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Abstract: Currently, among renewable distributed generation systems, wind generators are
receiving a great deal of interest due to the great economic, technological, and environmental
incentives they involve. However, the uncertainties due to the intermittent nature of wind
energy make it difficult to operate electrical power systems optimally and make decisions
that satisfy the needs of all the stakeholders of the electricity energy market. Thus, there is
increasing interest determining how to forecast wind power production accurately. Most the
methods that have been published in the relevant literature provided deterministic forecasts
even though great interest has been focused recently on probabilistic forecast methods.
In this paper, an advanced probabilistic method is proposed for short-term forecasting of wind
power production. A mixture of two Weibull distributions was used as a probability function
to model the uncertainties associated with wind speed. Then, a Bayesian inference approach
with a particularly-effective, autoregressive, integrated, moving-average model was used to
determine the parameters of the mixture Weibull distribution. Numerical applications also are
presented to provide evidence of the forecasting performance of the Bayesian-based approach.
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1. Introduction

Currently, there is a vast amount of research, as well as many new visions and concepts, concerning
future electrical systems [1-6]. For example, super grids, smart grids, micro grids, intelligent grids,
active networks, and virtual power plants are becoming the keywords related to the future development
of power systems. In this context, it is expected that the penetration of distributed generation (DG)
systems, especially those based on renewable energy sources, will become increasingly important in
future Smart Grids due to environmental and technical reasons. In fact, the presence of DG systems in
Smart Grids will result in advantages for energy-users and for the social wellness [7,8].

The foreseeable extensive use of DG systems in the future requires that distribution system engineers
properly account for their impact in the system. In fact, their interconnection with the system
significantly alters the characteristics of the distribution systems, traditionally designed with the
assumption of a passive network. The consequence of the presence of DG systems is that the assumption
of a passive network is no longer valid; instead, the network becomes active, which generates a number
of new technical considerations that must be addressed, such as distribution network planning and
operation, especially protection coordination, steady-state analysis, and power quality issues.

Among renewable DG systems, wind generators currently are receiving a great deal of interest;
in fact, the unsubsidized cost of energy at the bus has decreased by more than 80% [9].

Wind energy is a new, emerging research field characterized by a high degree of interdisciplinary
studies, and there are several related topics of interest in the relevant literature.

Increasing the quality and value of wind power generation will be one of the priorities in wind energy
research in the coming years, and this requires that we improve our ability to predict the performance of
wind systems [10]. In fact, accurate forecasting is needed to solve several distribution system engineers’
problems, and in particular to allow for unit commitment and the provision of ancillary services in the
framework of competitive electricity markets as well as for the scheduling and dispatch of the required
hourly ramping and load following [11]. Then, accurate and reliable forecasts are mandatory for the
optimal design and management of the Smart Grid resources.

In the relevant literature, several wind forecasting methods have been proposed with different levels
of success [12]. These include physical, statistical, artificial neural network, and hybrid methods,
which differ in the use of input and output data, as well as in the time horizon of their application.

In particular, deterministic and probabilistic forecasting techniques have been provided depending on
the type of information on the predicted output. In deterministic forecasting, a single value is provided
without any other information about the nature of the wind’s uncertainties; in probabilistic forecasting,
the output value is accompanied by information on the wind’s random nature. A review of existing
methods is reported in [12].

Recently, interest in probabilistic forecasting has been increasing because of the need to take into
account the unavoidable uncertainties that characterize the availability of wind energy resources [13,14].

On the other hand, deterministic forecast does not meet various applications needs, such as power
system operations where uncertainties and risks have to be quantified [14,15]. In particular, given the
significant variability of the level of forecasting errors, forecast-users usually need additional
information about forecast uncertainty; in fact, this additional information, given i.e., in terms of risk
indices or quantile or interval forecasts, can be introduced in users’ decision-making processes.
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In this paper, a new method for short-term probabilistic forecasting is proposed that directly supports
the probabilistic representation of the predicted wind power output. The proposed method uses the
classical relationships that link wind active power to wind speed, the probability density function (PDF)
of which is predicted by applying the Bayesian inference (BI) approach.

The BI approaches were extensively used to improve the forecasts for economic, social and weather
time series [16—18] and in relevant literature they were demonstrated to significantly improve the
forecasts obtained through AutoRegressive Integrated Moving Average (ARIMA) models, by estimating
the parameters from a probabilistic point of view [19-21]. Bayesian methods are being used increasingly
in wind energy conversion systems due to the significant advantages they offer when uncertainty and
variability are predominant concerns [17]. They have been used in several fields of interest to wind
energy engineers, such as forecasting long- and short-term production, modeling extreme wind conditions,
evaluating the reliability of the systems, and in the process of designing the systems’ components.
However, the applications of wind energy are still in the early stage, and they are limited in number, so it
can be expected that their use will increase as much more attention is paid to both methodologies and
applications [17].

As is well known [22], two of the key steps of a Bayesian-based method for the short-term,
probabilistic forecasting of wind speed are (i) the choice of the analytical expressions of the PDF
modeling the uncertainties associated with wind speed and (i) defining the best time series model to
determine the PDF parameters that are not assumed to be prior random parameters of the Bayesian approach.

Some studies addressing these steps were presented in [16,19,23,24]. In [19], a Gaussian PDF was
used to model wind speed, and a sixth-order autoregressive model that involved only wind speed was
used. In [23], a mixture model was used with a normal distribution that fit the values around the stall
speed, and a Weibull distribution was used to fit the remaining values. In [16,24], a Weibull distribution
was used to model wind speed, after which a first-order autoregressive model that involved the mean
value of the wind speed was used. A review of existing Bayesian applications to short-term wind
forecasting is reported in Section 2.3 of Reference [17]. In this paper, a more complex PDF for modeling
the uncertainties of wind speed and a particularly effective approach are used to identify the most
adequate time series model. In particular, a mixture distribution of two Weibull distributions is used as
the PDF analytical expression.

