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2 Overview

Massive deployment of renewable energy sources, with the leadingfaléend energy historically,
calls for the development of new integrated approaches for the optimalgeiaesat of power systems
operations, most often in a market environment. This in turn requires thefdsescasts as input to
monitoring and decision-making, with forecasts that may be of differemigdor different lead times
and with varied space-time resolutialofies 201l Forecasts are especially valuable in a market envi-
ronment like those existing in Europe or in the USbtterudet al. 2010 among others. An extensive
and recent review of the state of the art in wind power forecasting wapited inGiebelet al. (2011).

Forecasts are commonly evaluated by error measures such as the MedatélError (MAE) and the
Root Mean Square Error (RMSE), which only relate to an evaluationretfst accuracy for all types
of external conditions. This is while in terms of power systems managemergaaticipation in elec-
tricity markets, extreme events of all sorts may be leading to much higher costbubmess-as-usual
situations. This is the reason why regime-switching approaches shoulivisaged so as to make a
difference between situations that could lead to different types of qoesees for the decision-makers.
Some of the specific works on events eg. rarBpssavyet al. (2012 are focused on very specific
events, while here emphasis is placed on more general definitions of reginrsesse of situations with
distinct and characteristic dynamic behaviour of wind power generatiditaforecast uncertainty.

In the frame of the EU-FP7 project SafeWind, a Task was defined soasmtentrate on these regime
aspects, by developing appropriate methodologies, and also by showatgtive benefits of regime-
switching forecasting approaches may be. A part of the work there isasf@cused on putting in
the balance these benefits with the corresponding increase in modellingrandsting complexity. In
addition, consideration was given to both point and probabilistic foregastathodologies, since today
both are recognized as important inputs to decision making. This repaist®im a collection of work
that were published or submitted in scholarly journals or as technicaltsggmased on the research
work carried out in this specific Task of the Work Package (WP) 6 of teFP7 project Safewind.
Acknowledgements regarding publication information can be found in aquegection.

The works collected in the Appendix parts cover the following subjdatsmbe and Pinsor{2012) fo-
cuses on short-term forecasting for lead times within the hour aheadpftyimiog advanced modelling
of predictive densities, rival approaches to regime switching, as welb@ntial use of offsite informa-
tion. results are given for a case study in Ireland. In pardlletmejo and 8&nchez(2012 concentrates
on a general methodology permitting to identify regime-switching models with agreddde regime
sequence, based on recursive estimation techniques. This paperpigliaateon of some earlier more
methodological work presented Bermejoet al. (201]) to the case of short-term forecasting of wind
power generation, with results from Greek wind farfeSharry and Anastasiad€¢2012 extends to a
probabilistic framework by looking at how nonparametric probabilistic faséx of wind power genera-
tion may e obtained by additionally accounting by some regime information, wegirmes are defined
by recent variability indices. Application results are given for the cadewfwind farms in Denmark.
Finally, the work inSideratos and Hatziargyrio(R012 describes the use of artificial intelligence tech-
niques for the forecasting of wind power generation with focus on extexmsets, for longer lead times
(in the order of hours to days).
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1 Introduction

With the growing penetration of wind power into power systems, electric utilities are called to revise
their operational practices. In particular, experts in energy management recommend to increase the
scheduling frequency of electricity generation and delivery from hours to minutes, in order to mitigate
the impact of wind power variability on power systems [1]. Transmission System Operators (TSO)
expressed concurring views on the integration of large amounts of wind power into power systems [2].
In a few European countries, very short-term wind power forecasts with temporal resolutions from 5 to
15 minutes, and lead times up to 36-48 hours, are already used in a wide range of applications [3]. These
include among others optimizing reserve allocation, balancing electricity consumption and production,
and controlling wind power fluctuations at large offshore wind farms [4,5]. In particular, one application
for which forecasts with specific lead times up to 15-20 minutes are needed is the management of the
immediate regulating power reserve. This type of reserve is activated over time intervals up to 15-20
minutes, after the system experiences a sudden and large deviation between scheduled and actual wind
power generation [6]. This issue is paramount in countries or regions with limited interconnections, or
with no complementary source of energy (e.g., hydro or pumped hydro) that can be both stored and used
for fast-acting generation.

Issuing improved wind power forecasts for supporting decision-making in regulating reserve manage-
ment has the merit of being more cost-effective when compared to other solutions such as increasing
backup capacities. For lead times from a few minutes to a few hours, wind power forecasts are best
generated with statistical models using historical data. However, developments in wind power forecast-
ing have long been oriented towards energy market applications, placing focus on forecasts at hourly
resolutions, as required by the market structure. These approaches heavily rely on the availability of me-
teorological forecasts of wind speed and direction owing to the strong relation between wind and wind
power, the so-called power curve [7]. Employing such a strategy is not realistic when working with lead
times of a few minutes. Instead, a number of new modeling and forecasting approaches were recently
proposed in view of improving the predictability of wind power fluctuations for very short lead times.
These include regime-switching models, off-site predictors and a new type of predictive distribution.

Regime-Switching models — The motivation for applying these models comes from the existence of
structural changes in the dynamics of wind power fluctuations at temporal resolutions of a few minutes,
hence the term wind power regime. Periods of low and high wind power variability alternate, not only
modulated by the wind own variability, but also by the power curve that amplifies or dampens wind
fluctuations owing to its nonlinear nature. For low or high wind speeds, wind power fluctuations are
very small whereas, for moderate wind speeds (i.e., roughly between 7 and 13 m.s~!), wind power
fluctuations can become extreme. Originally developed for applications in Econometrics [8], regime-
switching models have, since then, also been applied for modeling and forecasting offshore wind power
fluctuations in [9-11], improving the accuracy of wind power forecasts when compared to single regime
models. Regime-switching models divide into two categories, those for which regimes are observable
and determined by expertise, and those for which they are unobservable and estimated jointly with the
model. This translates into two classes of time series models, namely Threshold Autoregressive (TAR)
and Markov-Switching Autoregressive (MSAR) models [8, 12].

Off-site predictors — Traditional inputs to statistical prediction models consist of on-site observations



(i.e., wind power production, wind speed and direction) and/or meteorological forecasts (wind speed and
direction, temperature, atmospheric pressure). However, meteorological forecasts are generated at coarse
temporal resolutions, from 1 to 3 hours, and therefore not informative on intra-hour wind fluctuations.
Furthermore, wind measurements are rarely available in real-time for applications with lead-times of a
few minutes. When wind power data and wind data are not simultaneously available, the difficulty of
generating accurate wind power forecasts increases. This is the reason why a number of recent studies
explored the potential of off-site observations as new predictors [13—19]. In particular, wind farms and
meteorological masts scattered over a region form a net capable of capturing valuable information on the
weather conditions. Owing to the synoptic mechanisms in the atmosphere which drive wind variability
in space and time, upwind observations can be informative of upcoming changes in weather conditions
and be used as extra predictors [20,21]. Two distinct approaches exist for integrating these off-site
predictors into forecasting models, depending on whether (i) the dominant weather conditions are known
a priori and the model designed accordingly [13—16], or (ii) there is no a priori information available on
weather conditions and it is assumed that the model can capture the associated effects directly from
the data [17-19]. Despite their high accuracy, models based on the first type of approach have a clear
downside, they tend to be very region or site-dependent, lacking of adaptivity when applied to areas
with different weather conditions. In contrast, models based on the second type of approach are more
data-driven and require less expert knowledge to capture the spatio-temporal dependencies between sites.

The Generalized Logit-Normal distribution — Wind power generation is a double-bounded process
since it can neither be negative nor exceed the wind farm rated capacity. In addition, the distribution of
wind power forecast errors changes with respect to the conditional expectation of the forecasts [22]. In
particular, heavy skewness near the bounds and a clear heteroscedastic behavior are generally observed.
In a parametric framework, a common approach for dealing with these features consists in combining a
statistical model that handles the heteroscedasticity (e.g., Generalized Autoregressive Conditional Het-
eroscedastic (GARCH) models) with a predictive distribution that deals with the effects of the bounds
and, potentially, with skewness (e.g., censored and truncated Normal distributions) as in [23]. A gen-
eralization of this type of approach was proposed in [24] with the Generalized Logit-Normal (GLN)
distribution and applied for forecasting wind power fluctuations at large offshore wind farms.

All three aforementioned approaches yielded substantial gains in wind power predictability, in a wide
variety of contexts. However, their predictive performances, yet demonstrated against traditional bench-
mark models, were not compared against one another. As a result, there seems to be a great deal of
confusion on the direction to follow for forecasting wind power fluctuations. In particular, the con-
straints imposed by short lead time applications (i.e., no wind measurements) offer a difficult test to
the robustness of these approaches. For instance, one may wonder whether the relative complexity of
regime-switching models is worth the gain in predictability, when compared to more parsimonious mod-
els with a single regime and tuned with off-site predictors and the GLN distribution. As a first attempt to
clear this point out, we perform a comparative study of the predictive performances of the different ap-
proaches and, eventually, explore different combinations of them in order to evaluate whether additional
improvements can be obtained. Focus is placed on wind power fluctuations from a single wind farm.

Wind power forecasts and, more generally, forecasts of any continuous quantity are given in the form
of either a single-value (i.e., deterministic forecast) or a full probability distribution or density (i.e.,
probabilistic forecast). As pointed out in [25], forecasts ought to be probabilistic in order to achieve
optimal decision-making under uncertainty. This idea found its echoes with a few TSOs which started
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using probabilistic information in control rooms [2]. In this work, the accuracy of wind power forecasts
is verified with respect to both point and density forecasts even though more importance will be given to
the latter ones.

This paper is organized as follows. Section 2 introduces the case study, the data and their characteristics.
Section 3 presents the four classes of model considered in this study, namely Autoregressive (AR), AR-
GARCH, TAR, MSAR. In section 4, the predictive performances of these models are evaluated both in
terms of point and density forecasts. Finally, section 5 delivers concluding remarks.

2 Data and their characteristics

In this section, we present the data and their characteristics. We also perform a number of analysis to
introduce some essential principles that motivate modeling assumptions in section 3. In particular, we
give a detailed account on the the GLN predictive distribution as proposed in [24], and evaluate spatio-
temporal correlations of wind power in view of integrating off-site predictors into time series models.

2.1 Case study

The case study consists of a group of three wind farms located in the South-East of Ireland, the Carnsore
wind farm which has a rated capacity (Pn) of 11.9 MW and its two nearest wind farms, Richfield (27
MW) and Ballywater (42 MW), as shown in Figure 1. Ballywater and Richfield are located about 40
km North-East and 17 km West of Carnsore, respectively. The Carnsore wind farm is located at the
extreme point of a peninsula, by the sea shore. Richfield and Ballywater are located further away inland
but within 5-10 km from the sea, remaining in the zone of influence of the marine weather. In this study,
focus is placed on forecasting the wind power generation at the Carnsore wind farm. As aforementioned,
no wind measurement is available. Furthermore, available meteorological forecasts have a too coarse
temporal resolution to be informative for lead times of a few minutes and thus cannot be used. Our
knowledge of weather conditions in Ireland is restricted to the prevalence of southwesterly winds. In
addition, passages of low-pressure systems characterized by large wind variability and developments of
storms are more frequent over the period from August to January [26].

Ireland and its power system are singular when compared to other countries/regions with high wind
power penetrations. Ireland has large wind resource but very limited interconnection capacity with power
systems from other countries. More specifically, there exists a single interconnection to Northern Ireland
which, in turn, is only connected to the United Kingdom. The target of Ireland is to meet 40% of its
energy demand with renewable energy sources by 2020, of which 37% are expected to be covered by the
integration of wind power. The small interconnection capacity clearly acts a limiting factor for enabling
further wind power into the system since the latter will be unable to spill excess power when needed.
Consequently, improved wind power predictability would allow to decrease the frequency of curtailment
actions and reduce losses of wind power generation [3].

4
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FIGURE 1: The Carnsore, Richfield and Ballywater wind farms are located in the South-East of Ireland. Carn-
sore and Richfield are separated by an approximate distance of 17 km, and the distance between Richfield and
Ballywater is 40 km.

2.2 Data quality control

The wind power data used in this study are provided by Eirgrid, the TSO in Ireland. They span the
period from December 31, 2006 to June 1, 2009. One time series of wind power production is available
for each wind farm, at a temporal resolution of 15 minutes. Following [27], time series are normalized
and expressed as a percentage of the wind farm rated capacity. The resulting time series take values on the
unit interval [0, 1]. The raw data records are complete for Carnsore and Richfield but not for Ballywater
for which 3071 values (out of 84864) are reported missing. Since the data consist of output power time
series, and not available power, a data quality control is performed. We identify several periods where
the output power is curtailed, likely indicating that some wind turbines were temporarily out of order or
that an absolute power limitation was imposed. An example is given in Figure 2 which shows the time
series of wind power for the Carnsore wind farm. The output power never exceeds 92% of the rated
power of Carnsore in the second semester of 2007 and the first semester of 2008. Consequently, we only
use the period from July 10, 2008 to 27 March, 2009 in this study, corresponding to more than 25000
data points. This period is shaded in grey in Figure 2.

