a network with high penetration of wind energy requires appro-

priate wind power forecasts to avoid negative impacts on its reliability. Furthermore, in the market, wind power producers must make injected

[Correction added on 3 October 2020, after first online publication: URL for peer review history has been corrected.]

Received: 15 April 2020 Revised: 30 June 2020 Accepted: 19 July 2020

DOI: 10.1002/we.2556

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2020 The Authors. Wind Energy published by John Wiley & Sons Ltd

Wind Energy. 2021;24:39–53. wileyonlinelibrary.com/journal/we 39

https://orcid.org/0000-0002-3108-8880
https://doi.org/10.1002/we.2556
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fwe.2556&domain=pdf&date_stamp=2020-08-17


power predictions for a specific period. They must provide a generation schedule for a considered time horizon where any deviation from this

schedule imposes some undesirable penalties for them. To minimize those penalties, an accurate wind power forecast is required.

Another reason for 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, start-up and 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, such as wind and photovoltaic, is crucial in order to allow an optimal unit

commitment and economic dispatch.

In Sfetsos et al.,1 a comparison of several forecasting methods applied to mean hourly wind speed time series is presented. Statistical

methods, such as auto-regressive moving average (ARMA) and auto-regressive integrated moving average (ARIMA), and artificial intelligence

(AI) methods, such as artificial neural networks–backpropagation (ANNs-BP), ANN–Levenberg Marquardt (ANN-LM), radial basis function

network (RBFN), Elman recurrent network, adaptive neural fuzzy inference system (ANFIS), and neural logic network, are compared among each

other in terms of performance and computation time.

Another comparison study applied to short-term wind speed forecasting can be found in Haque et al.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, therefore creating the

hybrid methods ANN-BP + SD, RBFN + SD, and ANFIS + SD. In general, the forecasting performance results for all hybrid methods are better

than if only one method is used.

In Catal~ao et al.,3 a hybrid method combining wavelet transform (WT), particle swarm optimization (PSO), and an ANFIS is proposed for

short-term wind power forecasting. The results validate the highest accuracy of this hybrid method as compared with other ones.

Another approach proposed by Kani and Ardehali4 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, the short-term patterns being retrieved using ANN.

Catal~ao et al.5 developed a short-term wind power forecasting model combining ANN and WT. The application of this model to short-term

wind power in Portugal was effective, outperforming the persistence and ANN approaches.

In Chang,6 an enhanced particle swarm optimization-based hybrid forecasting method for short-term wind power forecast is proposed. The

hybrid forecasting method combines the persistence model, ANN-BP, and the RBFN.

New and enhanced forecasting techniques, with increased performance, are currently being proposed in the literature. For instance, Harsh

et al.7 presented a hybrid wind forecasting model, including ramp events, using different variants of support vector regression (SVR) built

on WT. The authors demonstrate the effectiveness of the proposed techniques clearly outperforming the persistence method. A new hybrid

computational framework for the big multistep wind speed forecasting, consisting of wavelet packet decomposition, Elman neural networks,

boosting algorithms, and wavelet packet filter, is proposed in Yanfei et al.8 Obtained results show that the proposed models perform better than

the corresponding single forecasting models. In Mucun et al.,9 a two-step probabilistic wind forecasting approach based on pinball loss optimization

is developed. The proposed methodology improved the pinball loss metric by 35% as compared with a baseline quantile regression.

Deep learning techniques showed significant enhancements in wind power forecasting in recent years. In fact, a visible boost in wind

forecasting is being led by the utilization of deep learning methods. Liu et al.10 introduced a smart wind speed forecasting technique based on a

multistep model using a CNN (convolutional neural network) method with singular spectrum analysis, gated recurrent unit network, and support

vector regression. The simulations showed the good performance of the method. Another example can be found in Hong and Rioflorido,11 where

a CNN is cascaded with a radial basis function neural network with a double Gaussian function as activation function. The authors claim that their

method is very accurate for 24-h-ahead wind power forecasting.

Climate change impacts on renewable energy are being addressed by several papers, as the energy flows in the atmosphere are being altered.

In Solaun and Cerdá,12 an extensive review on the projected quantitative impacts of climate change in wind, solar, hydro, and other renewables is

carried out. The study points to the conclusion that positive impacts on wind power output are expected in the north of Europe and a negative

impact being forecasted in the south. Similar overall trendlines are partly confirmed in Hdidouan and Staffell,13 where the impact of climate

change in wind energy is assessed through the levelized cost of energy (LCOE) in the UK. The research concludes that the future LCOE tends to

decrease in the north and to increase in the south.

Many countries,14,15 including Portugal, are repowering the wind turbine generators (WTG) replacing the old WTG with new and more

efficient ones. In Hou et al.,16 a 10% decrease in the LCOE is estimated because of repowering old WTG. Installed wind capacity in the future

must consider this repowering trend, as usually the new WTG show a higher installed capacity.