We considered a mixture distribution of two Weibull distributions because it was concluded in [25]
that the use of the classical Weibull distribution of two parameters cannot represent all of the wind
regimes encountered in nature, such as, for example, those with bimodal distributions. Therefore, a more
suitable PDF must be selected for each wind regime in order to minimize errors in the estimation of the
energy produced. A mixture of two Weibull distributions seemed most suitable for both unimodal and
bimodal wind regimes, and it was evaluated experimentally for some actual cases.

Concerning the autoregressive, integrated, moving-average time series model, we applied the
Box-Jenkins approach based on the use of the sample autocorrelation function [26]. This approach is
particularly effective in determining the orders and the parameters of the model itself.

The aims of the research reported in this paper are (i) to propose a new Bayesian-based method for
the short-term forecasting of wind power; (i) to include a new probability function and improved time
series models in the frame of the Bayesian method; and (ii1) to conduct a critical comparison of the
performances of the new Bayesian method with both a traditional Bayesian method and a reference



Energies 2015, 8 10296

predictor (the probabilistic persistence method) in order to outline the advantages and disadvantages of
the proposed method.

Note that there exists a large extend of literature on wind power forecasting, including several
state-of-the-art papers, that evidences that numerical weather prediction (NWP) models have enabled
relatively accurate wind forecasts [27-32]. However, as the operating time moves closer to the near-term
(e.g., hour-ahead or 15 minute-ahead), at a high spatial resolution, the computation complexity (in terms
of simulation time and memory requirements) often renders NWP models intractable [31,33]. In sharp
contrast, data-driven statistical model is thought to be the most competitive method for near-term wind
forecasting problems being able to capture the rapidly changing dynamics of the atmosphere and with
nice model interpretation [32]. Then, our proposed probabilistic method is targeted directly at
computationally-efficient, near-term wind forecasts (e.g., hour-ahead or 15 minutes-ahead forecasts).
The emphasis in our work was on computational efficiency because computational complexity (in terms
of simulation time and memory requirements) often makes numerical weather prediction models
excessively burdensome and expensive to operate [34].

This paper is organized as follows. Section 2 describes the probabilistic method we used that was
based on Bayesian theory. In Section 3, the results of the numerical applications of the proposed method
are reported, and they are discussed and compared with the results provided by both a traditional
Bayesian method that uses distributions of two parameters and a probabilistic extension of the
persistence method in order to show the advantages and benefits of the proposed method.

2. A Probabilistic Approach for Forecasting Wind Power Production: The Bayesian-Based Method

In the research reported in this paper, the Bayesian-based method was used to predict the PDF of the
active power generated by wind systems. In particular, a relationship linking the wind active power with
the wind speed was selected. Then, using the selected relationship in the frame of a Monte Carlo
simulation approach, we forecasted the PDF of the active power production at the time horizont = h
standing at the origin time t = h — k, where k is the lead time, starting from the evaluation of the PDF
of the wind speed at time t = h. The forecast of the PDF of the wind speed at time step t = h was
obtained by selecting an appropriate analytical expression for the wind speed PDF and evaluating the
PDF parameters by applying the BI with an autoregressive, integrated, moving-average, time-series model.

Details about the various steps of this method are reported in the following subsections; for the sake
of conciseness, only the results of the numerical applications with reference to the case of k = 1 are
shown in Section 3.

2.1. Description of the Relationship that Links Wind Active Power with Wind Speed

In the most general case, the wind active power depends not only on wind speed, but also on
meteorological variables such as wind direction, temperature, local air density, and precipitation.
Moreover, the behavior of power curves when the wind speed increases can be different from the
behavior when the speed decreases. We should also consider that, in many cases, there is the problem to
predict wind power for an entire wind farm so that the choice of a deterministic power curve can be
complicated by the fact that the wind turbines in a wind farm can have different cut-in and rated speeds;
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finally, there may be changes in the power capacity of the wind farm due to the addition of new turbines
and turbine maintenance [35-39].

However, a deterministic power curve is assumed frequently in the relevant literature [31,35-37,40-44].
In fact, manufacturers typically provide information regarding the power curve assuming fixed air
density and standard environmental variables.

Considering the wind active power as a random variable dependent not only on wind speed, but also
on other explicative variables (such as wind direction or air density) would require complexity increase
in the Bayesian inference, given the augmented number of parameters to be estimated. Therefore, since
our aim was to propose a computationally-efficient forecasting tool, we decided to use the deterministic
power curve furnished by manufacturers.

The following analytical relationship between the active power, Py, , and wind speed, wy, at the time
horizon h can be written:

0if 0 <w, < W,
By, = {90 if Wey <y < W, 0
Pmax lfVVr < Wy = VVCO
0if wy, >W,,
where g(wy,) is a non-linear function usually approximated by a linear function, linear pieces, a
parabolic function, or a cubic function; and W,;, W,., and W,, are the cut-in, rated, and cut-off
characteristic values, respectively, of the wind turbine power generation unit.

2.2. Selection of the Analytical Expression of the PDF of the Wind Speed

As i1s well known, wind speed is frequently modeled using the Weibull distribution (WB),
as reported in [27]:

Bop,—1 _(wn on
foun, (Wh|noh’ BOh) - <ﬂ> ) <n0h> )

Moy, \ Mo,
where Mo, is the scale parameter and By, is the shape parameter. The scale parameter M, can be
expressed in terms of the mean value Moy, , of the distribution of the wind speed, according to the

following relationship:

uOWh

Mo, = @ 3)

where I () is the Gamma function. Consequently, one can treat the PDF in Equation (2) as a function
of the mean value and the shape factor.