2.3 The Generalized Logit-Normal predictive distribution

The conversion from wind to power makes that wind power generation is a double-bounded process,
with a potentially high concentration of observations near or at the bounds. This feature is illustrated in
Figure 3. In addition, the shape of the distribution of the wind power forecast errors evolves with the
conditional expectation of the forecasts. Near the bounds, the conditional distribution of wind power
forecast errors tends to have a very small standard deviation and to be heavily skewed. Moving away
from these bounds, the standard deviation increases and the skewness decreases [22]. When forecasting
wind power generation from single wind farms, designing an appropriate strategy for taking these fea-
tures into account is paramount. In [24], the author proposed the use of the Generalized Logit-Normal
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FIGURE 2: Time series of wind power at Carnsore. The data overlaying the shaded area are considered to be of
good quality and used for the experimental part of this study.

(GLN) distribution. The underlying motivation for using this distribution comes from the work of [28]
where it is shown that appropriate data transformations may enhance characteristics such as linearity,
homoscedasticity and additivity.
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FIGURE 3: Normalized wind power generation at Carnsore. The temporal resolution of 15 minutes.

The homoscedasticity of wind power forecast errors can be enhanced by transforming the original time
series {y; } as follows:

vy
1—yy

yr = v(yr,v) = log ( > , v>0, y €]0,1] (1)
where v is a shape parameter and the resulting time series {¥; } takes values in | — 0o, +-00[. This trans-
formation, as shown in Figure 4 for a set of different values of v, aims at outstretching the distribution
near the bounds of the interval [0, 1]. In the original domain [0, 1], the assumption of homoscedastic
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FIGURE 4: The GLN predictive distribution consists of transforming the original wind power observations in
order to deal with the heteroscedasticty near the bounds of the interval [0, 1]

wind power forecast errors does not hold and, even though one may argue that this may still not be the
case after transforming the time series, making that such assumption is clearly more appropriate in the
transformed domain than in the original one.

However, the concentration of observations at the bounds, in 0 and 1, generates two probability masses
that remain in the transformed domain. They are located in —oo and +-oc0, respectively. To fix this,
the coarsening principle is applied as in [29]. All observations taking values in the open interval | —
00, v(€,v)| are shifted to (e, ). Likewise, all observations taking values in |y(1 — €,v), +oo[ are
shifted to (1 — €, v), with € < 0.01. Two Dirac distributions d.(c ,,) and 0,1, are introduced so that
the one-step ahead predictive distribution in the transformed domain, Y, 1, is defined as follows:

Yigre ~ W?+1|t5w(e,u) +N(ﬂt+1|t’&t2+1\t)1]v(e,v),v(1—e,v)[ + w151+1\t57(1—6,l/) 2
7(67 V) - ﬂt+1t
“ap = A ) @
1 V(1 = €v) = flgy1pe
Wepe = 1= Ory1fe ) @

where @ is the cumulative distribution function of the Normal variable with O mean and unit variance.

2.4 Spatio-temporal correlations in wind data

Recent studies showed that it was possible to take advantage of spatio-temporal correlations in wind data
at an hourly resolution in order to improve the predictability of wind speed or wind power at regional
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scales [15-18]. Nevertheless, for higher temporal resolutions, in the order of a few minutes, the wind
variability caused by local effects is magnified and may reduce these correlations. Besides that, other
factors which contribute to decrease spatio-temporal correlations of wind data include topographical
effects and inter-site distances. When considering wind power data, the potential effects of the power
curve cannot be ignored. The power curve is a function of atmospheric variables such as wind speed,
wind direction, wind shear and air density. For identical atmospheric conditions at two wind farms,
differences in the type, age and size of wind turbines, as well as their geographical spread, may result in
large differences in generated power, and thereby decrease spatio-temporal correlations.

For a reasonable number of wind farms, a visual assessment of their respective wind power generation
can give clear indications on the potential level of spatio-temporal correlations. Figure 5 shows three
time series of normalized wind power from Carnsore, Richfield and Ballywater over a 4-day episode.
Wind power fluctuations from Carnsore and Richfield closely follow each other. Still, it appears difficult
to identify a clear and recurrent pattern on whether wind fluctuations at Carnsore leads those at Richfield,
or whether it is the opposite. This potentially reflects changes in wind direction. Note also that the wind
power level at Ballywater is significantly lower than at Carnsore and Richfield.

o
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— Richfield

. 8 Ballywater
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FIGURE 5: Normalized wind power generation at Carnsore, Richfield and Ballywater with a temporal resolution
of 15 minutes.

Before using off-site observations for prediction applications, it is essential to analyze correlations be-
tween wind data from distant sites. Following [21], we assume that these correlations can appropriately
be described and quantified by the traditional linear correlation coefficient. In order to evaluate these
correlations, we use the pre-whitening technique presented in [30]. Let A and B be two wind farms,
with their respective time series of wind power generation {yt(A)} and {xiB)}. {a:,gB)} is called the input
series and {y,gA)} the output series. The idea is to use the power generation from wind farm B as input
for improving the wind power predictability of wind farm A. The procedure is divided into three steps as
follows:

1. An appropriate Autoregressive Moving Average (ARMA) model is fitted to the input series {zEB)}
and a series of residuals {egB)} extracted,

2. The output series {yt(A)} is filtered with the same model as in step 1 and a series of residuals {egA)}



extracted,

3. The cross-correlation function is calculated based on the two series of residuals as follows:

cov(e@(t),eB)(t + 7))

Pe(A)eBI\T) =
elde () 0 y(4) T ()

&)

We repeat the pre-whitening procedure presented hereabove with and without the GLN transformation

as given by equation (1) in order to evaluate how this transformation changes the correlation structure

between the power generation from two wind farms. The results are reported in Figure 6. Negative lags
indicate that wind power fluctuations at Richfield or Ballywater lead those at Carnsore. First, these results
reveal larger cross-correlations between Richfield and Carnsore than between Ballywater and Carnsore,
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FIGURE 6: Cross-correlations (after pre-whitening) of wind power generation at Carnsore and (left column)
Richfield, (right column) Ballywater. Negative lags indicate that wind power fluctuations at Richfield or Ballywater

lead those at Carnsore.
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thereby confirming the visual observations made from Figure 5. This result is most likely the conse-
quence of the shorter distance separating Carnsore from Richfield than from Ballywater which would be
consistent with the empirical analysis in [21] where spatio-temporal correlations are shown to quickly
decrease within a radius of 50 km. Figure 6 also shows that wind power fluctuations at Richfield tend
to lead those at Carnsore up to 30 minutes ahead, on average. In contrast, cross-correlations between
Ballywater and Richfield are much lower and it appears more difficult to determine a clear tendency on
whether wind power fluctuations propagate preferentially from Richfield to Ballywater, or the opposite.
A direct extrapolation from these cross-correlations suggests that off-site observations from Richfield
have a higher potential for improving wind power predictability at Carnsore than corresponding obser-
vations from Ballywater. Finally, one can see that cross-correlations between Carnsore and Richfield are
larger without applying the GLN transformation a priori. Cross-correlations tend to decrease with large
values of the shape parameter v. We can think of two potential causes that explain this feature. First,
using the GLN distribution may degrade the linear relationship between the two time series, particularly
near the bounds where the respective variances may increase. Secondly, using the GLN distribution may
enhance the homoscedasticity of the input time series {xEB)} so that the residuals series {eiB)} is closer
to being a white noise process, and thereby is less informative.

3 Time series modeling

The stochastic nature of wind power generation is described hereafter with time series models. We start
by considering linear models (i.e., ARX and ARX-GARCH) before moving on to nonlinear regime-
switching models (i.e., TARX and MSARX). For each model, we give the most general formulation,
meaning that off-site predictors are included by default, hence the X in model acronyms. Our objective
is to estimate models in view of generating, not only accurate point forecasts, but also probabilistic
forecasts. All models are thus estimated by Maximum Likelihood Estimation (MLE) rather than Least
Squares (LS). Let {yt(A)} (respectively {@5’4) 1) be the observed (respectively transformed) time series of

(WF
t

wind power generation to be predicted at a given wind farm A. Let {x )} be a time series of off-site

wind power generation observed at a distant wind farm W F', with WEF = B, (| .... For the sake of

simplicity, yt(A) (respectively xﬁWF)) denotes both the random variable and its observed value at time

Lot — (gD PP GO L0

e Yy sy Ty Ty be the set of observations available at

time ¢.

3.1 ARX models

While it is generally acknowledged that wind power generation is a nonlinear process, operational wind
power forecasting systems usually rely on linearity assumptions [31]. ARX models are some of the most
widely used in practice. There are several reasons for this. First, their formulation is very intuitive and
simply consists of a linear combination of lagged variables which leads to fast estimation procedures.
Secondly, they stand as very competitive models for generating point forecasts owing to their parsimony
(i.e., low number of parameters to be estimated). Thirdly, there exists closed-form formula for generating
multi-step ahead forecasts [30].
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The linear AR(p)-X(q) model with p autoregressive and ¢ exogenous predictors is given by:

Yy - = [9 'lp]lft‘}‘aﬂ (6)
where
0 =[0, 01, ... 0,) (7)
B B C C
/l)b:[w£3)7'~-7¢£B)7¢1(”C)7'--7¢§C)7"'] (8)
Y; :[1,y§f%, ... ,yif;,x,(ﬂg), .. .,xgg),xgg), ... ,xgg), L]E ©)

and {g,} is an independent and identically distributed (i.i.d) sequence of random variables with 0 mean
and unit variance, and ¢ = > Sy p_ g o) (SwF —rwr +1).

Let ® = (0,1, 0) be the set of parameters to be estimated. For Normally distributed errors, the Maxi-
mum Likelihood Estimator (MLE), ® ;1. £, is obtained by minimizing the negative log-likelihood func-
tion as follows:

Oup = arg min  —log £(©|Qr) (10)

_n 2 1 ¢ 2
where —log £(®|Qr) = 5 log(2mo”) + 252 ;gt (11)
and £ =y —[0 Y|V (12)

and L is the likelihood function.

Two types of predictive density are considered, the censored Normal and the GLN. At time ¢, given
the vector of estimated parameters 2) mrLe and the set of observations €24, the one-step ahead cen-
sored Normal density ft+1\t is described by the estimated conditional expectation fi;1; and stan-
dard deviation & of the Normal density so that ft+1|t(y(A)](:)MLE, Q) = NOU (i, q,,6)  where

~

fupiye =10 P)Yz

In order to obtain the one-step ahead GLN density, additional steps are needed. First, the transformation
given in (1) must be applied for estimating the vector of parameters e MmLE in the transformed domain.
Second, the one-step ahead predictive density in the transformed domain is obtained by following the
formula (2-4). Last, the inverse GLN transformation presented in [24] is applied on a quantile per
quantile basis for generating the GLN density in the original domain.

3.2 ARX-GARCH models

ARX-GARCH models are a popular extension of ARX models as they can relax the assumption of
constant variance without data transformation. GARCH models were first introduced in Econometrics
by [32]. A short review of meteorological applications of GARCH models is available in [11]. This class
of model proposes to capture the dynamical structure of the conditional variance, jointly to that of the
process conditional expectation E(yt(A) |2, ®). The conditional variance h? is modeled as an ARMA
process for the squared errors 7. It was shown in a number of studies that a GARCH(1,1) structure is
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in most cases appropriate to capture the temporal dynamics of h2. The linear AR(p)-X(q)-GARCH(1,1)
model with p autoregressive and g exogenous predictors is given by:

g =10 P|Yi+ hie (13)

h =w+as? | + Bhi (14)

where {£;} is an i.i.d sequence of random variables with 0 mean and unit variance. To ensure that the
conditional variance is positive, we impose w > 0 and o, 8 > 0.

Let ® = (0, v, w, a, 3) be the set of parameters to be estimated. For Normally distributed errors, 2) MLE
is obtained by minimizing the negative log-likelihood function as follows:

C:)MLE = argm(gn —log L(O|Q2r) (15)

where —log £(®|Qr) = log (2mo?) h2 Zst (16)

where ¢, is given by (12) and h? is given by (14). For the implementation of the model, analytical formula
for the first and second order derivatives of the negative log-likelihood function are given in [33].

One-step ahead predictive densities are generated in a similar way as with ARX models, but for a single
change. The conditional standard deviation & becomes time-varying as follows:

b =nhy (17)
with h? =&+ ae? | + Br?, (18)

3.3 TARX models

TARX models are the first regime-switching models considered in this study. They are piecewise linear,
and the transitions between regimes are governed in a deterministic way by a lagged variable, and are
hence observable. See [8] for a more detailed introduction to these models. The TAR(py,...,pRr)-
X(q1, - - .,qr) model with R regimes, p; autoregressive and g; exogenous predictors in regime j, with
7 =1,..., R, is given by:

=109 DY, +oley if 1 <zg<rin (19)
where
0 =0 0 . ,9}03')] (20)
i, B ,0) j,C
Y =[pB, L pEB) pUO) a0 ] 1)

and {e;} is an i.i.d sequence of random variables with 0 mean and unit variance, o) the standard
deviation in the regime j, z;_4 the lagged variable; d € N7 the delay parameter with usually d <
max(p1,...,pr), and r; the threshold values separating the regimes. The regime-switching effect trans-
lates into the autoregressive and exogenous coefficients as well as the standard deviation of the error
term being state-dependent. Applications of TAR models for forecasting wind power fluctuations can
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be found in [9, 10] which alternatively use lagged observations of wind speed, wind direction or wind
power for controlling transitions between regimes. A special class of TAR model is the Self-Exciting
TAR (SETAR) model which corresponds to the case where the dependent variable is chosen as the lagged
variable.