This paper's work addresses one of the important processes that is nowadays a part of the daily activities in many utilities: wind power fore-

cast. Our paper intends to give a further contribution to the subject by exploiting some AI methods potential on wind power forecasting tasks,

more specifically ANN, ANFIS, and RBFN methods. RBFN, being a less-used method, is assessed in more detail by comparing three learning

algorithms: stochastic gradient descent (SGD), hybrid (k-means and least square method [LSM]), and orthogonal least squares (OLS). These

methods are implemented by first optimizing their architectures adapting them to the nature of the problem and then performing 1-h-ahead wind

power forecasts. The one that produced the best forecast results and is better suited to this kind of problem is identified. The AI models are

applied to forecast aggregated wind power injected in the Portuguese grid by the wind parks and are compared with the reference benchmark

persistence method.
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The paper is organized as follows. In Section 2, the theoretical background of the studied wind power forecast methods is presented.

Section 3 is related to the implementation procedures and input data. The presentation of results and respective discussion is the target of

Section 4. Finally, the main conclusions of the work are drawn in Section 5.

2 | METHODS

To predict wind power, there are many techniques available that have been developed over time. In general, literature agrees that persistence

models, numeric weather prediction (NWP), and statistical, AI-based, and hybrid methods are the main types of forecasting techniques.

Because of its simplicity, persistence method is rather used in time-series prediction problems usually as a means of comparison with

other approaches. It is the easiest and fastest way of producing relatively accurate forecasts. 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.

In NWP methods, the input variables are usually physical variables of meteorological information, such as the roughness of the terrain,

temperature, pressure, and wind speed. Because of their complexity, and despite producing accurate results, this kind of method is not often used

for short-term predictions. Instead, they are used for long-term predictions (larger than 6 h ahead) where its performance is often satisfactory.

Therefore, for short-term predictions, other kinds 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 ARMA and ARIMA. The statistical methods have produced

reliable results for short-term forecasting. On the 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 because of the arising and development

of another category of forecasting methods—soft computing methods.

The soft computing AI-based 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. In this category of AI methods, ANNs have been widely and

successfully used in several forecasting applications, in such a manner that it has become the reference method within the AI-based ones.

Furthermore, there are other methods that were created based on ANNs and that can be also used in prediction problems. One example is RBFN,

which is a particular case of an ANN, sharing a similar architecture but with a totally different 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 method is 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. Usually, in terms of performance, the hybrid methods present better results than if only a single

method was used. A popular example of a hybrid method is ANFIS, which combines the ANNs with fuzzy logic.

In this section, all the theoretical background of the studied methods (persistence, ANN, ANFIS, and RBFN) is presented, namely, their

architectures and learning algorithms.

2.1 | Persistence

This method assumes that the wind power forecast at time t + k, pfore(t+k), is equal to the real wind power measured at time t, preal(t).

pfore t+ kð Þ= preal tð Þ, ð1Þ

where k is the forecast horizon. Because 1-h-ahead forecasts are to be performed, the value of k is equal to 1. Because of its extreme simplicity

and relatively accurate results, this is still nowadays used as a benchmark. Methods performing worse than persistence are discarded.

2.2 | Artificial neural network

ANN is an AI method that simulates the human reasoning process through the creation of a network composed of several processing units, called

neurons, bound together by connections with an associated weight. That network is then trained by a learning algorithm, where, in 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.

The used ANN is a multilayer perceptron (MLP), which is a feed-forward neural network where its learning procedure is performed by a

supervised algorithm called backpropagation (ANN-BP) and its structure is composed of one input layer, L hidden layers, and one output layer,

linked together by unidirectional weighted connections. Each processing unit (neuron) receives a weighted sum of inputs that is passed through a
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transfer function, called activation function, to then produce an output. The activation function can be either a linear or a nonlinear (log-sigmoid,

tanh-sigmoid) differentiable function.

2.2.1 | Learning algorithms

The Levenberg–Marquardt (LM) algorithm, which was first described in Marquardt et al.,17 is a supervised algorithm that is often chosen for

training ANN, because it is one of the fastest BP 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. Its fastness results from the

approximation of the second derivatives by Equation 2, avoiding the computation of the hessian matrix, H.

H’ JTJ, ð2Þ

where J is the Jacobian matrix containing the first derivatives of the error function:

J wð Þ= ∂em
∂wj

: ð3Þ

The error function is given by the sum of squared errors (SSE), considering the weights and biases, w:

SSE = f wð Þ= 1
2

e wð Þk k2 = 1
2

XM

m=1
e2m wð Þ= =

1
2

XM

m=1
om wð Þ−dmð Þ2, ð4Þ

where M is the total number of patterns, om is the observed value for the mth pattern, dm is the desired value for the mth pattern, and w is a

vector with all the weights and biases.

The weights and biases updating are performed as follows:

wk +1 =wk− H+ μIð Þ−1 J wk
� �

e wk
� �

, ð5Þ

where I is the identity matrix and μ is the learning rate.

2.3 | Adaptive neural fuzzy inference system

The ANFIS method was proposed in Jang.18 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 (MFs) to achieve the desired input–output mapping.

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.

A FIS has a basic structure with five functional blocks18:

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

• a database that stores the values of the parameters of the fuzzy sets' MFs;

• a decision-making unit that processes the inputs by performing inference operations on the rules;

• a fuzzification interface that converts the crisp inputs into membership values for the corresponding fuzzy sets.