In [25], it was concluded that the Weibull distribution of two parameters presents a series of
advantages that simply its use, i.e., (i) flexibility; (ii) dependence on only two parameters; (iii) the
simplicity of the estimation of its parameters; and (iv) its closed form. However, the Weibull PDF cannot
represent all the wind regimes encountered in nature, e.g., those with bimodal distributions. The mixture
of two Weibull distributions can be particularly suitable for these wind regimes.

As is well known, mixture density is a probability density function that is a convex linear combination
of other probability density functions [45,46].
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A two-component mixture Weibull distribution (MWB) depends on five parameters
(wp, Ny, B1, Ny, B,) and is given by:
leh (Wh|(*)h’ T]lh' Blh' nzh! Bzh)

Blh_l _<ﬂ)81h

= (1)h
My, \ Ny,

2p nzh

2,71 (w,\P2n
+ (= wp) [%<ﬂ>6 ) ] )

The scale parameter n, in Equation (4) can be expressed in terms of the mean value M1, , of the

distribution of the wind speed and of the other parameters wy, B,,, Ny, B2, according to the following

relationship [25]:

1
H1wh—(1—wh)n2hr<1+m>

n, = 5
In whr<1+ﬁ> ( )
h

As a result of the analysis of Equations (4) and (5), for the time horizon h, the estimation of the mean
value Wi, , and of the parameters wy, By, Ny, B2, is sufficient to unequivocally predict the probability

density function f1Wh. In this paper, the parameters wy, B;,, Ny, B2, were assumed to be prior random

parameters of the Bayesian approach, while the mean value Wi, Wwas estimated using the

AutoRegressive Moving Average (ARMA) and ARIMA time-series models reported in the next subsection.
Note that we considered both relationships Equations (1) and (4) separately, because they were to be
used in a Monte Carlo simulation approach that can handle them very easily.

2.3. ARMA and ARIMA Time-series Models

The general ARMA family for a stochastic variable x; can be represented as [26]:
®(B)x; = 0, + 0(B)e; (6)
where:
* B is the backward shift operator, defined by B™x; = X;_p,;

* ®(B) is the stationary autoregressive operator of order p, defined by ®(B) =1 — ®,B —
®,B? — .- — ®,,B?, fulfilling the condition that all of the roots of the polynomial ®(B) must

be greater than unity;
* B, is a constant term;
*  6(B) is the moving average operator of order q; it is 6(B) = 1 — 6,B — 6,B* — - — 8,BY;
* e, is the white noise at time t, characterized by a null mean and constant variance 62.

Expanding Equation (6) in terms of past values of x; and e;, we obtain the following form of the
difference equation:

X = 90 + CI)lxt_l + -+ CDpxt_p - elet_l — eqet_q + € (7)

Therefore, an ARMA model is unequivocally determined by fixing its orders (p, q), and the p + q + 2

unknown parameters 0, @4, ..., ®p, 04, ..., 84, 0,. ARMA models represent linear, stationary stochastic

processes mathematically, but these models usually perform poorly when fitting non-stationary processes.
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Unfortunately, some time-series can present non-stationary characteristics. To obtain a better
mathematical representation of such time-series, an extended version of the ARMA model must be used
in order to take into account the past values of the stochastic variable x; and the differences among actual
and past values of the stochastic variable, i.e., (x; — x¢_q).

Such models belong to the ARIMA family, and, for the generic stochastic variable x;, they can be
represented as:

®(B)Vix, = 8, + 6(B)e, (8)

where V¢ is the backward difference operator defined by V¢x, = x, — x,_4. Note that the polynomial
®(B) must satisfy the condition of stationary mentioned above.

Expanding Equation (8) in terms of past values of x; and e;, we obtain the following form of the
difference equation:

Xe =00+ @1X¢— 1+ -+ PpraXep-qg— 01601 — - —0gerg +e ©)

where the coefficients @, ..., @p.q are the coefficients of the operator ¢(B) = ®(B)(1 —B)* =1 —
@1B — @;B% — -+ — @,4qBP™® . In practice, the polynomial @(B) can be separated into two
contributions, i.e., the polynomial (1 — B)¢ that has d solutions equal to unity and the polynomial ®(B)
that presents the aforesaid stationary requirements consisting of all of the roots of ®(B) to be greater
than unity.

Therefore, an ARIMA model is determined unequivocally by fixing its orders (p, d, q) and the
p+d+q+ 2 unknown parameters 0o, @y, ..., @p4+a, 01, ..., 04,0, . Note that the ARIMA family
includes the ARMA family in the particular case of d = 0; so, one can use a general methodology for
the identification of an ARIMA model to represent an examined time-series presenting either stationary
characteristics (d equal to 0) or non-stationary characteristics (d not equal to 0).

In [26], Box and Jenkins proposed different techniques for the identification of the orders (p, d, q) of
an ARIMA model; in this paper, we used the Box-Jenkins approach based on the use of the sample
autocorrelation function 7,.(l), which is an estimation of the following theoretical autocorrelation
function p, (1) at different lags I:

E[Cre— 1) (s -]
px(l) = =L (10)

X

where 1, and 62 are the theoretical mean and the theoretical variance of the stochastic variable x,,
respectively. Since time-series always consist of a finite number of samples, N, only an estimation p, (1)
of p, (1) can be provided as follows:

N-lp, = PR
ﬁx(l) — Yi=1 =) e —x) (11)

T, (e1=ix)?

where [l is the sample mean of the time-series.