The major issue with TAR models is the joint determination of the delay d and thresholds 7,7 =
1,..., R. In particular, the most spread technique for the determination of the r; is based on the vi-
sual assessment of scatter plots of t-ratios (see [8]). In order to fill in the lack of consistency of such
approach, an automated procedure for determining the number of regimes and threshold values of TAR
models was recently proposed in [34]. It consists of detecting jumps in the values of the estimates of an
arranged autoregression by using a recursive least squares (RLS) estimation method. This method can
be extended to deal with exogenous predictors without complicating its procedure. Once the threshold
values known, the parameters for a given regime can be estimated independently of the parameters of the
other regimes by applying the formula given in (10-12) for each regime, and predictive densities can be
generated as with ARX models.

3.4 MSARX models

MSARX models are the second type of regime-switching models in this study. Structurally, the major
difference between MSARX and TARX models lays in the way the sequence of regimes is determined.
With TAR models, this sequence is determined explicitly by a lagged variable, and the transitions be-
tween regimes are therefore discontinuous. With MSARX models, the sequence is assumed hidden
and inferred directly from the data. More specifically, MSARX models assume that an unobservable
Markov process governs the distribution of the observations [12]. This enables smooth transition be-
tween regimes.

The MSAR(p1, ... ,pr)-X(q1,- .., qr) model with R regimes, p; autoregressive and ¢; exogenous pre-

dictors in regime j, with j = 1,..., R, is given by:
=10 Iy, 4 ol (22)
where
0@ =67,00,...,00)), z=1,...,R (23)
Y& =B @B =0y EA ] 2 =1, R (24)

and {e;} is an i.i.d sequence of random variables with 0 mean and unit variance, {z;} follows a first
order Markov chain with a finite and discrete number of states 12 and transition probability matrix P of

elements (p;j)i j—1,. R

pij = Pr(z = jlzg-1 =14), i,j=1,...,R (25)

R
> pij=1, i=1,...,R (26)
j=1
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Similarly to TARX models, the autoregressive coefficients and standard deviation of the error term are
state-dependent. Let ©® = (0(1), 0 () (B o o, P) be the set of parameters to
estimate. For Normally distributed errors in each regime, e MLE 1s obtained by minimizing the negative
log-likelihood function as follows:

@MLE = arg m@i)n —log L(O|Q7) 27
where  £(©|Qr) = §(][ PD,)1" (28)
t=1
d=1Ir-P+Upg)™* (29)
(4) _19() )
n(ti) = ——g | Yt 0 vV R G1)
0’('5) O'(Z)

where ¢ is the stationary distribution of the Markov chain, 1 is a unit vector of size R, I'r and Up
Identity and Unity matrices of size R x R, Dy a diagonal matrix and ¢ the probability density function
of the Normal distribution. Practical solutions for the implementation of MSARX models are given
in [35].

With MSARX models, predictive densities take the form of mixture of densities [12,35]. For the case
where the errors are Normally distributed in each regime, the resulting predictive density is a mixture of
R Normal densities that is censored in 0 and 1 later on. At time ¢, given the vector of estimated parameters
e) mLE and the set of observations €2;, the one-step ahead density can be obtained as follows:

R
W 1Oure, ) = 36009 $W]:,6®) (32)
k=1
t A~ ~
(1 PDy)P
where & = zt:1 a3
§([] PD)1”
=1

and ft(k) is the k' element of the vector of filtered probabilities &; at time ¢.

In order to obtain predictive densities in a GLN fashion, we can apply the same 3-step procedure as for
ARX models that is: (1) data transformation in order to work in the transformed domain, (2) generation
of mixture of Normal densities in the transformed domain, and (3) inverse transformation of a set of
quantiles of this mixture of Normal densities.

3.5 Estimation procedure

As mentioned in section 2, the data we selected cover the period from July 10, 2008 to 27 March,
2009. This corresponds to about 25000 observations, for each of the three time series (i.e., Carnsore,
Ballywater, Richfield). Focus is placed on predicting the wind power generation at the Carnsore wind
farm. The first 15000 observations are used for fitting the models. The following 5000 observations
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are used for performing a one-fold cross-validation and determining the optimal parametrisation of each
model. The last 5000 observations, corresponding to about 63 days, are kept for forecast evaluation.

Cross-validation is jointly performed on the structure of the model (i.e., selection of the optimal AR
lags from 1 up to 8, and X lags from 1 to 5, number of regimes R) and a set of values for the shape
parameter v of the GLN distribution (from 0.1 to 3.1 with steps of 0.1). Because of that, and because the
likelihood function is unbounded, neither the respective goodness-of-fit nor the predictive power of the
models can be compared with respect to likelihood based scores. Instead, the cross-validation procedure
is performed by minimizing the Continuous Ranked Probability Score (CRPS) for one-step ahead density
forecasts. The CRPS quantifies the accuracy of conditional density forecasts based on two principles:
calibration (i.e., the relative position of a forecast with respect to the observed value) and sharpness (i.e.,
the concentration of the predictive distribution around the observed value) [36].

For each class of models presented in this section, we estimated four different models with: (N) a cen-
sored Normal distribution, (X-N) a censored Normal distribution and exogenous regressors, (GLN) a
GLN distribution, (GLN-X) a GLN distribution and exogenous regressors. Four different lagged vari-

ables z;,_4 were tried for controlling the regime sequence of TAR models, namely yt(?srn), xfffh), and

their respective first order differentiated series. For all four TAR models, yff ™)

was selected as the
best lagged variable. The final parametrisation of each model is summarized in Table 1 along with the
total number of parameters in order to appreciate their respective cost-complexity. Several observations
can be drawn from these results. First, none of the final models includes off-site information from Bal-
lywater. This means that wind power fluctuations from Ballywater are not informative for improving
the predictability of wind power fluctuations at Carnsore for the proposed models. On the opposite, all
models include two lagged measurements from Richfield, concurring with the early observations in sec-
tion 2 which indicated that wind power fluctuations at Richfield led those at Carnsore up to 30 minutes
ahead. Second, the use of the GLN distribution leads to a reduction of the autoregressive order for AR
and MSAR models, while it decreases the optimal regimes number, from four to three, for TAR mod-
els. More generally, the use of the GLN distribution yields a reduction in the cost complexity (i.e., the

number of parameters to be estimated) of all models but AR-GARCH.

4 Experimental results and forecast evaluation

In this section, we evaluate the predictive performances of the four classes of models presented in the
previous section, namely ARX, ARX-GARCH, TARX and MSARX models. The evaluation consists of
measuring the accuracy of one-step ahead point and density forecasts, as well as the overall reliability of
these forecasts.

4.1 Point forecasts

Electric utilities have a long tradition of using point or deterministic forecasts of wind power [2,7]. In this
study, point forecast accuracy is evaluated with respect to the Normalized Mean Absolute Error (NMAE).
There is an inverse relationship between point forecast accuracy and the NMAE score: the lower the
NMAE, the better. Following [37], we use the median of the predictive densities as the optimal point
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TABLE 1: Summary of model parametrisation after cross-validation. This includes the lagged variables yt(ff ™),

the lagged exogenous variables xgl_%gch)’ the number of regimes and total number of parameters.

Model yt(ff mn) xfieh) Number of Total number
regimes of parameters
AR-N 1:7 - 1 9
AR-X-N 1:7 1:2 1 11
AR-GLN 1:5 - 1 8
AR-X-GLN 1:5 1:2 1 10
AR-GARCH-N 1:5 - 1 9
AR-X-GARCH-N 1:5 1:2 1 11
AR-GARCH-GLN 1:5 - 1 10
AR-X-GARCH-GLN 1:5 1:2 1 12
TAR-N (1:6, 1:6, 1:5, 1:6) - 4 31
TAR-X-N (1:5, 1:5, 1:5,1:5)  (1:2,1:2, 1:2, 1:2) 4 36
TAR-GLN (1:6, 1:3, 1:6) - 3 22
TAR-X-GLN (1:6, 1:3, 1:6) (1:2, 1:2, 1:2) 3 28
MSAR-N (1:5, 1:5) - 2 16
MSAR-X-N (1:5, 1:5) (1:2, 1:2) 2 20
MSAR-GLN (1:3, 1:3) - 2 13
MSAR-X-GLN (1:3, 1:3) (1:2,1:2) 2 17

forecast, due to the nature of the NMAE which is based on a symmetric piecewise linear scoring rule.
All models are benchmarked against Persistence since it is one of the most competitive benchmarks for
such short lead times. Persistence usually outperforms other common benchmarks such as Climatology,
Moving average or Constant forecast (see for instance [19,24]) which are not included here. It is an
Autoregressive model of order 1 with no intercept term and its coefficient value equal to 1. Point forecast
results are given in Table 2. It is interesting to note that not all models outperform Persistence and that
even the largest improvement does not exceed 3%. Overall, MSARX and ARX-GARCH with a GLN
distribution give the best results. When considering each class of models independently of the others,
we observe two trends. The first one concerns AR and TAR models for which the use of either off-site
information or the GLN distribution yields substantial gains in wind power predictability. These gains
are further improved by using both. The second trend regards AR-GARCH and MSAR models for which
the use of the GLN distribution alone, without off-site information, leads to negligible gains whereas the
opposite (i.e., no GLN distribution and off-site information) leads to appreciable gains.

4.2 Density Forecasts

Forecasts of any quantity contain an inherent part of uncertainty. Supplying information on this uncer-
tainty is paramount for developing efficient decision-making strategies, as shown in the context of wind
power trading by [38]. Here, information on this uncertainty is provided in the form of full predictive
densities of wind power, for all four classes of models. The accuracy of these densities is assessed with
respect to the Normalized CRPS (NCRPS). This score is a generalization of the NMAE score for proba-
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TABLE 2: One-step ahead forecast performances. Results are given in terms of Normalized Mean Absolute
Error (NMAE) and Normalized Continuous Ranked Probability Score (NCRPS). Point (respectively probabilistic)
forecast improvements are given with respect to Persistence (respectively a AR-N model).

Model NMAE NCRPS
Persistence 3.77 -
AR-N 3.87 (-2.7%) 3.38
AR-X-N 3.80 (-0.7%)  3.28 (2.9%)
AR-GLN 3.77(0.2%) 2.99 (11.7%)
AR-X-GLN 3.70(1.9%) 2.90 (14.1%)
AR-GARCH-N 3.76 (0.4%) 3.04 (10.2%)
AR-X-GARCH-N 373 (1.1%) 297 (12.1%)
AR-GARCH-GLN 3.76 (0.3%) 2.82(16.8%)
AR-X-GARCH-GLN  3.67 2.8%) 2.75 (18.7%)
TAR-N 3.84 (-1.9%) 3.05(9.8%)
TAR-X-N 373 (1.0%) 2.96 (12.4%)
TAR-GLN 3.77(0.1%) 2.88 (16.6%)
TAR-X-GLN 3.70(1.9%) 2.81(16.9%)
MSAR-N 3.77(0.1%) 3.01 (11.1%)
MSAR-X-N 3.67 (27%) 2.93 (13.4%)
MSAR-GLN 3.76 (0.3%) 2.79 (17.7%)
MSAR-X-GLN 3.67 2.8%) 2.71 (19.8%)

bilistic forecasts and measures the difference between the observed cumulative distribution functions and
those predicted [36]. It can be interpreted in a similar way as the NMAE, meaning the lower the NCRPS
the better. All models are benchmarked against an AR model with a censored Normal distribution (AR-
N). Results for one-step ahead densities are reported in Table 2. The best result is given by the MSAR
model with off-site information and the use of the GLN distribution (MSAR-X-GLN), with a relative
improvement of almost 20% when compared to an AR-N model. In addition, we observe a common
trend across all four classes of models when considered independently of the others. Their ranking is
dominated by models including both off-site observations and the GLN distribution (X-GLN), then come
models specified with the GLN distribution and no off-site predictors (GLN), then models with off-site
predictors but without GLN distribution (X), and finally models with neither the GLN distribution nor
off-site predictor (N).

Figures 7 and 8 give an illustration of these predictive densities over two arbitrary examples of 100
observations each. Densities are depicted as prediction intervals with nominal coverage rates ranging
from 10 to 90%. Point forecasts corresponding to the median of these densities are also presented.
Prediction intervals generated with the best two models (i.e., ARX-GARCH-GLN and MSAR-X-GLN)
are compared. In particular, in Figure 7, large forecast errors result in wider prediction intervals for the
ARX-GARCH-GLN model than for the MSAR-X-GLN model.
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FIGURE 7: Example 1. Time series of normalized wind power generation at Carnsore and one-step ahead point
forecasts and prediction intervals with nominal coverage from 10 to 90%. ARX-GARCH-GLN model (Top panel),
MSAR-X-GLN model (Bottom panel).