• a defuzzification interface that converts the fuzzy results into a crisp output.

An adaptive network is a network composed of a set of nodes and directional connections that link those nodes together. Unlike ANN, those

connections or links do not have associated weights. 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.

For each node, the MFs may not be symmetrical, because their shape can be different and the parameters are optimized along the process.

We have selected triangular MFs in our work; the parameters of which are estimated using the descent-gradient method.
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The rules are generated from the Takagi and Sugeno model.18 The output of each rule is a linear combination of the input variables plus a

constant term, and the overall output corresponds to the weighted average of each rule's output. Here are the 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; Ai and Bi are the fuzzy sets; x and y are the input variables (FIS with two

inputs); pi, qi, and ri are the consequent parameters for the rule i (computed through the LSM); and fi is the consequence or the output for the rule i.

The ANFIS is a feedforward neural network, and its architecture is composed of five layers. The characteristics of each layer will be detailed

below. To represent the output of the node i in the layer l, it is used Ol
i as notation.

2.3.1 | Layer 1

Layer 1 is composed of adaptive nodes. It is known as fuzzy layer. Here, the nodes' function is given by

O1
i = μAi xð Þ, ð6Þ

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

The MF can take many different forms, such as triangular, Gaussian, and bell shape. Each one of them has a function associated that is

defined by a set of parameters called premise parameters.

2.3.2 | Layer 2

Layer 2 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 O2
i . Here, the product between both node inputs is performed.

O2
i =wi = μAi xð Þ�μBi xð Þ i=1,2: ð7Þ

2.3.3 | 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.

O3
i = �wi =

wi

w1 +w2
i=1,2: ð8Þ

2.3.4 | 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 O4
i of this layer is given by

O4
i = �wi � fi = �wi � pix+ qiy + rið Þ, ð9Þ

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

2.3.5 | Layer 5

The output layer is composed of only one node, where the output is the summation of the previous layer's outputs.

O5
i =

X
l

Ol
i: ð10Þ

The defuzzification method followsTakagi and Sugeno model and is implemented in layer 4 of the ANFIS network architecture.

GODINHO AND CASTRO 43



2.3.6 | Learning algorithms

As a learning algorithm, adaptive networks may use the gradient descent method. However, this method can be sometimes slow and tend to

become trapped in local minima. For that reason, Jang18 proposed a hybrid algorithm that combines the gradient descent method with the LSM

to estimate the network parameters. This algorithm can be split into two 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 compute and update the premise parameters using the gradient descent

method in batch mode (the consequent parameters are fixed).19,20

2.4 | Radial basis function network

Even though RBFN is similar to traditional neural networks, such as MLP, there are still some differences between them. MLP can have more than

one hidden layer, whereas RBFN has only one, whose neurons' activation function is a radial basis function (RBF). Furthermore, in the input layer,

the input vector goes straight to the hidden layer meaning that the weights between those layers are equal to 1.

In the hidden layer, the neurons have an RBF as activation function, the most common one being the Gaussian function. If h is the total

number of neurons in the hidden layer and n is the total number of inputs, the output of the neuron i is given by

ϕi ai,σ
2
i

� �
= e

−
a2
i

2σ2
i

� �
, ð11Þ

where ai is the Euclidean distance between the inputs and the centers, which are specific parameters of each neuron; σ2 is the width (variance) of

that neuron; and ϕ is the neuron's output.

As we can see in Equation 11, 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 it

decreases slowly, and if it is small, then it 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 follows:

yj =
Xh

i=1
wijϕi ai,σ

2
i

� �
+w0, ð12Þ

where yj represents the j output of the network, wij is the weights from neuron i to output j, ϕi ai ,σ
2
i

� �
is the output of the neuron i, w0 is the bias

term, and h is the total number of neurons.

2.4.1 | Learning algorithms

MLPs are trained by supervised techniques, such as BP algorithms where the parameters (weights) are randomly initialized and then recursively

adapted, whereas the RBFN can be trained using only supervised or a combination of unsupervised and supervised techniques. Besides that,

RBFN has the centers and widths as parameters as well.

One of the learning algorithm approaches is just applying a BP algorithm as it is done in MLP. The most widely known algorithm is the

stochastic gradient descent (RBFN-SGD).21–23 The difference in relation to ANNs lies in the fact that the RBFN has different parameters to adapt

throughout the learning process. Moreover, to get better and faster results, a momentum and adaptive step size techniques are also implemented.

In RBFN-SGD, all parameters are adapted simultaneously, whereas another approach is using a two-stage strategy.21,23,24 In the first stage,

unsupervised techniques, such as 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 by performing the LSM. This is a

hybrid algorithm (RBFN-Hybrid) because it combines unsupervised techniques with supervised ones.

One of the biggest disadvantages of training the RBFN with the hybrid learning algorithm is that the computation of the weights may become

difficult when using the LSM. To avoid this problem, the orthogonal least squares (RBFN-OLS) method is implemented.2,25 In this way of training,

the network is built in a more efficient way by choosing and adding centers one by one until the stopping criteria is reached. Throughout the cen-

ters' 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 are reached.
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All three RBFN learning algorithms are approached in this paper.