The first step of the Box-Jenkins approach is to identify the degree of differencing, d, exploiting the
properties of the autocorrelation functions. In fact, for a stationary time-series, the sample
autocorrelation function p, (1) quickly decays to zero for moderate lags [, while the non-stationary
characteristics in an examined time-series can be observed by the fact that the sample autocorrelation
function p,(!) decreases very slowly and does not tend to reach zero even for large lags [. This fact
suggests that:
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* if the sample autocorrelation function p, (1) decreases quickly for increasing values of [, the
time-series can be represented by a stationary model, and therefore d is assumed to be equal to zero;

* if the sample autocorrelation function p, (1) does not decrease quickly for increasing values of [,
the stochastic process is supposed to be non-stationary in x, but stationary in V%¢x, for d > 1.

Specifically, the stochastic process y, = V%x, is studied iteratively for = 1,2,... ; at each
iteration, the autocorrelation function p, (l) of y; = Véx, is investigated, and the iterative

process is stopped when the autocorrelation function p,,(I) decreases quickly for increasing
values of [. Therefore, d is assumed to be equal to the number of the iteration that achieved this
result; in practice, d is normally equal to 1 or 2, and is sufficient to inspect the first 20 estimated
autocorrelation coefficients (I = 1,2, ...,20) of the original series and of its first and second
differences to determine the value of d.

Once the value of the differencing order, d, is selected, the appropriately-differenced time-series
y, = (1 — B)%x, shows characteristics of a stationary process; therefore, it can be modeled by an
ARMA process of order (p, q). Having built the time-series y, in such a way, the ARMA (p, q) process
representing y, and the ARIMA (p, d, q) process representing the original time-series x, share the same
orders p, g; therefore, in the second step of the Box-Jenkins approach, one can study the differenced
time-series y;, and, by fixing the orders p, q of the correspondent ARMA model, the orders p, q of the
original ARIMA model also are individuated automatically.

Specifically, in [26], it was shown that different behaviors of the autocorrelation function p,, (1) for
the differenced series y; suggest different values of (p, q), and Table 1 reports the values for the most
common time-series.

Table 1. Behavior of the sample autocorrelation function, p,, (1), for the d™ difference of an
ARIMA process of order (p, d, q).

Order of the ARIMA Model
(1,d,0) (0,d,1) (2,d,0) 0,d,2) 1,d,1)
Py is a mixture of P, (1), P, (2) are

Py (1) is the only p, decreases

p, decreases ; exponential the only i
, appreciable . . . exponentially after
exponentially functions or sine appreciable R
non-zero term Py (1)
waves non-zero terms

Once the three orders (p,d,q) of the ARIMA process have been determined, a consolidated
estimation procedure can be used to obtain estimates of the p + q + 2 unknown parameters
0o, P4, ..., D, 04, ..., Gq, o, in Equation (9), which unequivocally identify the time-series model.

In this paper, the parameters of the ARIMA model were evaluated by minimizing the unconditional
log-likelihood function of samples of x; via the unconditional least squares estimates reported in [26].

Here, the stochastic variable, x;, was assumed to be the wind speed, w,. Moreover, once the minimum
mean square error forecast of the wind speed for the time horizon h was obtained by using the

appropriately-estimated ARIMA model, we assumed it to be the expected value of the forecasted
distribution, i.e., the mean value W, to be included in Equation (5).
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2.4. Evaluation of the PDFs of the Parameters wy, B, My, and B,

Once the mean value of the distribution at the time horizon h were determined as described in Section 2.3,
the remaining parameters wy, B1,,M 2y B2, of the distribution in Equation (4) must be obtained. The BI
allows the probabilistic estimation of these parameters, identifying their joint posterior probability
distribution, by the inference of an array of observations upon the known (or hypothesized) prior
probability distributions of each parameter.

The full procedure that is used is described as follows.

The set Sy, = {(Wn—k—m+1,---» Wi}, composed of M measurements of wind speed observed until
the origin time h — k, is provided initially. In addition, the prior distributions of the parameters are chosen.

Let z;, be the generic parameter whose prior distribution must be provided for the time horizon #4; the
parameters of the prior distributions commonly are called hyperparameters. There is a great debate in
the relevant literature [47] concerning how to determine the type of the prior distribution of the parameter
zp, and the corresponding hyperparameters. For example, when little or no prior information is provided
on the parameter z,, an uninformative distribution, such as Jeffreys prior or uniform distribution,
is commonly used. However, when some prior statistical information is provided on the parameter zj,,
an informative, appropriate distribution can be used, such as the Gaussian PDF with hyperparameters
(A2, 82,).

The main advantage of the Gaussian distribution is the simplicity of the operations in that only the
estimates of two hyperparameters are needed, and one can fix the variance 6\3}1 immediately on the basis
of her or his confidence in the estimate of the mean value {i,, ; a large variance yields a larger, more
uniform distribution around the mean value, while a small variance yields a distribution that is more
concentrated around the mean value. Coherently, with the behavior of uninformative distributions,
specifying a large variance ’G‘%h ensures that the historical data used for the inference determines the
relevant changes in the posterior distribution of z;, to a greater extent than the prior distribution [47].

In this paper, an initial estimation Z, was performed for each time horizon h for each parameter
Bi,yM 2y B2,,> by applying the well-known moment estimation procedure [48] on the set of observations
of wind speed Sy, . Then, the resulting value of each estimate was assumed to be equal to the mean value
of the corresponding prior informative Gaussian distribution, i.e., Z, = [i, ; then, the variance was
assumed to be very high (G,, = 10* for each parameter 3, P B2,,» as in [23]) in order to ensure that

the historical data used for the inference, more than the prior distribution, determines the relevant
changes in the posterior distribution of parameters.

Instead, for the parameter wy, a completely uninformative uniform distribution in the interval from
0 to 1 was chosen due the restricted domain in which the parameter is defined.

Now, let z, = {mh, Blh'nzh' Bzh} be the random parameter vector to be estimated for each time

horizon h in the BI approach.