4.3 Forecast reliability

The CRPS is a global score that averages the predictive accuracy of conditional densities based on their
calibration and associated sharpness. However, it is not informative on the behavior of these densities in
terms of probabilistic reliability. Reliability measures how well the predicted probabilities of an event
correspond to their observed frequencies. For instance, one may want to measure the proportion of
observations actually lower than the 5" 5th

percent quantile or larger then the 95'" percent quantile for
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FIGURE 8: Example 2. Time series of normalized wind power generation at Carnsore and one-step ahead point
forecasts and prediction intervals with nominal coverage from 10 to 90%. ARX-GARCH-GLN (Top panel) model,
MSARX-GLN model (Bottom panel).

evaluating the ability of the predictive density tails in predicting extreme or rare events. In this study,
the reliability of the predictive densities of wind power is evaluated with four reliability diagrams as
shown in Figure 9. These diagrams are generated for each of the four classes of models by comparing
the nominal (i.e., theoretical) proportions of a set of quantiles with the observed proportions of the same
set. Here, we used 19 quantiles, from the 5¢" percent quantile to the 95" percent quantile with a step
of 5% percent. The best reliability is given by the model whose diagram is closer to the ideal case in

Figure 9, that is the MSAR-X-GLN model.
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FIGURE 9: Reliability diagram of predictive densities of wind power.

4.4 Discussion

The results presented in this section highlight a number of interesting points but also raise a few ques-
tions. Let us summarize some of our comments herebelow:

1. In the Irish case study chosen for this work, the variability of wind power fluctuations can be
considered as extreme. For instance, the NMAE value of the Persistence is about 50% larger than
that at the Horns Rev 1 wind farm where wind power fluctuations are known to be characterized
by a high variability [9, 11]. In that sense, this case study offered a difficult test to all models,
enhancing the impact of the results obtained.

2. Irrespectively of the availability of off-site measurements, the use of the GLN distribution is rec-
ommended for very short-term forecasts. In particular, it enables an improved modeling of the
heteroscedastic behavior of wind power time series, which translates to substantial gains in pre-
dictability even for models already explicitly accounting for heteroscedasticity in their formulation
(i.e., MSARX and ARX-GARCH) . However, it calls for further research on its potential for multi-
step ahead forecasts. This issue was not addressed here but will be investigated in the future. In
addition, focus should be placed on developing a more consistent framework than cross-validation
for estimating the optimal value of the shape parameter v of the GLN distribution. For instance, the
estimation of v could be performed jointly with the estimation of the model via the Expectation-
Maximization (EM) algorithm (see [39]).

3. The results obtained with TARX models are relatively disappointing, particularly, when analyzed
from a perspective including the cost complexity of these models and the level of expertise re-
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quired to tune them. It is also worth noting that TAR models are outperformed by linear in mean
ARX-GARCH models. It could be expected that TARX models perform much better for point fore-
casting especially in combination with the GLN distribution since the introduction of regimes via
the thresholds could reduce the strong influence of the probability masses in (e, ) and y(1 —¢, v)
on the autoregressive coefficient estimates.

4. Density forecasts of wind power generated with Markov-Switching models have superior calibra-
tion and sharpness when compared to those generated with other models in this study. Beyond this
result, it is important to stress the underlying assumption in MSAR models which leads to such
result, that is the existence of an unobservable regime sequence which governs the wind power
generation. As of today, our knowledge is limited and we can only assume that the estimated
regime sequence is linked to some weather regime. Therefore, it would be useful to investigate the
use of data (e.g., quick scan satellite images, weather radar images) that can describe weather con-
ditions over large spatial areas and high temporal resolutions for improving the characterization of
this regime sequence.

5 Conclusion

This work considered the probabilistic forecasting of wind power generation from a single wind farm,
over very short lead times (i.e., 15 minutes). Realistic assumptions were made regarding the online
availability of wind data in the current wind power context, meaning that neither wind measurements nor
wind forecasts are available for the temporal resolution of interest. The sole data that are used consist
of on-site observations of wind power generation, along with corresponding observations from the two
nearest wind farms located in a radius of 50 km. Focus is placed on the most recent approaches from
the wind power forecasting literature, including regime-switching models, the use of off-site predictors
and a new predictive distribution. The predictive performances of these approaches and their associated
models are compared against one another to assess their respective merits. Eventually, combinations of
these approaches are proposed and proved to generate improved wind power forecasts.

Through an application with three wind farms in Ireland, we show that regime-switching models for
which the sequence of regime is unobservable (i.e., Markov-Switching) generate more accurate point
forecasts, better calibrated and sharper conditional densities, than single regime or other regime-switching
models for which the regimes are observable. Furthermore, gains in wind power predictability can be
increased by taking advantage of off-site information when available or using a more appropriate predic-
tive distribution such as the GLN distribution, as introduced in [24]. The highest gains were obtained by
using simultaneously off-site observation and the GLN distribution.

The superior predictive power of Markov-Switching models is interesting in two aspects. First, because
this type of models is rather generic and thus non site-dependent, requiring very little expert knowledge
to be tuned. It confirms the potential shown for offshore applications [9, 11]. Second, because Markov-
Switching models assume the existence of an unobservable regime sequence that can be interpreted as
a hidden weather regime. This indicates that substantial gains in wind power predictability could be
obtained by integrating more meteorological data at high spatio-temporal resolution such as satellite
images, weather radar images, or meteorological forecasts. In particular, this a prerequisite for extending
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regime-switching approaches to multi-step ahead wind power forecasts.
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Threshold Autoregressive models
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1 Introduction

The main goal in this paper is the calculation of wind power short-term predictions (until 6 hours) by
using univariate time series models. The short-term predictions are necessary for the implementation
of wind energy in the intraday energy market, and for management operations in wind farms.

There are an extense literature about forecast methods in wind power. Costa et al. (2008) and
Giebel et al. (2011) give a review of the different methods proposed. In this paper, we focus in the
calculation of predictions by using statistical models. Especially, we focus in a class of regime-switching
models, the self-exciting threshold autoregressive model (SETAR). Figure 1 displays an example of
wind power generation. The figure shows the possible existence of different regimes in different levels
of wind power.

The SETAR models allow the existence of different linear regimes. The process changes among
the different regimes according to an observed variable, called threshold variable. In this paper, the
increment of the wind power (Ap;—1 = pi—1 — pt—2) is used as threshold variable. The existence of
different regimes caused by Ap;_; implies a different performance when the wind power is increasing
and decreasing. This effect happens due to the inertia of the mechanical component of the wind
generator (see, e.g., Burton et al., 2001).

The identification of the SETAR model is done by using the automatic tool proposed in Bermejo
et al. (2011).
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Figure 1: Hourly wind power generation.

1.1 Notation

Wind power generation can be interpreted as a stochastic process, owing to the stochastic nature
of wind itself. The realizations of the stochastic process will be denoted by p;. To make easier the
notation, we always use p; for both stochastic process and its realizations.

The h—step ahead point forecasts of wind power generation p;;j will be denoted by p; i, and

their predictive densities will be f; ;. The h—step ahead forecast error will be

€t+h|t = Pt+h — ﬁt+h|t> (1)

and its first conditional moment will be

my e = B [erane] - 2)

Finally, the conditional central moments of the forecast error e;; will be

j J o
mii)h“ =E; [(eHht — mEOJr)hlt> ] ; with j =2,3,..., M. (3)

2 Self-Exciting Threshold Autoregressive models

A time series p; is a SETAR(k;p,d) process if it follows

. p . .
pe= 0y + Z 0P pri + e if rjoy < yea <75, (4)
i=1

where j = 1,...,k. The integer k is the number of regimes, y;_4 is the threshold variable and the

values of the thresholds are —oo = rg <71 < ... <1 = 00; d is called the delay parameter. In each



regime, egj )is a sequence of independent and identically distributed random variables with zero mean
and finite and constant standard deviation (/). The SETAR models were introduced by Tong (1978,

1983) and Tong and Lim (1980).

2.1 Identification of SETAR models

There are two main approaches to identify a SETAR model. The first is based on likelihood ratio (LR)
tests. Chan (1990) and Chan and Tong (1990) developed the null distribution of the LR test using
a Gaussian process and found it to be non-standard. Hansen (1999) used asymptotic and bootstrap
distributions to overcome this problem. If the thresholds rq,...,rr_1 were known, LR tests would
supply the most powerful tests. However, that is not the case in a practical situation. In practice, the
threshold is a nuisance parameter which is not identified under the null hypothesis. This problem has
a negative impact on the efficiency of the procedures. To circumvent this problem, LR tests need to
assume certain ranges of possible thresholds. As a result, LR tests need both intensive computational
methods and non-standard reference distributions.

The second main approach to detecting a SETAR model is by means of portmanteau tests based
on the predictive residuals of some arranged autoregressions. If the model is linear, the sequence
of predictive residuals of the arranged autoregression have known properties. Petruccelli and Davis
(1986) proposed a CUSUM-type test using these predictive residuals that is sensitive to the presence
of a SETAR structure. Tsay (1989) considered a variant of this idea that is based on a standard F test.
Recently, Bermejo et al. (2011) developed a graphical procedure based on recursive and time-varying
estimation of the parameters. The proposed procedure has a superior identification performance than
previous proposals.

In this paper, the automatic procedure Aut-ARLS proposed by Bermejo et al. (2011) is used to
detect SETAR structure in wind power data. The main idea of the Aut-ARLS is the time-varying
recursive estimation of the parameters of an arranged autoregressive model. Then, if the observations
are arranged according the variable y;_4 and the sequence of estimates tend to show a structural
change around the value r, a SETAR model with threshold variable y;_4 and threshold value r is
identified. Figure 2 shows an example of the performance of the method. Figure 2a displays an
example when the data is generated from a linear AR model. Figure 2b shows an example when the

data is generated from a SETAR model with threshold variable y;—; and threshold value 0.
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Figure 2: Example of Aut-ARLS method. Sequence of estimates of an arranged autoregressive model,

which data is arranged according to p;_1.

2.2 Forecasting with SETAR models

The calculation of predictions by using SETAR models is apparently easier than the calculation by
using another nonlinear models, because SETAR models is formed by several linear models. This
advantage is true when the forecast horizon h is lower than the delay parameter d, because the

estimation of the one-step-ahead prediction will be calculated by means of

. P Nl
Dtihjt = & + > 0 pes, (5)
=1

where j is the regime which the observation p;;p_q belongs. That is, the regime in which the process
will be is known and the predictions can be calculated by using a linear AR model. The problem
arise when h > d, because the threshold variable y;y,_4 will be unobserved, then we do not know the
regime in which the process will be. For this reason, the uncertainty about regimes must be taken
into consideration when the predictions are calculated.

Tong (1990) proposed a numerical integration method to estimate the conditional mean. The
numerical integration can be complex with SETAR models with several regimes. Clements and Smith
(1997) made a review about the ability of different methods to calculate predictions by using SETAR
models. They showed that, in general, the best results are obtained by using a Monte Carlo method.
This method allows to calculate predictions of complex SETAR models and to avoid the assumption

of normality.



3 SETAR structure in wind power data

The identification of the SETAR structure needs to choose a set of possible threshold variables. Firstly,
the existence of possible differences in the process when the wind power is increasing or decreasing is
studied. Then, the procedure Aut-ARLS is applied on wind power data arranged according by Ap;_1.
Figure 6 displays an obtained example in Rokas wind farm. The threshold value estimated is 0, that

is, the performance of wind power is different when the process increase or decrease.
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Figure 3: Sequence of estimates of an arranged autoregressive model, which data is arranged according

to the variable Ap;_1.

Once the existence of two main regimes is detected, the existence of different regimes depending
on the levels of wind power is studied. Then, Aut-ARLS is applied by using p;_1 as threshold variable,
when the process increases and decreases. Figure 4 displays the structure detected when the process
decreases. Three regimes are detected corresponding to high, medium and low levels of wind power.
The same results are obtained when the process increases, as can we seen in Figure 5

An important conclusion is that the same SETAR structure is founded in all available Greek wind
farms. In figure 6 we can see the box-plot of the estimated threshold values for all the analyzed wind

farms.
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4 Short-term wind power predictions

The estimation of the predictions by using SETAR models are based on Monte Carlo simulation of
future regimes. Then, IV different trajectories ﬁﬁkhl , are generated according to an estimated predictive
density f;,p;- Usually, the estimation of the sequence of predictive densities is carried out by using
sample moments. In this paper, we propose to use the conditional moments.

The estimation of the conditional moments is done by means of regression models, with the in-
dependent variables being the powers of the point forecasts of wind power generation. This SETAR
model with conditional moments is called SETAR-TVCD. The proposed model to estimate the con-
ditional moments has the following form

()N )| A6 ~) A2 A 23
MyLhie = Yotfe—n T OLes—nPr+hlt T Qs pPiinje T O3t pPishlt (6)

The estimation of model (6) is done by means of the method of recursive least squares (see, for
instance, Ljung and Séderstrom, 1983). The estimation is time adaptive, because a forgetting factor
is used. This causes a progressive reduction in the importance of old data in the estimation. In this

paper, a forgetting factor based on a recursive representation of Cook’s distance is used (Sdnchez,

2006).