3 | INPUT DATA AND IMPLEMENTATION

In this section, all the implementation processes, namely, the datasets used, the data preprocessing, and how the network parameters for the AI

methods were determined, are detailed.

The main goal is to perform 1-h-ahead wind power predictions only with wind power data as input. This can be described by

Pforet+1 = f Pt,Pt−1,Pt−2,…,Pt− k−1ð Þ
� �

, ð13Þ

where Pforet+1 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); and f corresponds to all the linear and nonlinear functions behind the

applied method that produces the forecast values Pforet+1.

3.1 | Wind power data

The wind power data used in this work were collected and discretized in 15-min time intervals by Redes Energéticas Nacionais (REN), the Portu-

guese TSO, from 2010 to 2014. It corresponds to the injected wind power in the Portuguese grid by all the wind parks in Portugal. It is worth to

mention that the wind power installed capacity is about 25% (5 GW) of the total installed capacity in Portugal (20 GW).

The data were normalized using the annual average values of installed wind capacity for each year. These values were computed by consider-

ing the installed wind capacity at the end of the years and then making the average for the corresponding years. Therefore, the data vary between

0 and 1 pu.

A daily and monthly average representation of that data considering the 5-year period is shown in Figure 1. By analyzing Figure 1, it is possi-

ble to conclude the existence of seasonality in data. January, February, March, November, and December are the ones where more wind power is

generated, whereas in May, June, July, August, and September, the opposite happens. April and October are the transitions months of these two

periods. Therefore, it makes sense to optimize, train, and test the networks in this way, performing predictions for each season of the year (winter,

spring, summer, and fall). For simplicity reasons, the winter, spring, summer, and fall seasons are assumed to englobe the following set of months:

December–January–February (winter), March–April–May (spring), June–July–August (summer), and September–October–November (fall).

F IGURE 1 Daily/monthly average of injected wind power in the grid from 2010 to 2014 [Colour figure can be viewed at wileyonlinelibrary.com]
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3.2 | Inputs number

The inputs number can be estimated by computing the partial autocorrelation coefficients (PACs) of the time series. These coefficients give the

correlation between a variable at an instant (t) and the same variable at another instant (t + k) without taking into account other values of the

variable at other instants (k is the number of delays).

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, because it is the data set chosen to optimize the network architectures. The

first five coefficients for each year's season are presented inTable 1.

As we can see in Table 1, 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 substantially higher than in the other seasons of the year. In conclusion, the input number

should be 2 or 3.

ANNs show the capability of solving nonlinear problems, therefore allowing for the use of more complex algorithms to estimate the number

of inputs. Our objective is to obtain a straightforward estimate of the number of inputs, that is why we resorted to the well-proven and simple

PAC-based method.

3.3 | Performance evaluation

The forecast accuracy measures to be used are the mean absolute error (MAE) (Equation 14), root mean squared error (RMSE) (Equation 15), and

mean absolute percentage error (MAPE) (Equation 16).

MAE =
1
N

XN

1
ptarg kð Þ−pfore kð Þ�� ��, ð14Þ

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

1
ptarg kð Þ−pfore kð Þ� �2r

, ð15Þ

MAPE %ð Þ= 1
N

XN

1

ptarg kð Þ−pfore kð Þ�� ��
ptarg kð Þ �100, ð16Þ

where N is the total number of patterns, ptarg represents the wind power measured, and 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. It is important to note that

as ptarg(k) gets closer to 0, the MAPE tends to infinity. Because the normalized data range between 0 and 1, this limitation could be visible on

some results.

3.4 | K-fold cross-validation technique

K-fold cross-validation (CV) is a very useful technique that allows to evaluate how well a method and its learning algorithm generalize when in the

presence of an independent data set. In K-fold CV, the initial data set, S, assigned for training purposes is divided into k nonoverlapping subsets of

TABLE 1 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

Fall 1 0.9914 −0.7192 0.1556 −0.0418

Abbreviation: PACs, partial autocorrelation coefficients.
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equal sizes. Each pattern of S set is usually assigned randomly to each subset. However, if there is a strong autocorrelation in the time-series data,

which is the case, the subsets are created by dividing S into k blocks with consecutive patterns.26

After the splitting process, one subset will be used as validation set and the remaining k–1 subsets 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 subset. 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 four-fold

CV is presented in Figure 2.

3.5 | Network architecture

To perform time-series predictions, for some AI method, 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. The target is to compare the performance of AI wind forecast models in

1-h-ahead forecast. The faster the forecasts are available, the best for theTSOs that are responsible for the security of the system, and for power

plant owners, that need to make the selling offers in the market in advance. In our experiments, with different network architectures, we obtained,

in certain cases, processing times of more than 10 min, which is clearly excessive. This explains the need for a balance between accuracy and

processing time.

In this work, the network architecture optimization was performed seasonally having as data set an average year of hourly wind power values

concerning the 5 years of available data. Each seasonal data set was split into six equal-sized subsets, where the first five were used in the training

phase with the cross-validation technique (five-fold CV), whereas the last one was used for testing the resulting model from the training phase

evaluating the forecast performances to then choose the best architectures.

3.5.1 | Artificial neural network

In ANN, the number of 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,27 so one hidden layer

will be used.