Once the prior distributions are set, the BI allows the estimation of the joint posterior
distribution p(z|Sw,), given the set of measurements Sy, , through the extension of the Bayes’
Theorem. Unfortunately, a closed-form expression of p(z,|Sy, ) cannot be provided analytically, but
the expression of the un-normalized posterior distribution, q(z|Sw, ), which is directly proportional to
P(2n|Sw,,), is sufficient for the probabilistic estimation of the parameters.
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We can calculate the un-normalized posterior distribution q(z,|Sy, ) of the random parameters by:

q(znSw,) = PGw,|zn) [j=1p(2) (12)

where p(Sw, |25) is the likelihood function; and p(z;) is the prior distribution of the jth prior random
parameter of the vector z;,. The likelihood function p(Sy, |25) in Equation (12) is given by:

P(Sw,lz0) = T prari fun, [Wor Ny, (1, )21 (13)
where nls(u1WS) is the Equation (5) evaluated in correspondence to parameters z;, and M1, o where M,

is the minimum mean square error forecast [26] drawn from the selected ARIMA (p, d, q) model for the
time horizon t = s, given the past p + d values of wind speed {Ws_,_g—k+1, -+, W5} contained in the
set Sy, -
The explicit expression of the likelihood function can be provided in the following form:
B1y B2, -1 w, B2y
B1,-1 _(Ws 2 _(ws
Bi(&> e <n15> + (1 —wp) [Bz—h <&> ' e (nz’) ‘ (14)

Sw. |zn) = 1ML 0
p(_Whl_h) Hs—p+d+k h g\, oy \ Mz,

Numerical values of Equation (12) can be obtained through different methods that have been
extensively used in Bayesian relevant literature [22,47,49,50]. In this paper, the Monte Carlo Markov
Chain simulation method based on the Metropolis-Hasting algorithm was used to obtain samples of the
posterior distributions of the parameters in z, from the evaluation of the un-normalized posterior
distribution q(z,|Sw,) [22,47,49,50]. Moreover, the size M of the historical data can be selected with

adequate criteria, thus improving the accuracy of the forecasting method.

2.5. Evaluation of the Samples of the PDF prh

The samples of the posterior distributions of the parameters wy, By,, Ny, B2, for the time horizon h,
obtained as shown in Section 2.4, and the mean value M, of Section 2.3, can be used together to obtain
samples of the parameter Ny, from Equation (5); then, the samples of wind speed, wy,, can be acquired
from the estimated distribution f1Wh(u) My, B1,,M 2y B2,) (4). In this paper, these samples were

acquired by applying the random rejection sampling algorithm by Von Neumann [51].
Then, the samples of wy, can be used in a Monte Carlo procedure to obtain samples of Py, from

Equation (1) and to provide a probabilistic estimation of the wind active power for the time horizon h.
3. Experimental Section

The procedure presented in Section 2 was firstly used on an USA. wind speed time-series (TS1) to
forecast the hourly active power produced by a P,,,,, = 75 kW wind generator for the time horizon h
with a lead time k = 1 h, acquiring the hourly measurements until the origin time h — 1. The wind
generator was characterized by the wind speed values of W,; = 2.3 m/s, W,, = 9 m/s, and W, = 16 m/s.
The non-linear part of the function g(wy,) in Equation (1) was approximated numerically through a
sixth-order polynomial, interpolating the data provided by the manufacturer.

Then, to further validate the proposed approach, the results of forecasts in case of three additional
time-series related to two USA sites (TS2 and TS3) and an Italian site (TS4) are reported in Section 3.3.
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3.1. Characteristics of the Data

The dataset of available measurements consisted of 8760 hourly observations of wind speed obtained
from 1 January 2013 to 31 December 2013 by the NWTC M2 Tower at latitude 39°54’ north and
longitude 105°14" west (USA). Table 2 provides the monthly and annual mean values of wind speed
observed during the entire year.

Table 2. Monthly and annual mean values of observed wind speed.

Mean Value of Mean Value of Mean Value of

Month Wind Speed Month Wind Speed Month Wind Speed
(m/s) (m/s) (m/s)
January 4.85 May 2.89 September 7.66
February 3.47 June 7.06 October 2.39
March 2.65 July 3.80 November 1.98
April 3.83 August 3.00 December 3.14
Yearly mean value of wind speed (m/s) 4.56

The procedure for identifying the ARIMA model and estimating the corresponding parameters,
described in Section 2.3, was applied to the first 4380 measurements of wind speed, taken during the
first six months of the year; then, wind speeds were predicted for the second half of the year.

Figure 1 shows the autocorrelation coefficients and the corresponding significance levels for the
original time-series (Figure 1a) and for the once-differenced time-series (Figure 1b) of the observations
of wind speed.

Figure 1a shows that the sample autocorrelation function decreases quickly for increasing values of
lag, [; this suggests that the original time-series was stationary and non-seasonal. The behavior of the
autocorrelation function for the once-differenced time-series shown in Figure 1b supports this hypothesis.
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Figure 1. Autocorrelation coefficients of observations of wind speed and corresponding
significance levels: (a) for the original time-series; (b) for the differenced time-series.

Therefore, for the ARIMA model the order d = 0 was selected. Furthermore, the decay of the
autocorrelation function is pseudo-exponential, so the ARIMA model (1, 0, 0) and the ARIMA model
(2, 0, 0) were used to evaluate the mean value of the distribution of wind speed; using these models in
the form of difference Equation (9), we have Equations (15) and (16), respectively:
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we = 0p + Q1Wi_1 t & (15)
Wwe =0 + QW g + @aw; + ¢ (16)

Forecasts were made by using the MWB Bayesian method presented in Sections 2.4 and 2.5, in which

the ARIMA (1, 0, 0) model (B-MWB-1 case) and the ARIMA (2, 0, 0) model (B-MWB-2 case) were
used to individuate the mean value M1, of the distribution of wind speed.