Mean of the Relative Root Mean Square Error in 6 wind farms
SETAR SETAR-TVCD

h|ARMA |TV-AR| TN | CN |BETA |[MEP | TN | CN | BETA | MEP
1] 1,18 1,08 1 1 1 1 1 1 1 1
20 1,26 | 1,12 |1,18|1,18| 1,19 | 1,09 |1,15|1,11| 1,09 | 1
3| 1,42 1,17 |1,29(1,22] 1,26 | 1,10 |1,21]1,17| 1,13 1
1] 1,65 | 1,22 |1,35(1,33] 1,34 | 1,11 |1,26|1,21| 1,16 | 1
5 1,87 1,25 |1,67(1,44] 1,45 | 1,12 |1,35[1,27| 1,26 1
6| 1,96 1,28 |1,66(1,56| 1,50 | 1,17 {1,41]1,30| 1,32 1

Table 1: Results in 6 hourly wind farms

The predictions are calculated by using different models:

e ARMA. Best linear model is chosen by using AIC. The same model is used to predict at all

horizons.

e TV-AR. Several AR(1) model with time-varying parameters are estimated by using a RLS

method with several forgetting factors. The best model is chosen.

e SETAR. The predictive density f;ip; is estimated by means of sample moments. Different
parametric distributions are considered: truncated normal (TN), censored normal (CN), beta

and maximum entropy (MEP).

e SETAR-TVCD. Conditional moments are used. Different parametric distributions are consid-

ered: truncated normal (TN), censored normal (CN), beta and maximum entropy (MEP).

The root mean square error (RMSE) is calculated in all available wind farms. Table 1 show the
average of the relative RMSE assuming SETAR-TVCD with MEP distribution is the best model. The

results confirms the assumption, because there is not any relative value lower than 1.
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Abstract

Wind power forecasting techniques have received substantial attention recently due to the increasing pen-
etration of wind energy in national power systems. While the initial focus has been on point forecasts,
the need to quantify forecast uncertainty and communicate the risk of extreme ramp events has led to an
interest in producing probabilistic forecasts. Using four years of wind power data from three wind farms
in Denmark, we develop quantile regression models to generate short-term probabilistic forecasts from 15
minutes up to six hours ahead. More specifically, we investigate the potential of using various variability
indices as explanatory variables in order to include the influence of changing weather regimes. These in-
dices are extracted from the same univariate wind power series and optimized specifically for each quantile.
The forecasting performance of this approach is compared with that of various benchmark models. Our
results demonstrate that variability indices can increase the overall skill of the forecasts and that the level of
improvement depends on the specific quantile.

Keywords: wind power forecasting, wind power variability, quantile forecasting, density forecasting,

quantile regression, continuous ranked probability score, quantile loss function

1. Introduction

Wind power is one of the fastest growing renewable energy sources (Barton & Infield (2004)). However, due

to the large variability of wind speed, and the unpredictable and dynamic nature of the earth’s atmosphere,
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there is great variability in wind power production. This inherent variability of wind speed is the main cause
of the uncertainty observed in wind power generation. Recently, scientists have been attempting to, directly

or indirectly, model this uncertainty and produce accurate forecasts of wind power production.

Since there is no efficient way to store wind energy, the wind power production decreases to zero if wind
speed drops below a certain level. On the other hand, excessively strong winds can cause serious damage to
the wind turbines, and hence they are automatically shut down at the ‘disconnection speed’, leading to an
abrupt and quite unexpected drop of power generation. In addition, the wind power generated is limited by
the capacity of each turbine. Therefore, it is quite important to produce accurate wind power forecasts for

an efficient operation of wind turbines and reliable integration of wind power into the national grid.

The length of the relevant forecast horizons usually depends on the required application. For example, in
order to schedule power generation, forecast horizons of several hours are usually enough, but for main-
tenance planning we need forecast horizons of several days or even weeks (McSharry, Pinson, & Gerard

(2009)).

The literature of wind power forecasting starts with the work of Brown, Katz, & Murphy (1984) where they
used autoregressive processes to model and simulate the wind speed, and then estimate the wind power by
applying suitable transformations to values of wind speed. Most of the early and recent literature focuses on
producing wind power point forecasts, directly, or indirectly in the sense that the focus is on modeling the
wind speed and then transforming the forecasts through a power curve (Sanchez (2006), Taylor, McSharry,

Member, IEEE, & Buizza (2009)).

Sanchez (2008) proposed an adaptive forecast combination procedure (AEC) that tends to be similar to the
use of the best available predictor in a time varying environment. The proposed procedure was applied to
two wind farms where alternative forecasts were available, showing the advantage of the proposed method.
Jursa & Rohrig (2008) introduced a new short-term prediction method based on the application of evolu-
tionary optimization algorithms for the automated specification of two well-known time series prediction
models, namely, neural networks and the nearest neighbour search. The proposed method was used to

produce wind power forecasts for a certain wind farm.

One of the most popular methods for producing point forecasts, is the use of time series models and espe-
cially the autoregressive integrated moving average (ARIMA) model, applied in the past by Nielsen (1999),
Kariniotakis, Nogaret, & Stavrakakis (1997) and Makarov, Hawkins, Leuze, & Vidov (2002). Recent stud-

2



ies have also used the generalized autoregressive conditional heteroskedasticiry (GARCH) models for the
conditional variance (Tol (1997), Taylor et al. (2009), Lau & McSharry (2010) ). Tol (1997) fitted an au-
toregressive (AR)-GARCH model to daily Canadian mean wind speed series, and Taylor et al. (2009) an
autoregressive moving average (ARMA)-GARCH model to the wind speed time series in the United King-
dom. Lau & McSharry (2010) used an ARIMA-GARCH process to model the aggregated wind power time

series in Ireland.

Recent research has focused on producing probabilistic or density forecasts, because the point forecast
methods are not able to quantify the uncertainty related to the prediction. Up to now, the number of studies
on multi-step quantile/density forecasting is relatively small compared to point forecasting. Moeanaddin
& Tong (1990) estimated densities using recursive numerical methods, which are quite computationally
intensive. Pinson (2010), by applying a suitable transformation, managed to produce ten minutes ahead

density forecasts at the Horns Rev wind farm in Denmark.

Taylor et al. (2009) used sophisticated time series models and weather ensemble' predictions to produce
density forecasts for five wind farms in the United Kingdom. Also Lau & McSharry (2010) produced multi-
step density forecast for the aggregated wind power series in Ireland, using ARIMA-GARCH models and

exponential smoothing methods.

The quantile regression method, introduced by Koenker & Bassett (1978), has been extensively used to
produce wind power quantile forecasts, using a variety of explanatory variables, among which, wind speed,
wind direction, temperature and atmospheric pressure. Recent literature includes papers by Bremnes (2004),
Nielsen, Madsen, & Nielsen (2006) and Moller, Nielsen, & Madsen (2008). Davy, Milton, Russell, &
Coppin (2010), proposed a new variability index that is designed to detect rapid fluctuations of wind speed
or power that are sustained for a length of time, and used it as an explanatory variable in the quantile

regression model they constructed.

Bossavy, Girard, & Kariniotakis (2010) extracted two new indices that are able to recognize and predict
ramp events in the wind power series, and used them to produce quantile estimates with the quantile re-
gression forest method as their basic model. Finally, Gneiting (2011) studied the behavior of quantiles

as optimal predictors and illustrated the relevance of decision theoretic guidance in the transition from a

' A relatively new approach for wind power forecasting is to use ensemble forecasts produced from numerical weather prediction
(NWP) methods (Taylor et al. (2009) and Pinson & Madsen (2009)). Using this approach meteorological forecasts are transformed
to wind power forecasts.



predictive distribution to a point forecast using the Bank of Englands density forecasts of United Kingdom

inflation rates, and probabilistic predictions of wind energy resources in the Pacific Northwest.

In this paper we use univariate wind power series from three different wind farms in Denmark, to produce
very short-term quantile forecasts, from 15 minutes up to six hours ahead. In order to produce quantile
forecasts, we will use a quantile regression model, with explanatory variables extracted form the same wind
power time series. More specifically, four new variability indices will be produced (extracted form the
original wind power time series), which serve to capture the volatile nature of the wind power series. These
indices, together with some lagged versions of the wind power series, will be used as explanatory variables
in the quantile regression model. As for any regression model, we need predictions (point forecasts) for the
future values of the explanatory variables, in order to produce future estimates. For the point forecasts we

will use time-series models that are able to model both the mean and the variance of the underlying series.

The three Danish wind farms were chosen according to their monthly wind power capacity and standard
deviation. We choose one high, one low, and one average variability wind farm in order to better understand

the ability of each model to produce probabilistic forecasts under different circumstances.

The indices used will be independently optimized for each of the three wind farms, using a one-fold cross
validation technique. In fact, two different optimizations will take place for each wind farm: The first one
will aim to minimize the check function value produced by a 1-step ahead quantile regression forecast, for
each of nineteen different quantiles. The second one will aim to minimize the average check function value,
produced by taking the average over all 24 forecast horizons (equal to six hours), for each quantile. The

final forecast results will be compared with those of some widely used benchmark models.

The remainder of the paper is presented as follows. In Section 2 we will introduce the wind power data,
and in Section 3 the new variability indices will be derived. Section 4 will present the methodology be-
hind quantile regression models with ways to evaluate the resulting quantile forecasts. In Section 5 we
will optimize the variability indices using the in-sample data, and in Section 6 the out-of-sample forecast

performance of the quantile regression models will be assessed. Section 7 will conclude the paper.

2. Wind power time series

We use wind power data recorded at three wind farms in Denmark summarized in Table 1. These wind

farms were chosen to have different amounts of wind power variability, and have the smallest percentage of
4



missing values? compared to the one of other available wind farms.

Wind farm Region Wind power Noof  Wind farm rated

station name variability  turbines capacity (MW)
D@R 6 Low 1 1000
ALB 3 Medium 23 25500
VES 2 High 8 2195

Table 1: The Danish wind farms used in this study.

Our data sets contain wind power measurements recorded every 15 minutes for four years, from 01-Jan-
2007 until 31-Dec-2010. The data of each wind farm is bounded between zero and the maximum capacity
of the turbines. The zero value is attained in the case of excessively strong wind, where the turbines shut
down in order to prevent them from damage. In order to facilitate comparisons between the data sets of
different capacities, we normalize the wind power data of each wind farm by dividing by the total (rated)

capacity. Hence, the data is now bounded within the interval [0,1].

We dissect the data of each farm into a set of exactly two years (2007 and 2008) for in-sample model training
and calibration, and an out-of-sample testing set (the remaining two years) for out-of-sample testing and
model evaluation. The in-sample set is dissected again into two sub-sets, a training set and a testing set. For
the in-sample training set we use the first 1.5 years and for the in-sample testing set the remaining half year.
This way we can use a one-fold cross validation technique to optimize the indices introduced in Section 3,

and test the performance of our final chosen model using the out-of-sample testing set.

The time series plots for the year 2010, together with the monthly capacity and standard deviation indices
are shown in Figure 1. The monthly capacity and variability indices were generated by taking the mean
and standard deviation of wind power, respectively, for each month over the entire four year period. As
we can clearly observe, the three wind farms have different wind power variability. More specifically, the
first two wind farms have the highest and lowest possible wind power variability for all four years (from all
the available wind farms in Denmark), without having any significant changes® in the capacity form year to
year. The third wind farm was chosen to have an average (medium) variability compared to the other two

farms, but with the same stationarity criterion for capacity over the four years.

The missing values in the data sets were imputed using linear interpolation.
3Wind power variability may change form year to year by addition of new turbines or removal (maybe for maintenance) of
existing ones.
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Figure 1: Time series plots of normalized power data for the three chosen Danish wind farms, for year 2010.

3. Indices of wind power variability

Davy et al. (2010), proposed a variability index that is design to detect rapid fluctuations of wind speed or
power that are sustained for a length of time. They defined this variability index as the standard deviation
of a band-limited signal in a moving window, and they constructed such an index for a wind speed time
series. This variability index depends on four parameters: the order of the filter (integer greater than one),
the upper and lower frequencies of the extracted signal, and the width of the moving window. We would
like to use such an index as an explanatory variable in our quantile regression, but a proper optimization of

this is too time consuming because of the number of the parameters involved.

Instead, we propose a parsimonious variability index, which depends on only two parameters, and is con-
structed as follows. Firstly we smooth our original wind power series using an averaging window of size

m, in order to obtain the smoothed wind power series,

m—1
1
Tt = — E Yt—i,
m <
=0

6



starting from ¢ = m. Note that this series behaves in a fully retrospective way, in the sense that each point
of the series depends only on the historical values of the original series. Since the smoothed series is m — 1

points smaller than the original series, we set r; = r,, fort =1,2,...,m — 1.