Regarding the number of hidden units, it is usually determined via experiments or by trial and error.27 That was done, and the results show

that, 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 in this way. There are anyway some rules of thumb: the

number of hidden units can be expressed as “2n + 1,” “2n,” “n,” and “n/2,” where n is the number of inputs.27

The authors in Zhang et al.27 referred 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 units are equal to the number of inputs. Thus, the same rule was followed in this work.

In terms of inputs number, we found that the optimal delays depend on the season of the year, as seen in Table 1. For all seasons, except

winter, the PACs for delays 1, 2, and 3, but mainly for delays 1 and 2, are much higher than the PAC for delay 4. This points to the choice of a

delay equal to 2 or 3, as already mentioned. It is true that, for the winter season, the PAC for delay 4 is also relatively high, nevertheless lower

F IGURE 2 Four-fold cross-validation [Colour figure can be viewed at wileyonlinelibrary.com]
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than the PAC for delay 3. Testing results showed better forecasting performances for n = 3, specially for spring and summer seasons where the

MAPEs are reduced comparing with n = 2. The time of processing was acceptable for both cases. For uniformity reasons, we decided to set the

delay equal to 3 for the four seasons. This decision is supported by a set of experiments we carried out, varying the number of inputs from 1 to

15, and whose results showed that three inputs are the overall best choice, performing good in all seasons. In conclusion, three inputs and three

hidden units were used for all seasons.

3.5.2 | Adaptive neural fuzzy inference system

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 several simulations performed demonstrate that the MF type is not a decisive parameter for the forecasting

performance. However, it is when a triangular MF is used that, in general, the lowest times of processing are obtained.

It is worth to mention that we performed several simulations with different types of MFs: triangular, Gaussian, and generalized bell-shaped.

The objective was to find the best function for each season. The overall results, evaluated by the used metrics (MAE, MAPE, and RMSE), were

very similar for the three MFs, for all the four seasons. The distinctive parameter was the CPU time, which was lower in the case of the triangular

MF. This guided us to use a triangular function as MF.

Concerning the MF number, there is not any pattern in the error measures that allow to figure out which value is the best one. On the other

hand, processing time 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 the processing time. As the number of rules increases, the processing time 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 was not any visible difference that allows to conclude something about the

number of inputs.

In conclusion, the triangular MF type was chosen as MF type, because it was the highlighted one among the three in terms of processing time.

Afterward, the n and M parameters were chosen according to the best error measures achieved (seeTable 2).

3.5.3 | Radial basis function network–stochastic gradient descent

In RBFN-SGD method, the centers number (h) and inputs number (n) are the main architecture's parameters to be optimized.

In this method, the processing time assumes an increased importance comparing with the other methods, because it is the one with the

highest times of processing. The processing time has an increasing trend as the centers number increases. 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 processing time. It

was found that h = 19 is the number of centers that worked well for all seasons.

Concerning the inputs number, the overall results were much better for n = 2 for all seasons. Therefore, two inputs were chosen.

TABLE 2 Best network architectures

Winter Spring Summer Fall

ANN n 3 3 3 3

h 3 3 3 3

ANFIS n 2 3 3 3

MF type Triang. Triang. Triang. Triang.

M 2 2 2 2

RBFN-SGD n 2 2 2 2

h 19 19 19 19

RBFN-Hybrid n 2 2 3 2

h 44 43 49 44

RBFN-OLS n 2 3 3 3

σ 0.8 0.8 0.8 0.8

Abbreviations: ANN, artificial neural network; ANFIS, adaptive neural fuzzy inference system; MF, membership function; RBFN-Hybrid, radial basis

function network–hybrid; RBFN-OLS, radial basis function network–orthogonal least squares; RBFN-SGD, radial basis function network–stochastic
gradient descent.
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3.5.4 | Radial basis function network–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, the overall results suggest that for n = 2, the method managed to achieve better performances with less

centers than for n = 3. However, the centers number does not seem to influence the time of processing, so, whatever the inputs number is, higher

numbers of centers can be used to produce better results (seeTable 2).

F IGURE 3 Data sets by season [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 3 Wind power forecast seasonal results

Season Method MAPESeason (%) MAESeason (pu) RMSESeason (pu)

Winter Persistence 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

Spring Persistence 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

Summer Persistence 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

Autumn Persistence 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

Note: The best result is highlighted in bold for each season.

Abbreviations: ANN, artificial neural network; ANFIS, adaptive neural fuzzy inference system; MAE, mean absolute error; MAPE, mean absolute percentage

error; MF, membership function; RBFN-Hybrid, radial basis function network–hybrid; RBFN-OLS, radial basis function network–orthogonal least squares;
RBFN-SGD, radial basis function network–stochastic gradient descent; RMSE, root mean squared error.
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3.5.5 | Radial basis function network–orthogonal least squares

In RBFN-OLS method, the spread (σ) and inputs number (n) are the main architecture's parameters to be optimized.

In terms of spread, there are concerns about the value to choose. Too small spread values can lead to worse performances because of 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, it was found that a spread of 0.8 is suitable

for all seasons.

Concerning the inputs number, the simulations performed allowed to conclude that for n = 3, the method performs better than for n = 2.