3.2. Evaluation of the Quality of the Forecasts

The quality of the probabilistic forecast methods was quantified in this Section by using either a single
(spot) value (i.e., the mean value) or the entire probability function. In particular, we define the
“spot-value framework” as the case in which the quality of the probabilistic forecast is quantified using
a single value of the random variable wind power production, whereas we define “distribution
framework” as the case in which the quality of the probabilistic forecast is quantified using a score that
uses the entire probability function.

Then, considering the spot-value framework, the mean absolute error (MAE), the root mean square
error (RMSE), and their corresponding normalized indices, i.e., NMAE and NRMSE, respectively were
selected to quantify the quality of the forecast. These values were calculated as shown below:

MAE = % R A o

RMSE = |+y#_ (psPot _ pr)
= JaZie (R = Py)

spot *

P —_
NMAE =2yi_ D¥n Mypg a7
H Pmax
Pspot_P* 2
NRMSE = j% ;;1%100

where PVf,’ZOt is the spot-forecasted value (i.e., the mean value); P}, is the observed hourly value of active

power produced; and H is the total number of forecasting hours.

With reference to the distribution framework, it was assumed that the continuous ranked probability
score (CRPS) and its corresponding normalized index, i.e., NCRPS (probabilistic indices), can be used
to quantify the quality of the forecast, and they were calculated as follows:

CRPS =234, [**[Fu(P) — O(P — )| dP
(18)

NCRPS = 30i_, LalPuer-ote—rp)ar

100

Pmax

where @ is the Heaviside function, and Fy, is cumulative density function (CDF) of the entire forecasted
power. From the analysis of relationships Equation (18) it clearly appears that the CRPS is linked to the
total area between the CDF of the forecast and the Heaviside function along all of the hours that were
considered. The calculation of the CRPS will result in a value that has the units of the forecast variable,
and, therefore, CRPS can be interpreted as a probabilistic version of the MAE [52,53].
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Furthermore, an evaluation of the reliability of the forecasting methods also could be obtained by
following the well-known reliability diagrams approach shown in [13,14].

The values of indices Equations (17) and (18), obtained by using the Bayesian method proposed in
Section 2, were compared with the values obtained using a reference method, i.e., in the spot-value
framework, the well-known persistence method was used as in references [54,55], and, in the distribution
framework, the selected benchmark was the probabilistic extension of the persistence method (PPM)

proposed in [56,57]. The probability function used in the frame of the PPM was a classical, two-parameter
Weibull distribution, the mean value (uOWh) of which was assumed to be the observed hourly value of

active power at the origin time h — 1. The shape parameter 3, was calculated through an iteration of the
variance of samples, coherently to the model that was used for the iteration of the mean value, as shown
in [56,57].

Further comparisons of the results obtained with the proposed method were provided by using the
Bayesian method (B-WB case) proposed in [23], which was based on the use of a two-parameter Weibull
distribution, and the Bayesian method which was based on the use of a Beta distribution (B-3 case) and
a Gamma distribution (B-y case).

Forecasts were made for different time intervals and for several days during the period from 14 June
2013 to 31 December 2013. For sake of conciseness, only the results of the forecasts made for 90 days
(2160 h), from 14 June 2013 to 12 August 2013, are reported and discussed here to validate the proposed
Bayesian method.

Figure 2 shows the results of the one-hour-ahead forecasts as an example of the obtained results.
Figure 2a specifically shows the results obtained using the proposed Bayesian-based approaches
(B-MWB-1 and B-MWB-2) and using the PPM, and Figure 2b shows the results obtained using the
Bayesian methods with unimodal distributions (B-WB, B-$ and B- y); the actual hourly wind power is
reported in both figures for comparison. For all of the Bayesian forecasts, we assumed that the mean
value is the spot forecast value.
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Figure 2. Spot value framework compared to the actual hourly wind power (dotted lines)
(04/07/2013): (a) Proposed methods: B-MWB-1 and B-MWB-2 cases, and PPM;
(b) Bayesian methods with unimodal distributions: B-WB, B-3 and B-y cases.
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Figure 2 indicates that:

* the forecasts of all of the Bayesian methods were closer to the observed values of wind active
power than the forecasts of PPM for almost all hours of the day. This is an interesting result,
since the persistence method usually has good behavior for low values of lead time, k;

¢ all of the Bayesian methods had very similar results due the similar approaches that were used
to evaluate the spot value by the ARIMA models. Thus, a more comprehensive analysis was
required in terms of sharpness and reliability of the forecasting methods, and it had to consider
the entire forecasted PDF in the distribution framework.

Figure 3 shows the CDFs of forecasts and the CDF of a one-hour observation during the day
(i.e., 1:00 PM). Figure 3a compares the forecasted CDFs obtained through the proposed method
(B-MWB-1 and B-MWB-2 cases) and through PPM to the CDF of the actual value of wind power. Figure 3b
compares the forecasted CDFs obtained through the Bayesian methods with unimodal distributions
(B-WB, B-f and B-y) to the CDF of the actual value of wind power. Figure 2 shows that, at 1:00 PM, the
deviations of the forecasted spot values from the actual value of wind power were very similar for all the
Bayesian forecasting methods that were considered; however, this behavior was not the same in terms
of hourly contribution to the CRPS. In fact, when Figure 3a,b were compared, it was evident that the
total areas between the measured CDFs and the forecasted CDF obtained by using the proposed method
were smaller than the total areas obtained by using the other methods. In this case, both underproduction
error area (where the measured CDF is greater than the forecasted CDF) and overproduction error area
(where the measured CDF is smaller than the forecasted CDF) for the reference methods were greater
than the corresponding areas for the proposed method. The best performances were obtained by the
proposed methods; B-y performed slightly worse, leading to a greater underproduction area, while PPM,
B-WB and B-f led to greater underproduction and overproduction areas. There were no appreciable
differences between the results obtained in the B-MWB-1 and B-MWB-2 cases.
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Figure 3. Forecasted CDFs compared to the CDFs of the actual value of wind power
(at 1:00 PM on 04/07/2013); (a) Proposed methods: B-MWB-1 and B-MWB-2 cases, and PPM;
(b) Bayesian methods with unimodal distributions: B-WB, B-f3 and B-y cases.
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As a further example of the results that were obtained, Table 3 shows the values of the absolute and
percentage error indices Equations (17) and (18) obtained for all of the methods and averaged over the
time interval from 14 June 2013 to 12 August 2013.