Finally, the new variability index is just the standard deviation of the extracted smoothed wind power series
in a moving window of width n. So, if 7; is a given point of the smoothed series, we define the new index

as

SD; = \/Var(rt,nﬂ, s TE—1,T'1) s 2)
fort > n. Again, we impute the first n — 1 points of the series by setting SD; = SD,,, fort =1,2,...,n—1.
This index can be optimized much easier than the one proposed by Davy et al. (2010), since it has only two

parameters: the smoothing parameter m, and the variability parameter n .

By similar reasoning, we create another three variability indices. We smooth the original wind power series
as described above, and then instead of finding the standard deviation, we find the interquartile range (IQR),
the 5% and the 95% quantiles of the smoothed series over a moving window (different for each series).

These three new indices can be defined as:

IQRt = IQR(Tt,nJrl, ey Te—1, T‘t), (3)
P ((Pt—n1, - re—1,72) < Q05¢) = 0.05, 4)
P ((Pt—nt1, - re—1,72) < Q95¢) = 0.95, (5)

for t > n. We also impute their values for ¢ = 1,...,n — 1 as described above. An example of the
construction of the three variability wind power indices is shown in Figure 2. These indices will be properly
optimized, and together with some lagged values of the original power series will be used as explanatory

variables in the quantile regression introduced in the next section.

4. Quantile regression, forecasting, and evaluation methodology

4.1. Quantile regression
Given a random variable*, ¢, and a strictly increasing CDF, F}(y), the o;-quantile, qt(ai) (y), with proportion

a; € [0, 1] is defined as the value for which the probability of obtaining values of y; below qlgai) is ay:

Py < g =i or ¢ =F (o) (6)

“The notation 4, is used for denoting both the stochastic state of the random variable at time ¢, and the measured value at that
time.
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Figure 2: Wind power time series plot of the medium variability farm, together with the four variability
indices. The parameters are chosen to be the same for all indices just for comparison (m = 100 and
n = 30).

The quantile regression, introduced by Koenker & Bassett (1978), models qgai) for ; € [0, 1], as a linear

combination of some given explanatory variables. This is quite similar to multiple linear regression where

the mean is modeled in exactly the same way. So, the a;-quantile is modeled as:

g7 = 4 + A Vg oy,

p
=1+ Ay,
j=1

(7)

(cri)

where 7].0” are unknown coefficients depending on «;, and x; ; are the p known regressors. In quantile

regression, a regression coefficient estimates the change in a specified quantile of the response variable

produced by a one unit change in the corresponding predictor variable.

We define the quantile loss function, also known as the check function, for a given proportion «; € [0, 1] as
Pa; (u) = (ai - ]l{u<0})u

Qi U, u >0, (8)



where w is a given function. Then, the sample «;-quantile can be estimated by minimizing Zthl Po; (Yt —q)

with respect to g. Hence, we can estimate the unknown coefficients, 'yj(o”), by replacing ¢ with the right-hand

side of equation (7):

T
%) = argmin » ~ pa, {vr — (Yo + 201 + o + WT1p) } ©)
T =1

where 4(®) is a vector containing the unknown coefficients. Usually, these estimates are calculated using

linear programming techniques as in Koenker & D’Orey (1987).

In this paper we will use quantile regression to forecast the values of quantiles with nominal proportion

a; = {0.05,0.01, ...,0.95}, for forecast horizons® k = 1,2, ..., 24. We denote the forecast for the quantile

(as)

with nominal proportion «; issued at time ¢ for forecast time ¢ + k, by ¢, it

(y). In order to produce these

forecasts, we use equation (7), and the estimated coefficients, ﬁ(ai):

Qﬁ_i“(y) = ’Y(gai) + V£ai)93t+k|t,1 +.F ’Y})ai)jt+k|t,p

P
= ’Y(()ai) + Z 7§ai)i't+k|t,ja
j=1

(10)

where ;¢ ; for j = 1,...,p denote the forecasts of the explanatory variables x; j, issued at time ¢ with

lead time ¢ + k.

The random variable y; will represent the normalized wind power time series, (y;), and the explanatory
variables will be represented by time series, (), extracted from the normalized wind power series. So,
in order to produce the forecasts, Z;; j, we will fit suitable time series models to the variables (x¢,), and

then predict from these models up to t+k values ahead.

4.2. Quantile forecast evaluation

The evaluation of the quantile forecasts, for each quantile, o; = {0.05,0.01, ...,0.95}, will be done using

the quantile loss function:

The quantile loss function (Koenker & Bassett (1978)), also known as the check function is used to define

a specific quantile of the distribution and was defined in Section 4, equation (8) .

3The forecast horizon, k, is measured in time steps of 15 minutes.

9



Hence, we can estimate a particular quantile, ¢ with proportion ¢;, using

N
t=1

i)

k|t issued at time ¢ with lead time ¢ + k£ and

and therefore we can evaluate a series of quantile forecasts, q“ﬁ_

nominal proportion «;, using:

N
1
QL(k, 0 :NZ Po Uk — A 1)- (12)

Using the different quantile forecasts we can also reconstruct the whole probability / cumulative forecasted
distribution. We use the Continuous Ranked Probability Score (CRPS) in order to evaluate the the density

forecasts for each forecast horizon:

The CRPS (Matheson & Winkler (1976)) is computed by taking the integral of the Brier scores for the
associated probability forecasts at all real valued thresholds,

+0o0

~

CTPS(Ft+k\t(y)ayt+k) = / (Fygrge(y) — ﬂ{yZyH_k})Q dy (13)

—00

1
= /U QSa, (thrlk|t(04i), Yerk) day, (14)

where FtJrk‘t(y) corresponds to the CDF forecast, and y;, to the corresponding verification. 1yy>, . 118
an indicator function that equals one if y > y,., and zero otherwise. The quantile score, () S,,, (Gneiting

& Raftery (2007)) is defined by

QSai(0,y) = 2(ai — Lyy<qy) (¥ — @) (15)

Hence, the average of these crps values over each forecast-verification pair gives the CRPS for each forecast

horizon k:
1 Y .
CRPS(k) = N ;CTPS(Ft+kt(y)7yt+k) (16)
1
= 2/ QL(/{:, O[i) dai, (17)
0

where QL(k, «;) is the mean quantile loss function defined in equation (12). Representation (17) will be

particularly useful because we will derive the CRPS using the loss function value for each quantile.
10



5. Optimization of the variability indices

Our main goal is to check whether or not the four variability indices (introduced in Section 3) can help to
provide trustworthy quantile forecasts of wind power, when used as explanatory variables in the quantile
regression model (7). For this purpose, we have to optimize the two parameters (m,n) of these indices

using the following procedure.

For each index, we sample different combinatios of parameters from the range m,n = {0, 8, 16, ..., 192},
in order to produce 625 different realizations of each index, for each wind farm. A preliminary analysis
showed that creating a moving window larger than 192 time-points wide (2880 minutes) did not increase

the performance of the indices.

Then, for each set of parameters, we fit the following four different quantile regression models on the in-
sample training set (of each wind farm), with the normalized wind power series, (), as the response, for

each of the 19 quantiles «; = {0.05,0.1, ...,0.95} :

SD model: gt =01 + Y11Yi—1 + V21Y1—2 + V31Y:—3 + 415Dy

IQR model: gt =702 + Y12Yi—1 + V22U —2 + V32Yi—3 + Va2l QR as)

Q05 model: qt =703 + V13Yt—1 + Y23yt —2 + V33Yt—3 + Y43Q05;
Q95 model: qt =704 + V14Yt—1 + V24Yt—2 + V34Yt—3 + 744Q95¢,

where ¢; = qﬁai) is defined in (6), v, = 7,(5”) are the regression coefficients, and y; ; are lagged wind

power series. The choice of using three lagged series of the response as explanatory variables was taken

after many trials of different numbers of lags for all three wind farms.

Next, we produce point forecasts from 15 minutes up to six hours ahead®, from each point of the in-sample
testing set, by fitting ARIMA(1, 1, 1) models to each realization of the four variability indices of the above
regressions. The point forecasts will be used as predictors to produce the quantile forecasts for the normal-
ized wind power time series, as explained in Section 4.1. Our choice of ARIMA(1, 1, 1) model was made
mainly for simplicity, after exploring the forecast performances of various time series models. Fitting a
different model for each set of parameters is very computationally expensive, and in this case the sacrificed

accuracy is very small.

%i.e. with forecast horizon k = 1,2, ..., 24.

11



Moreover, modeling the variance of the indices using ARCH/GARCH models (in combination with an
ARIMA model for the mean), does not provide a consistent and significant improvement of the RMSE’ of
the point forecasts. This is mainly because of the very small forecast horizon we have, and hence it suffices

to use a simple ARIMA model.

In order to produce point forecasts of the lagged wind power series, model solution using BIC identified an
ARIMA (0,1, 2) - GARCH(1, 1) model for the low variability farm, an ARIMA(1, 1, 3) - GARCH(1, 1) for
the medium variability farm, and an ARIMA(2,1,1) - GARCH(1, 1) for the high variability farm. These
models have the ability to capture the heteroskedastic effects that the wind power series have, taking into
account the non-linear nature of the variations. Also, these forecasts are calculated only once for all different
realizations of the quantile regression models, and hence there is no point in this case to sacrifice the (small)

accuracy gain for simplicity and computational efficiency.

After producing quantile forecasts for 24 different forecast horizons, we evaluate them (i) using the check
function value averaged over all forecast horizons, and (ii) using the check function value of only the first
step ahead forecasts. The results justify our inspection of better forecast performance for the models with
small moving windows. We repeat the above procedure by restricting our parameters’ range even more
for each variability index, and sample every different combination of parameters from the range m,n =

{0,1,2,...50}.

We end up with distinct sets of parameters (for each model and wind farm) that minimize the averaged
and 1-step ahead check function value of each different quantile. The check function minimization results
are shown in Tables 3 and 4 of the Appendix. In general, we can not distinguish any particular parameter
pattern, but there are some features that are worth mentioning. For all the models, it is more common to have
the smoothing window width (m) smaller than the variability window width (n), especially for quantiles
less or equal to the median. This pattern changes for the upper quantiles (larger than the median) were we
do not observe a clear pattern. Also, on average, the parameters for the 24-steps optimization are smaller

than the corresponding ones of the 1-step optimization.

Finally, using (17), we gather two more sets of parameters (for each model and wind farm) that minimize (i)
the total CRPS averaged over all forecast horizons, and (ii) the total CRPS of the first step ahead forecasts.

Using these we would like to check whether or not there is an improvement in the overall skill of the models

"We used the Root Mean Square Error to evaluate the point forecast performance of various time series models.
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when treating each quantile separately. The CRPS minimization results are shown in Table 2 of the Ap-
pendix. Again, on average, the parameters for the 24-steps optimization are smaller than the corresponding

ones of the 1-step optimization, and the smoothing window width is smaller than the variability window.

6. Out-of-sample forecast performance results

In this section we will fit the optimized models of (18) to the whole two years in-sample set (of each farm),
produce quantile forecasts from 15 minutes up to six hours ahead from each point of the out-of-sample set,

and assess their forecast performance using the CRPS, check function and reliability diagrams.

Firstly, it will be useful to check the R-squared value of the four fitted models for each quantile. Essentially,
by using quantile regression we fit a linear regression line for each quantile, and hence the R-squared value
will tell us the proportion of total variance explained by each model, for each quantile. Of course this is
an in-sample calculation, but we expect to get roughly an idea of how good the models are performing.
Figure 3 shows the R-squared values for all models and wind farms when we optimize the models using
the check function value of each quantile. A general observation is that we have relatively high R-squared
values (> 0.5) for all quantiles, confirming the ability of the models to explain a large proportion of the
total variability. Also the variance explained is much larger for the upper quantiles than the lower quantiles,

mainly because of the asymmetric shape of the wind power distribution.

Some models for some specific wind farms and quantiles close to the median, have their R-squared values
close to one. If we also examine these models’ optimal parameters (Tables 3, 4), we observe that when the
R-squared is close to one, both parameters are chosen to be zero. In other words, the variability indices of
these models are identical to their original wind power series. When this happens the regression coefficients
of the lagged series are almost zero, and the coefficient of the corresponding variability index is almost
equal to one (see Figure 8 of the Appendix). This is perfectly acceptable since for a quantile regression
model, the response is a specific quantile of a series (or data points) and not the series itself. Intuitively,
if the specific quantile is close to the mean value of the series, then the check function is minimized by
this mean value. Hence, the optimization forces the parameters to be zero, and consequently forecasts this

quantile by predicting the mean of the series itself.

A final observation is that the R-squared values of the low variability wind farms are significantly smaller

than the corresponding ones of the other farms. This is reasonable as the variability indices are used to

13



capture the different regime changes of the series, and hence we expect our models to explain a larger

proportion of the total variance when the variability is higher.

Figure 4 shows the analogous R-squared values when the models are optimized based on the CRPS (1-step
or averaged 24-steps). The observations are very similar to the ones stated above, with the difference that

now the plots are much smoother (since we don’t treat each quantile separately), without any values close

to 1.
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Figure 3: R-squared values for models with 1-step check function optimization and averaged over 24-steps
check function optimization.