The overall results from this implementation procedure can be found inTable 2.

4 | RESULTS AND DISCUSSION

The results presented in this section are the outcome of the simulations of the 2014 seasons. This means that the 2014 year's seasons were used

as testing sets (from December 2013 to November 2014), whereas, as training set, the other years' season data were used (from January 2010 to

November 2013) as shown in Figure 3. We are persuaded that 3 years of historical data for training purposes is enough to obtain a good accuracy

on the forecasts. Three years of historical data allows the capture of interannual variations of the wind speed, which is essential to define the wind

profiles. Therefore, each seasonal training set was split into four equal-sized subsets, and a four-fold CV technique was employed.

In Table 3, the performance results (seasonal MAPE, MAE, and RMSE) for each method are presented. The best result is highlighted in bold

for each season.

TABLE 4 Wind power forecast daily results

Day Method MAPE (%) MAE (pu) RMSE (pu)

January 27 (winter) Persistence 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

April 27 (spring) Persistence 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

July 27 (summer) Persistence 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

October 27 (fall) Persistence 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

Note: The best result is highlighted in bold for each season.

Abbreviations: ANN, artificial neural network; ANFIS, adaptive neural fuzzy inference system; MAE, mean absolute error; MAPE, mean absolute percentage

error; MF, membership function; RBFN-Hybrid, radial basis function network–hybrid; RBFN-OLS, radial basis function network–orthogonal least squares;
RBFN-SGD, radial basis function network–stochastic gradient descent; RMSE, root mean squared error.
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From the results of Table 3, some conclusions can be drawn considering individually either the seasons or methods. Starting by comparing

each method output along the seasons, in general, the results suggest that summer is the season where better wind power forecast accuracy is

achieved for any kind of method. Nevertheless, the best MAPE of all was obtained in winter by RBFN-OLS, but the best MAE and RMSE are in

fact obtained in summer by ANFIS and RBFN-OLS.

Regarding the comparison between the methods for each of the four seasons, the main conclusion is that three methods stand out with a

strong performance: RBFN-OLS, ANFIS, and ANN. These three methods achieve very close performances among them in all seasons. In what con-

cerns the MAPE, ANFIS wins in spring, summer, and autumn, with the other two following closely. As for the MAE, ANFIS and ANN obtain very

good results in all seasons and the same applies to RBFN-OLS regarding the RMSE.

Another important conclusion is that all methods perform better than persistence, except for very few cases, namely, in winter. In this con-

text, the results for RBFN-SGD and RBFN-Hybrid are somehow disappointing.

To have a different vision of the global results in Table 3, four days corresponding to the four seasons of the year were selected (January

27, April 27, July 27, and October 27). The daily performances results and graphs with the evolution of the hourly forecast values for all methods

can be found inTable 4 and Figure 4, respectively. InTable 4, the best result is highlighted in bold for each season.

Comparing the results of Tables 3 and 4, the first thing that becomes clear is the major difference between the seasonal MAPE and the daily

MAPE. Although winter season has been the one with the highest seasonal MAPE value (RBFN-Hybrid: 18.77%), on January 27 (winter season),

the same method outputs a MAPE of only 2.82% and not far from the other methods. This fact can be explained by the high wind power genera-

tion that occurred on this day, where the hourly wind power values ranged approximately between 0.65 and 0.85 pu (Figure 4A). Because these

values are far from 0, the limitation of the MAPE with values close to 0 is not featured here.

On July 27 and October 27, the MAPE for all methods was higher than the seasonal MAPE. This happens because, in contrast to what hap-

pened on January 27, July 27 was characterized by the low wind power generation (the average hourly wind power fell below 0.025 pu), as well

as on October 27, where the values were very close to 0 on the first 8 h of the day (see Figure 4C,D). Because these values are relatively close to

0, the limitation of the MAPE is clearly affecting the MAPE results. On October 27, all methods performed worse than persistence, except ANFIS.

However, regarding MAE and RMSE, all methods forecasted better than persistence.

Another important aspect in these results is the rising of the ANFIS method as the best one among all performing wind power forecasts for

those days. In fact, the ANFIS method obtained the best MAPE, MAE, and RMSE almost everywhere. As for the RMSE, the RBFN-OLS performed

better on January 27. The proof of the previous statement is reflected in Figure 4A) in hours 7, 8, and 11, where the RBFN-OLS curve had a much

better behavior in rapid variation situations. The ANN and ANFIS curves also behaved well, though.

F IGURE 4 Wind power forecasts on (A) January 27, (B) April 27, (C) July 27, and (D) October 27 [Colour figure can be viewed at
wileyonlinelibrary.com]
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Once again, RBFN-SGD and RBFN-Hybrid methods were the ones with worse performance. That is confirmed by the RMSE results in

Table 4, and it is also visible in Figure 4D), for example, on the first 8 h of October 27, where the forecast values are higher than the real wind

power generated.

Another conclusion that can be drawn from Figure 4 is that none of the AI methods managed to obtain an exceptionally good wind

power forecast when sloping peaks and valleys occur. One example of this situation can be spotted on hour 21 of July 27 (Figure 4C), where the

persistence method performed better than any other method.