Table 3. Time-series TS1: Values of absolute and percentage indices for the forecasts
averaged from 14 June 2013 to 12 August 2013.

Forecasting Method
Index Proposed Method Reference Method
B-MWB-1 B-MWB-2 PPM B-WB B-p B-y
MAE (kW) 7.47 7.41 7.74 7.49 7.50 7.50
RMSE (kW) 13.67 13.58 14.39 13.81 13.79 13.81
CRPS (kW) 5.51 5.50 6.17 5.74 5.59 5.64
NMAE (%) 9.96 9.88 10.31 9.98 9.99 10.00
NRMSE (%) 18.23 18.10 19.18 18.41 18.39 18.41
NCRPS (%) 7.35 7.33 8.22 7.65 7.45 7.52

The values in Table 3 indicate that:

* Bayesian methods performed better than PPM in the spot-value framework; in fact, the MAE
index decreased by about 5%. In addition, the proposed Bayesian method provided results that
were slightly better than the B-WB, B-f3 and B-y methods; for example, the RMSE calculated
with B-MWB-2 was 2% lower than the RMSE calculated with all of the Bayesian methods with
unimodal distributions;

* in the distribution framework, all of the Bayesian methods performed better than PPM; in fact,
they provided CRPS values that were about 11.5% even lower than the values obtained by PPM.
The proposed method had the best performances; for example, the CRPS values obtained by
using either B-MWB-1 or B-MWB-2 were 4% lower than the values obtained by using B-WB,
2.5% lower than the values obtained with B-y and 2% lower than the values obtained with B-f3;

¢ a comparison of B-MWB-1 and B-MWB-2 indicates that the latter provided slightly better
performance, since the fact that all of its indices had relatively smaller values.

The CRPS is a consolidated tool to evaluate the calibration and the sharpness of forecasts. However,
for sake of completeness, the calibration of forecasts can be further checked through the inspection of
PIT histograms [58—60]. The PIT histogram is a visual, informal diagnostic tool; deviations from
uniformity usually evidence forecast failures and model deficiencies. U-shaped histograms indicate
under-dispersed predictive distributions, inverse-U shaped histograms indicate over-dispersed predictive
distributions, and skewed histograms usually evidence biased forecasts.

Figure 4 shows the PIT histograms obtained through the proposed methods B-MWB-1 and B-MWB-2
and PPM (Figure 4a) and the PIT histograms obtained through the Bayesian benchmark methods
(B-WB, B-f and B-y in Figure 4b).

From the graphical inspection of Figure 4, the behavior of PIT histograms seems to be coherent to
the corresponding values of CRPS in Table 3; the proposed method provides almost uniform histograms,
coupled with the lowest values of CRPS. B-y also provides an almost uniform histogram, even if the
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corresponding value of CRPS is higher, while PPM, B-WB and B- show a typical inverse-U shaped
histogram, suggesting an over-dispersion in the forecasted distributions.

Relative Frequencies

0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
Probability Integral Transform Probability Integral Transform

(a) (b)

Figure 4. PIT histograms for: (a) Proposed methods: B-MWB-1 and B-MWB-2 cases, and
PPM; (b) Bayesian methods with unimodal distributions: B-WB, B-f3 and B-y cases.

The reliability of the proposed methods was evaluated by comparing the empirical coverages of the
various quantiles of the forecasted PDFs to the nominal coverages for the entire interval of forecasts.
Figure 5 shows the estimated coverage with respect to the nominal coverage obtained by the four methods
that were considered. Figure 5 shows that the forecasts produced by either B-MWB-1 or B-MWB-2 provided
the best reliabilities, with their reliability diagrams virtually overlapping each other. B-y performed
slightly worse than the proposed method, especially in correspondence to the higher quantiles. B-WB
and B-P deviated more than the proposed methods from the ideal reliability curve, and the reliability of
PPM was particularly poor.
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Figure 5. Reliability diagrams for the proposed methods and the reference methods
compared to the ideal reliability; (a) Proposed methods: B-MWB-1 and B-MWB-2 cases,
and PPM; and (b) Bayesian methods with unimodal distributions: B-WB, B-f and B-y cases.

3.3. Further Analysis

The proposed forecasting method was validated using several additional wind time-series. For sake
of conciseness, in this section the results of forecasts performed for two U.S. locations (TS2 at latitude
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34°59" and longitude 104°02'; TS3 at latitude 45°20" and longitude 104°25’, respectively) and for an
Italian location (TS4, at latitude 16°21" and longitude 40°57") are reported. The selected locations were
chosen in order to test the proposed method in different conditions of wind occurrences. In the following,
the results of a 1-month time interval forecasts are shown. Table 4 shows the yearly mean values of wind

speed, the ARIMA model chosen through the procedure described in Section 2.3, and the characteristics
of the corresponding wind turbines for the three locations.