Next, we produce quantile forecasts from each point of the out-of-sample set (final two years), from 15
minutes up to six hours ahead. This is achieved for all the models and for every wind farm. The forecast
performance of each model is assessed using the evaluation methods of Section 4.2. In order to facili-
tate the comparison of forecast performance across different models, we will introduce two widely used

probabilistic benchmarks:
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Figure 4: R-squared values for models with 1-step CRPS optimization and averaged over 24-steps CRPS
optimization.

* Persistence distribution: It is defined as the distribution of the last n observations. The persistence
benchmark is independently optimized for each wind farm, by using the same optimization methods
as for the variability indices: 1-step check function, average of 24-steps check function, 1-step CRPS

and average of 24-steps CRPS minimization.

» Unconditional distribution: We construct this benchmark by using all the past observations of the
time series. This benchmark assumes that the time ordering of the observations is not relevant when

attempting to predict the distribution the response. It is also referred to as climatology.

The third benchmark used in this paper is the quantile regression model with only the three lagged series as
explanatory variables. This benchmark will help us to identify the gain in forecast performance acquired by
using the four variability indices. In the next figures we will present the evaluation results of the four models,

and include only the best model(s) for each evaluation criterion. In case that the results are quite similar
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across wind farms we will present the averaged results® over the three wind farms. Also, it will be necessary
to quantify the gain of some forecasting models to a chosen reference system. Following McSharry et al.
(2009), this gain, denoted as an improvement with respect to the considered reference forecasts system, is

called a Skill Score and is defined as:

, SCOREwet(k) — SCORE(k) SCORE(k)
Skill Score(k) SCOREes(k) SCOREet(k)’ (19)

where k is the lead time of the forecast and SCOREFE is considered the evaluation criterion (such as CRPS

or quantile loss function score).

6.1. Out-of-sample model comparison and evaluation

Firstly we would like to check the density forecasting performance of the competing models. Figures 5 (a),
(c) and (e) show the out-of-sample normalized CRPS for the three wind farms, where the competing models
were optimized by minimizing the averaged over 24-steps check function. The plots show only the best two
models, namely, the SD and IQR models, together with the three benchmarks. Th subplots show the Skill

CRPS of the four competing models, with the three lagged series as the reference model.

A first observation is that the CRPS values are getting larger as the variability of the series increase, which
is reasonable because intuitively it is easier to forecast a low variability series than a high one. On the other
hand, the two best models perform better for the high variability wind farm. They perform better in the
sense that they manage to outperform their competing benchmarks (especially climatology), with greater
score difference for each forecast horizon, than the lower variability farms’ models. The subplots inside
each figure help us to compare the four models. The SD and IQR models do not produce very promising
density forecasts for the first lead time, but their performance increases and outperform all the other models

after approximately two time steps, for all wind farms.

Figures 5 (b), (d), (e) show the Skill CRPS of the 1-step check function optimization models, with the
corresponding (averaged over) 24-steps optimization models as reference, for each wind farm. These Skill
CRPS plots can help us to compare the two ways of optimizations carried out in this paper. The SD and

IQR models produced by the 1-step optimization procedure perform much better when forecasting

8The averaging of the results is reasonable if the relative performances of the methods are similar for each of the three locations
(Taylor et al. (2009)).
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Figure 5: (a), (c), (e): Normalized CRPS for all three wind farms showing the three benchmarks and the
best model(s). The subplots show the Skill CRPS of our competing models, with the three lagged series as
the reference model. These results are outcome of the 24-steps check function optimization procedure, for
each quantile. (b), (d), (f): Skill CRPS of the 1-step optimization models, with the corresponding 24-steps
optimization models as reference.
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the first two lead times. They can perform up to 17% better than the corresponding models of the 24-
steps optimization. The Q05 and Q95 models also perform better when they are optimized using the 1-step

optimization procedure.

For forecast horizons greater than 30 minutes (two time steps) the averaged over 24-steps SD and IQR
models, produce density forecasts with skill gain up to 3%, compared to the analogous models of the 1-step
optimization. On the other hand the Q05 and Q95 models behave almost identically with the corresponding
24-steps optimized models. What is also noteworthy is the huge gain in forecast performance of the persis-
tence benchmark for large forecast horizons, when optimized using the 24-steps optimization method. The
1-step ahead optimized persistence benchmark may outperform the corresponding 24-steps optimized one

for up to (maximum) three forecasted time steps, but then it is massively outperformed by the second one.

Finally we would like to check if there is any gain in the models’ density forecasting performance when
we treat each quantile separately. In other words, we want to check whether or not the resulting models
of the (1-step or 24-steps) check function optimization outperform the corresponding ones of the CRPS
optimization. Figure 6 (a) shows the Skill CRPS of the optimized models using the 1-step ahead check
function optimization, with the corresponding 1-step CRPS optimized models as reference. The scores
shown are averaged over all wind farms, because the relative performance of the methods are similar for
each location. The performance gain (or loss) is maximum 0.2%, and hence the effort spent to optimize
each models’ quantile individually does not seem to be worthwhile. On the other hand, the SD and IQR
models resulting from a 24-steps check function optimization, seem to outperform the corresponding CRPS
optimized models by roughly 2% for forecast horizons greater than 30 minutes, and be outperformed by
maximum 8% for the first lead time (Figure 6 (b)). The Q05 and Q95 models again have identical density

forecasting performance for both optimization criteria.

Next, we briefly summarize the results found using the CRPS criterion. The best density forecasting models
are the SD and IQR models, without any distinguishable -in terms of performance- difference between them.
Both models can outperform all used benchmarks for forecast horizons up to (at least) 20 time steps ahead,
for all three different variability wind farms. There are two more questions that we need to answer: what
type of optimization is the best (1-step or 24-steps), and is it worthy to treat each quantile separately (by
using check function instead of CRPS minimization)? The results show that if somebody is interested in

forecasting only (up to) two time steps ahead (< 30 minutes), then it is recommended to use one of the
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Figure 6: (a) Skill CRPS of the 1-step check function optimization models, with the corresponding 1-step
CRPS optimization models as reference. (b) Skill CRPS of the 24-steps check function optimization models,
with the corresponding (averaged over) 24-steps CRPS optimization models as reference. Note: Results are
averaged over all wind farms.

SD or IQR models, optimized using the 1-step CRPS minimization. This is a pretty fast optimization as all
parameters are the same for all the quantiles. On the other hand, in order to predict lead times larger than
two time steps, it is recommended to optimize the SD or IQR models using an averaged over 24-steps check

function minimization, for each quantile.

Now, we would like to compare the forecasting performance of each model, for some specific quantiles.
For the purpose of these evaluations we will use the quantile loss function. Since all the models have
quite similar performance for all wind farms, we will present the averaged results over the three wind
farms. Moreover, for forecasting a specific quantile there is no advantage in using the CRPS optimization
procedure, and hence the results presented will be only for the check function optimized models, for the
specific quantiles. The chosen quantiles are the 0.05, 0.25, 0.75 and 0.95 quantiles. The 0.05 and 0.95
quantiles form the two tails of the forecasted density, and represent the rare events (such as ramps, cut offs)

of a wind power series.

Figure 7 shows the Skill check function scores of the four models, with the three lagged series as the
reference model. The subplots show the normalized check function score of the best model(s), together
with persistence and climatology benchmarks. Note that these plots are outcomes of the averaged over 24-
steps check function optimization. A first noteworthy observation is about the performances of the Q05 and

Q95 models, for the lower and upper quantiles. We see that regardless of the Q95 model’s structure, it is the
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most appropriate for producing quantile forecasts for the 0.05 quantile for all forecasts horizons (Figure 7
(a)). In contrast, the Q05 model is the most appropriate for producing quantile forecasts (for k£ > 9) of the

upper quantile, with the Q95 model performing the worst (Figure 7 (d)).
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Figure 7: Skill check function scores, averaged over the three wind farms, with the three lagged series as
the reference model. The subplots show the mean check function score of the best model(s), together with
persistence and climatology benchmarks. These results are outcome of the (averaged over) 24-steps check
function optimization procedure, for each quantile.

For forecasting all the other quantiles (including the ones whose plots are not included), the SD and IQR
seem to be the most appropriate, without again any distinguishable -in terms of performance- difference
between them. Figures 7 (b) and (c) show that the 1-step ahead forecast performances of these two models
are not as good as the other models’ (similarly for the density forecasting evaluation before). By using a

1-step check function minimization, we manage to increase their forecasting performance for the first lead
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time, but produce higher check function scores for all the other forecast horizons. Since the CRPS arises
from the check function scores of the different quantiles, this result was expected (and therefore there is no

need to present any quantile forecast results for the 1-step ahead optimization).

Finally, by having a look at the different subplots of Figure 7 we observe that the models outperform the
persistence and climatology benchmarks only for the middle quantiles. For the lower quantile, the Q05
model outperforms these two benchmarks only for the first four lead times (up to one hour). Due to the
asymmetric shape of the wind power distribution, our best models for the upper quantile outperforms the
two benchmarks for up to 14 time steps ahead. For the 0.30 up to 0.85 quantiles, the SD and IQR models

outperform the benchmarks for all 24 forecast horizons.

7. Conclusions and discussions

In this paper we showed how to produce wind power quantile and density forecasts, for lead times from 15
minutes up to six hours ahead, using a single univariate wind power series. In order to do that we introduced

some useful variability indices, which are able to capture the volatile behavior of the wind power series.

We used linear quantile regression as our main tool for producing quantile forecasts for 19 different quan-
tiles, with three lagged versions of the wind power series as the main explanatory variables. Four models

were created, each one having as a fourth explanatory variable one of the four extracted variability indices.

In order for the final results to be consistent, we used data from three wind farms in Denmark, each one
chosen to have different wind power variability (low, medium and high). We used in total four years of
data, with a 15 minutes resolution, for each wind farm. The first two years were used for in-sample model

calibration and training, and the final two years for out-of-sample forecasting and evaluation.

All four quantile regression models were optimized in the in-sample set, in order to find their specific set of
parameters which minimize the check function score at each quantile. Each optimization run that produces a
check function score for a specific quantile is quite computationally expensive, so we chose to find the global
minimum in a two-dimensional grid of parameter values. In fact this approach gave us the opportunity to
try four different optimizations without any extra cost: 1-step ahead check function minimization, average
over 24 forecast horizons check function minimization, 1-step ahead CRPS minimization, average over 24
forecast horizons CRPS optimization. The first two give a unique set of parameters for each quantile, and

the last two a set of common parameters for all quantiles.
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Our main goal was to check how well these models performing compared to the persistence and climatology
probabilistic benchmarks. It is worth mentioning that persistence is a very strong and simple benchmark
for very short forecast horizons, and was optimized using the same cost (optimization) functions as the
four regression models. The density forecasts of the models were evaluated using the CRPS. The best two
models found, are the SD and IQR models. They managed to outperform the benchmarks for most of the
forecasts horizons. The models of the high variability wind farm, outperform the benchmarks for all forecast

horizons and with greater score differences compared to the other two farms.

The above best two models, optimized using the 1-step ahead check function minimization, outperform
the models of the 24-steps check function minimization only for the first lead time. Moreover, the 1-step
CRPS optimized models do not seem to have different forecasting performance for the corresponding check
function optimized models. If one is interested only in the first lead time, we recommend using the 1-step
CRPS optimization, as it produces models with a single set of parameters for all quantiles. On the other

hand, for larger forecast horizons, the 24-steps check function optimization is more appropriate.
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Figure 8: Variability indices’ coefficients for models with 1-step check function optimization and averaged
over 24-steps check function optimization.
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Figure 9: Variability indices’ coefficients for models with 1-step CRPS optimization and averaged over
24-steps CRPS optimization.