5 | CONCLUSION

In this paper, a comparison study of several wind power forecast techniques was carried out. To this end, three AI methods were assessed: ANN,

ANFIS, and RBFN. The latter, as being less used and has less dedicated literature, was assessed in three variants, corresponding to different

learning algorithms: SGD, hybrid, and OLS. The performance of the AI-based methods was compared with the persistence method benchmark.

The application case study was the injected wind power in the Portuguese power system throughout the years 2010–2014.

As far as the implementation is concerned, one important step is the necessity of finding out and optimizing the network architectures of the

methods before applying them. Network parameters must be optimized to ensure the best trade-off between performance results and processing

time, which are two important aspects when performing time-series predictions.

To evaluate the performance of the methods in wind power forecasting, different performance indexes were used, because each one allows

to assess a specific aspect, for instance, RMSE differs from MAE by giving more importance to large errors. It is important to be aware of the

drawbacks of the performance indexes. For instance, it is known the limitation of MAPE in dealing with wind power close to 0.

It was apparent that some methods that rely on only their own learning algorithms, such as RBFN-Hybrid and RBFN-OLS, could not manage

the overfitting problem. This happened because in the training phase, the validation set is not considered in the training process. To overcome this

problem, a k-fold CV technique was employed.

One-hour-ahead wind power forecasts were performed with all the above-mentioned methods. An initial data analysis allowed to conclude

that the presence of seasonality was too strong to be ignored. Therefore, the wind power forecasts were performed according to the seasons of

the year. 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.

To find out which method performed better for each season of the year, we concluded that the methods that stood out were clearly ANN,

ANFIS, and RBFN-OLS, being ANFIS the one that showed the stronger performance. The performance of RBFN-Hybrid and RBFN-OLS was quite

disappointing. Nevertheless, in general, all methods outperformed persistence benchmark method.

It was concluded that winter was the season where the best performance was obtained, and summer was the worse. This may be related to

the characteristics of the wind in the different seasons of the year.

Four days corresponding to the four different seasons were chosen to have a different vision from the global results. In general, the

forecasting results point toward the same conclusion drawn from the season's results: ANFIS was the method that achieved the best performance.

ACKNOWLEDGEMENTS

This work was supported by national funds through Fundaç~ao para a Ciência e aTecnologia (FCT) with reference UIDB/50021/2020. The authors

deeply acknowledge the availability of REN to supply the data needed to carry out this work.

PEER REVIEW

The peer review history for this article is available at https://publons.com/publon/10.1002/we.2556.

ORCID

Rui Castro https://orcid.org/0000-0002-3108-8880

REFERENCES

1. Sfetsos A. A comparison of various forecasting techniques applied to mean hourly wind speed time series. Renew Energy. 2000;21(1):23-35.

2. Haque AU, Mandal P, Kaye ME, Meng J, Chang L, Senjyu T. A new strategy for predicting short-term wind speed using soft computing models. Renew

Sustain Energy Rev. 2012;16(7):4563-4573.

3. Catal~ao JPS, Pousinho HMI, Mendes VMF. Hybrid wavelet-PSO-ANFIS approach for short-term wind power forecasting in Portugal. IEEE Trans Sustain

Energy. 2011;2:50-59.

4. Kani SAP, Ardehali MM. Very short-term wind speed prediction: a new artificial neural network-Markov chain model. Energ Conver Manage. 2011;52

(1):738-745.

52 GODINHO AND CASTRO

https://orcid.org/0000-0002-3108-8880
https://orcid.org/0000-0002-3108-8880


5. Catal~ao JPS, Pousinho HMI, Mendes VMF. Short-term wind power forecasting in Portugal by neural networks and wavelet transform. Renew Energy.

2011;36(4):1245-1251.

6. Chang WY. Short-term wind power forecasting using the enhanced particle swarm optimization-based hybrid method. Energies. 2013;6(9):4879-4896.

7. [F]DhimanHS, Deb D, Guerrero JM. Hybrid machine intelligent SVR variants for wind forecasting and ramp events. Renew Sustain Energy Rev. 2019;

108:369-379.

8. Li Y, Shi H, Han F, Zhu D, Liu H. Smart wind speed forecasting approach using various boosting algorithms, big multi-step forecasting strategy. Renew

Energy. 2019;135:540-553.

9. Sun M, Feng C, Chartan EK, Hodge B-M, Zhang J. A two-step short-term probabilistic wind forecasting methodology based on predictive distribution

optimization. Appl Energy. 2019;238:1497-1505.

10. Liu H, Mi X, Li Y, Zhu D, Xu Y. Smart wind speed deep learning based multi-step forecasting model using singular spectrum analysis, convolutional

gated recurrent unit network and support vector regression. Renew Energy. 2019;143:842-854.

11. Hong Y-Y, Rioflorido CL. A hybrid deep learning-based neural network for 24-h ahead wind power forecasting. Appl Energy. 2019;250:530-539.

12. Solaun K, Cerdá E. Climate change impacts on renewable energy generation. A review of quantitative projections. Renew Sustain Energy Rev. 2019;

116:109415.

13. Hdidouan D, Staffell I. The impact of climate change on the levelised cost of wind energy. Renew Energy. 2017;101:575-592.