Table 4. Values of yearly mean wind speed and characteristics of the wind turbines for TS2,

TS3, and TS4.
Yearly Mean ARIMA Wind Turbine Cut-in Wind  Rated Wind  Cut-off Wind
Location Value of Wind Model Rated Power Speed W ; Speed W.,. Speed W,
Speed (m/s) P ax (KW) (m/s) (m/s) (m/s)
TS2 9.98 (2,0,0) 1500 4 15 25
TS3 9.61 (2,0,0) 670 3 13 25
TS4 6.82 (4,0,0) 670 3 13 25

The quality of the forecasts was quantified by using the indices defined in Section 3.2; the values of

indices are shown in Tables 5-7 for TS2, TS3, and TS4, respectively, and compared with the values
obtained through the same benchmark methods used in Section 3.2.

Table 5. Time-series TS2: Values of absolute and percentage indices for the forecasts
averaged from 1 October 2013 to 31 October 2013.

Forecasting Method
Index Proposed Method Reference Methods
B-MWB-2 PPM B-WB B-B B-y

MAE (kW) 131.40 134.53 137.00 136.34 136.76
RMSE (kW) 232.65 243.52 241.36 240.39 240.54
CRPS (kW) 104.91 114.38 113.76 113.00 107.57
NMAE (%) 8.76 8.97 9.13 9.09 9.12
NRMSE (%) 15.51 1623  16.09 16.03 16.04
NCRPS (%) 6.99 7.63 7.58 7.53 7.17

Table 6. Time-series TS3: Values of absolute and percentage indices for the forecasts
averaged from 1 October 2013 to 31 October 2013.

Forecasting Method
Index Proposed Method Reference Methods
B-MWB-2 PPM B-MWB-2 B-f B-MWB-2
MAE (kW) 64.20 70.03 70.48 70.11 70.12
RMSE (kW) 100.07 109.94 108.15 107.78 107.81
CRPS (kW) 53.03 54.80 61.39 63.38 59.93
NMAE (%) 9.58 10.45 10.52 10.46 10.47
NRMSE (%) 14.94 16.41 16.14 16.09 16.09

NCRPS (%) 7.92 8.18 9.16 9.46 8.94
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Table 7. Time-series TS4: Values of absolute and percentage indices for the forecasts
averaged from 1 October 2013 to 31 October 2013.

10310

Forecasting Method
Index Proposed Method Reference Method

B-MWB-4 PPM B-WB B-§ B-y
MAE (kW) 62.92 62.54 63.10 6295 63.30
RMSE (kW) 111.41 114.54 113.00 112.70 112.97
CRPS (kW) 51.39 5221 57.60 57.14 57.20
NMAE (%) 9.39 9.33 9.42 9.40 9.45
NRMSE (%) 16.63 17.10 16.86 16.82 16.86
NCRPS (%) 7.67 7.79 8.60 8.53 8.54

The values in Tables 3, 57 indicate that:

the proposed method seems to be the best forecasting tool, since it provides the lowest values
in all of the indices, with the only exception of MAE for TS4; in particular, it seems to be very
suitable to provide sharp probabilistic forecasts, since it provides the lowest values of CRPS index;

comparing the proposed method to the PPM benchmark, the values of MAE decrease by about
2% and 8% for TS2 and TS3, respectively, while for TS4 the value of MAE provided by the
proposed method is slightly (0.5%) higher than PPM benchmark. The dispersion of forecasts
around the mean value is however smaller for the proposed method, since it provides lower
values of RMSE (about 5%, 9%, and 3% lower for TS2, TS2, and TS4, respectively) and CRPS
(about 8%, 3% and 2% lower for TS2, TS2, and TS4, respectively);

among the Bayesian benchmarks, B-y seems to provide the most accurate forecasts; however,
the proposed method outperforms B-y in all of the considered time-series. In fact, the values of
MAE decrease by about 4%, 9%, and less than 1% using the proposed method; the values of
RMSE decrease by about 3%, 7%, and less than 2%; the values of CRPS decrease by about 3%,
10% and 11% for TS2, TS3, and TS4, respectively;

the global behavior of the proposed method seem to be coherent for all of the considered
time-series, even if the application is significantly different in terms of rated power. This
behavior can be detected by comparing the normalized values of the indices provided by the
proposed method; they are very similar for all of the four considered time-series, even if the
rated power of the considered turbines vary significantly (from 75 to 1500 kW).

4. Conclusions

In this paper, we proposed a new probabilistic method for forecasting the generation of wind power.

This method was based on the Bayesian theory and was particularly appropriate for forecasting wind

power in correspondence with wind speed regimes that vary significantly over time; this result was

achieved by using a more complex probability distribution to characterize wind speed, i.e., the mixture

Weibull distribution, which seemed the most suitable to represent both unimodal and bimodal

wind regimes.
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The results obtained with the proposed method were compared with the results obtained by using two
probabilistic forecasting approaches that have been used extensively, i.e., the persistence method and a
traditional Bayesian method using two-parameter distributions.

The numerical applications were performed with respect to various wind turbines; the proposed
method proved to be useful in short-term probabilistic forecasting of wind power, performing better than
the reference methods in terms of both point-value and distribution forecasts. In particular, the proposed
method offered significant improvements in terms of the sharpness and reliability of forecasts.

We concluded that the proposed Bayesian method is the most suitable for representing both unimodal
and bimodal wind regimes. Also, additional significant improvements of the forecasts are expected in
particular regimes that are characterized by a significant number of days of bimodal wind speed distributions.

Future work will focus on the application of the Box-Jenkins approach, based on the use of the sample
autocorrelation function, to forecast the photovoltaic power generation. In addition, since in this paper
we assumed a deterministic power curve, studies on the probabilistic behavior of power curve depending
on meteorological variables such as wind direction, temperature, local air density, and precipitation will
be carried out.
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