14. Colmenar-Santos A, Campíñez-Romero S, Pérez-Molina C, Mur-Pérez F. Repowering: an actual possibility for wind energy in Spain in a new scenario

without feed-in-tariffs. Renew Sustain Energy Rev. 2015;41:319-337.

15. Serri L, Lembo E, Airoldi D, Gelli C, Beccarello M. Wind energy plants repowering potential in Italy: technical-economic assessment. Renew Energy.

2018;115:382-390.

16. Hou P, Enevoldsen P, Hu W, Chen C, Chen Z. Offshore wind farm repowering optimization. Appl Energy. 2017;208:834-844.

17. Marquardt DW. An algorithm for least-squares estimation of nonlinear parameters. J Soc Ind Appl Math. 1963;11(2):431-441.

18. Jang J-SR. ANFIS: adaptive-network-based fuzzy inference system. IEEE Trans Syst Man Cybern. 1993;23(3):665-685.

19. Chang WY, Chang P-C, Miao H-C. Short Term Wind Power Generation Forecasting Using Adaptive Network-Based Fuzzy Inference System. IEEE

International Conference on Computational Intelligence and Communication Networks, 2015, 1299–1302, Jabalpur, India.
20. Kassa Y, Zhang JH, Zheng DH, Wei D. Short Term Wind Power Prediction Using ANFIS. IEEE International Conference on Power and Renewable

Energy, 2016, 388–393, Shanghai, China.
21. Du K-L, Swamy MNS. Radial basis function networks. In: Neural Networks and Statistical Learning. Canada; 2013:312-350.

22. Thanh N, Kung Y-S, Chen S-C, Chou H-H. Digital hardware implementation of a radial basis function neural network. Comput Electr Eng. 2016;53:

106-121.

23. Schewenker, F., Kestler, H.A. and Palm, G. 45 Unsupervised and supervised learning in radial-basis-function networks. in Self-Organizing Neural Net-

works: Studies in Fuzziness and Soft Computing, Phys Ther, 2002, 217-243, Heidelberg

24. Ranaweera D, Hubele N, Papalexopoulos A. Application of radial basis function neural network model for short-term load forecasting. IEE Proc Gener

Trans Distrib. 1995;142(1):45-50.

25. Chen S, Cowan CFN, Grant PM. Orthogonal least squares learning algorithm for radial basis function networks. IEEE Trans Neural Netw. 1991;2(2):

302-309.

26. Barrow DK, Crone SF. Crogging (cross-validation aggregation) for forecasting–a novel algorithm of neural network ensembles on time series

subsamples. In: Proceedings of the International Joint Conference on Neural Networks. Dallas, Texas; 2013.

27. Zhang G, Patuwo BE, Hu MY. Forecasting with artificial neural networks: the state of the art. Int J Forecast. 1998;14(1998):35-62.

How to cite this article: Godinho M, Castro R. Comparative performance of AI methods for wind power forecast in Portugal. Wind Energy.

2021;24:39–53. https://doi.org/10.1002/we.2556

GODINHO AND CASTRO 53

https://doi.org/10.1002/we.2556

	Comparative performance of AI methods for wind power forecast in Portugal
	  INTRODUCTION
	  METHODS
	  Persistence
	  Artificial neural network
	  Learning algorithms

	  Adaptive neural fuzzy inference system
	  Layer 1
	  Layer 2
	  Layer 3
	  Layer 4
	  Layer 5
	  Learning algorithms

	  Radial basis function network
	  Learning algorithms


	  INPUT DATA AND IMPLEMENTATION
	  Wind power data
	  Inputs number
	  Performance evaluation
	  K-fold cross-validation technique
	  Network architecture
	  Artificial neural network
	  Adaptive neural fuzzy inference system
	  Radial basis function network-stochastic gradient descent
	  Radial basis function network-hybrid
	  Radial basis function network-orthogonal least squares


	  RESULTS AND DISCUSSION
	  CONCLUSION
	ACKNOWLEDGEMENTS
	  PEER REVIEW

	REFERENCES



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck true
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier (FOGRA1)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <>
    /CHT <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF che devono essere conformi o verificati in base a PDF/X-1a:2001, uno standard ISO per lo scambio di contenuto grafico. Per ulteriori informazioni sulla creazione di documenti PDF compatibili con PDF/X-1a, consultare la Guida dell'utente di Acrobat. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 4.0 e versioni successive.)
    /JPN <>
    /KOR <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die moeten worden gecontroleerd of moeten voldoen aan PDF/X-1a:2001, een ISO-standaard voor het uitwisselen van grafische gegevens. Raadpleeg de gebruikershandleiding van Acrobat voor meer informatie over het maken van PDF-documenten die compatibel zijn met PDF/X-1a. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 4.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENG (Modified PDFX1a settings for Blackwell publications)
    /ENU (Use these settings to create Adobe PDF documents that are to be checked or must conform to PDF/X-1a:2001, an ISO standard for graphic content exchange.  For more information on creating PDF/X-1a compliant PDF documents, please refer to the Acrobat User Guide.  Created PDF documents can be opened with Acrobat and Adobe Reader 4.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /HighResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