Low Var. Med Var. High Var. Low Var. Med Var. High Var.
m n  m n m n m m m nm n
Model 1-step CRPS optimization 24-step CRPS optimization
SD 0 9 0 12 0 8 0 6 3 2 0 4
IQR 2 4 0 5 0 2 3 3 2 2 3
Q05 0 17 24 3 0 11 0 8 0 7 0 15
Q95 2 11 2 9 0 0 12 5 3 0 6

Table 2: 1-step and 24-steps CRPS optimization results for all models of (18).
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Low Var. Med Var. High Var. Low Var. Med Var. High Var.

m n  m n m n m nom n m n
Quantile 1-step optimization of SD model 24-steps optimization of SD model
0.05 0 9 0 18 2 7 2 5 3 3 2 7
0.10 0 4 0 20 2 7 0 6 3 2 2 4
0.15 0 4 0 21 O 7 0 4 2 2 3 2
0.20 0 4 0 21 O 7 3 2 2 2 2 2
0.25 2 3 0 21 2 4 2 2 0 3 2 2
0.30 2 3 2 4 2 4 0 2 0 2 0 2
0.35 2 3 2 2 0 7 0 2 0 2 0 2
0.40 5 3 2 2 5 3 0 2 0 2 0 3
0.45 5 3 0 4 6 3 0 2 0 2 7 0
0.50 28 2 6 3 9 0 0 0 7 0 7 0
0.55 14 2 0 0 2 2 0 0 0 0 0 3
0.60 0 8 13 2 2 2 0 0 0 12 0 2
0.65 0 8 2 11 2 2 5 3 0 3 0 2
0.70 0 9 0 12 3 2 5 3 0 2 0 2
0.75 0 9 0 12 0 2 5 3 2 2 2 2
0.80 0 15 0 9 0 2 3 2 2 2 2 2
0.85 0 8 0 12 0 2 2 3 3 2 3 2
0.90 0 9 2 9 0 3 0 12 3 2 3 2
0.95 2 8 0 12 0 10 3 7 0 15 0 14
Quantile | 1-step optimization of IQR model | 24-steps optimization of IQR model
0.05 2 4 0 9 0 5 2 6 2 4 2 4
0.10 0 4 0 5 0 4 2 3 3 2 2 3
0.15 0 3 0 5 0 4 2 3 2 2 3 2
0.20 0 4 0 5 0 4 3 2 2 2 2 2
0.25 2 3 0 4 0 4 2 2 0 3 2 2
0.30 2 3 0 4 2 3 2 2 0 2 0 2
0.35 2 3 2 2 5 3 0 2 0 2 0 2
0.40 5 3 2 2 5 3 0 2 0 2 0 3
0.45 5 3 0 3 6 3 0 2 0 2 7 0
0.50 28 2 6 3 9 0 0 0 7 0 7 0
0.55 14 2 0 0 2 2 0 0 0 0 0 3
0.60 11 2 13 2 2 2 0 0 0 7 0 2
0.65 2 4 0 4 2 2 5 2 0 3 0 2
0.70 0 11 0 7 3 2 5 3 0 2 0 2
0.75 0 11 0 7 0 2 5 2 2 2 2 2
0.80 0 11 0 7 0 2 3 2 2 2 2 2
0.85 0 11 0 2 0 2 2 3 3 2 3 2
0.90 0 11 0 12 0 3 0 9 3 2 3 2
0.95 2 7 0 12 4 2 5 4 0 7 0 4

Table 3: 1-step and 24-steps check function optimization results for the SD and IQR models of (18)
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Low Var. Med Var. High Var. Low Var. Med Var. High Var.

m nmn  m nm n m nm m n m n
Quantile | 1-step optimization of Q05 model | 24-steps optimization of Q05 model
0.05 0 18 48 48 2 10 0 14 0 14 7 4
0.10 0 14 15 4 2 10 0 12 3 6 3 9
0.15 0 1 25 3 2 7 0 8 0 7 0 7
0.20 0 11 35 6 2 7 0 6 0 7 0 7
0.25 0 11 24 3 0 11 0 6 0 6 0 5
0.30 0 17 24 2 2 7 0 6 0 3 0 5
0.35 2 11 24 3 2 7 0 6 0 3 0 5
0.40 2 17 25 2 0 8 0 6 0 3 0 7
0.45 2 16 24 3 2 5 0 6 0 3 5 3
0.50 2 16 13 12 6 2 0 6 0 2 5 3
0.55 21 0 0 0 6 2 2 5 0 0 5 3
0.60 21 0 2 14 9 0 0 0 7 0 0 18
0.65 17 0 2 14 0 7 2 5 7 0 0 16
0.70 16 0 2 11 0 7 2 5 7 0 0 15
0.75 16 0 2 11 0 5 2 5 0 18 0 15
0.80 15 0 2 12 0 5 2 5 0 14 0 15
0.85 16 0 0 5 0 5 14 5 0 14 0 15
0.90 12 0 0 5 0 4 14 7 0 14 0 15
0.95 12 0 0 4 0 4 0 4 0 11 0 3

Quantile | 1-step optimization of Q95 model | 24-steps optimization of Q95 model

0.05 0 4 0 6 0 4 0 4 0 4 0 8
0.10 0 6 0 6 0 4 0 6 0 5 0 5
0.15 0 6 0 6 0 5 0 6 0 5 0 5
0.20 0 8 0 6 0 5 0 10 O 10 O 8
0.25 0 9 2 18 0 7 0 10 O 10 O 8
0.30 0 10 2 13 0 7 0 10 5 19 2 8
0.35 0 45 2 13 0 7 17 0 3 22 2 8
0.40 0 45 12 14 8 0 4 6 6 3 3 7
0.45 21 0 16 11 8 0 4 6 6 3 6 2
0.50 21 0 32 3 9 0 4 6 5 3 6 2
0.55 0 18 0 0 9 0 0 0 5 3 0 6
0.60 0 18 0 0 0 10 3 7 5 3 0 6
0.65 0 11 0 16 0 9 2 8 5 3 0 4
0.70 2 11 2 9 0 9 3 7 3 5 0 4
0.75 0 15 2 9 0 11 2 8 3 5 0 4
0.80 0 15 2 9 0 11 0 12 3 5 0 6
0.85 3 7 2 9 0 11 0 12 3 5 0 6
0.90 3 7 2 10 2 11 0 12 3 6 0 10
0.95 2 13 3 10 2 11 2 11 2 9 0 14

Table 4: 1-step and 24-steps check function optimization results for the Q05 and Q95 models of (18).
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Wind Power Forecasting Focused on Extreme
Power System Events

G. Sideratos and N. D. Hatziargyriou, Fellow, Member, IEEE

Abstract— Any small improvement of the wind power
forecasting performance can provide additional benefits to the
end-users (TSOs, wind farm operators etc.). Several regimes can
be defined based on the different wind power profiles that lead to
large forecasting errors and related to specific meteorological
events. The regime-switching approach gives the opportunity to
predict wind power with a different predictor for each regime,
reducing essentially the forecasting error. In this paper, the
regime sequence is estimated by a modified ARTMAP and
RBFNNs are applied as predictors. A novel adaptive learning
method has been developed for the on-line learning of the applied
RBFNNs. The proposed model was tested on a real wind farm
and was compared with a state-of-art forecasting model.

Index Terms— Wind power forecasting, regime switching,
ARTMAP, RBFNN, extreme events

I. INTRODUCTION

he large fluctuations of wind power generation due to the

intermittent nature of wind are one of the main concerns
of Transmission System Operators (TSOs) of power systems
with high penetration of wind energy. Especially, in isolated
island systems with high wind penetration, the TSO is obliged
to maintain large power reserves in gas or oil generators [1].
For TSOs wind power forecasting is therefore of great
importance, both for operational and financial reasons. The
same applies to Independent Power Producers (IPPs) who
usually participate in short term electricity markets providing
bids or making bilateral contracts for their wind power
production. The deviations between actual production and
contracted energy are penalized depending on the energy
regulations [2]. The largest penalties come from steep  wind
power variations that are difficult to anticipate [3].

Nowadays, wind power forecasting tools have increased
revenues for both TSOs and IPPs, optimizing reserves and
minimizing regulation costs. Several studies have quantified
the benefits of accurate forecasts for the economic and secure
operation of power systems [4-9]. For example, 12% higher
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average prices in the NordPool electricity market due to
insufficient predictions have been estimated in [3, 9], while
significant profits are estimated by the Danish TSO [10] with
1% improvement of the quality of wind power predictions. In
[11] a significant income gain of more than 600 k£ for a 50
MW wind farm IPP by increasing his forecast accuracy by
1.2% is calculated.

So far, most wind power forecasting models aim to produce
the best forecasts for every possible case, without any specific
consideration for critical events [10]. These events,
characterized as extreme power system events, are
straightforward related with the low predictability of the wind
power and critically affect the overall performance of the wind
power forecasting models [12]. Wind power predictions are
based mainly on Numerical Weather Predictions (NWP)
obtained by a high resolution meteorological model. In [12]
extreme power system events are defined as cases, where
NWP fail to capture the temporal or spatial track of an
incoming front, cases with severe variability of wind power
production, high wind speeds near the cut-off limit of the wind
turbine leading to a large drop of wind power and ramp events
characterized by a significant wind power production increase
or decrease in one hour [13]. Ramp events related to a large-
scale atmospheric process can be identified by NWP quite
well, however when they are related to local phenomena, like
valley-hill winds, forecasting tools fail to anticipate them [14].
Extreme power system events lead to high wind power
variations and consequently to high prediction errors that can
be very costly for the end-users [12]. It should be noted that
extreme power system events are not necessarily related to
extreme meteorological events. They are considered extreme
from the power system point of view, i.e. they focus on the
consequences of large forecast errors in meteorological
predictions, thus directly translating to large forecast errors for
wind power generation.

In this paper, a novel regime switching method based on
artificial intelligence is proposed in order to provide forecasts
for more than one day-ahead predictions with special
consideration of extreme events. Regime switching techniques
have been applied in [15] for modeling wind power
fluctuations in a very short time scale. The proposed model
manages to improve wind power predictability considering the
extreme events as a separate regime associated with the
uncertainty of the NWP. For the estimation of the regimes, a
neural network based on the adaptive resonance theory [16] is
applied. The so called RBF-pARTMAP estimates the



probability of the regimes’ occurrence. The wind power
predictions are produced by radial basis function neural
networks (RBFNN), each trained with data that correspond to
a different regime. The final output of the proposed model is
obtained combining the RBFNNs predictions with the
probabilities of the regimes estimated by the RBF-pARTMAP
network. A novel hybrid adaptive method is applied to
enhance the RBFNNs with new information, based on the
combined use of MRAN (Minimal Resource Allocation
Network) algorithm [17] and Genetic Algorithms [18], called
GA-mMRAN.

I1. DEFINITION OF REGIMES

In this Section, a technique to group extreme events to
regimes depending on the underlying meteorological
conditions is presented. A different wind power predictor for
each regime is designed to improve wind power predictability,
especially in these cases. For the identification of extreme
events, two different power curve models are used together
with a continuous wavelet analysis [19].

The first power curve model, named mPC corresponds to
the wind farm manufacturer’s power curve and uses the wind
speed obtained by NWP to estimate the future wind
generation. The second power curve model, named PC,
consists of a set of multiple polynomial equations. Each
equation corresponds to a different interval of the wind
direction and is constructed using the corresponding wind
speed and wind power values with the least square method.
The wind speed and the wind direction obtained from the
NWP are used.

The under-estimation or over-estimation of wind power by
the power curve models indicates intensity errors and phase
errors related mainly to ramp events. These errors are divided
in three different regimes, as follows. When both power curve
models over-estimate wind generation, the first regime is
defined. This regime corresponds to phase errors that occur
when the NWP predicts a front, before it reaches the wind
farm location and to intensity errors that occur when the track
of a front does not include the wind farm location. In addition,
this regime includes errors at cut-off speeds, since wind power
is always over-estimated in these cases. The second regime
occurs when both power curve models under-estimate wind
power. This regime corresponds to cases of phase and intensity
errors that are caused by temporal and spatial estimation of a
front with opposite characteristics than the previous regime.
The third regime corresponds to cases where either the mPC
prediction is over-estimated or the PC prediction is under-
estimated. The third regime does not contain extreme events
and the corresponding NWPs are considered reliable.

The three regimes described above are divided to six
regimes depending on the wind power timeseries variability.
For this purpose, the continuous Haar wavelet transform
(CWT) [19] is applied to the wind power timeseries p(t). The
CWT measures the similarity between the timeseries and the
wavelet function. The coefficients of CWT are calculated by
the following equation.

Cab fOw® - pO—u—d
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Parameter o is the scale that defines the spread of the

wavelet y(t) and b is the translation parameter that determines

the central position of the wavelet.

Setting a threshold to the coefficients of the CWT divides
the timeseries in periods with high variability and low
variability.

The classification of the events to more regimes could be
achieved by dividing the coefficients of the wavelet
decomposition by more thresholds and by defining periods
with different scales of variability. In this case, the estimation
of the future regime would be more difficult and the model
complexity would be increased reducing its performance. On
the other hand, the implementation of the wavelet
decomposition could be avoided making the model more
flexible, but also more naive. Experiments have shown that the
adopted definition of regimes is the most effective.

I1l. THE REGIME SWITCHING MODEL

The proposed regime switching model is designed to
improve the performance of dWPF, an existing state of the art
wind power prediction model [20, 21]. In brief, the dWPF
model is a combination of a self-organized map (SOM) and
three RBFNN, as shown in Figure 1. It receives as input the
numerical weather predictions (NWP) that correspond to the
wind farm area and the most recent measurement of the wind
power. The NWP comprise wind speed and wind direction that
correspond to the time stamp of the forecasting hour and the
previous and next time stamps.

Initially, the SOM divides the set of the weather
information obtained by NWPs in three subsets, depending on
the wind speed and the wind direction. Each of the above
subsets is used to train a separate RBFNN, so that the model
can learn how to handle unpredictable events more effectively.
The RBFNNs receive as input the previous value of wind
power, data from NWPs, such as wind speed and wind
direction, and the hour of prediction.

SOM

Wind power
timeseries

i Class 1

Class 2 i Class 3
A

RBFNN RBFNN RBFNN

Figure 1. The structure of the dWPF model
The weather conditions related or not to a specific regime
are identified using NWPs that correspond to the prediction
hour and come from different NWP’s updates. Usually, NWP
are updated every 6 hours. The weather stability is computed
from the forecasts of three updates [22]. So, the weather
stability is defined by the standard deviations sd, and sd,, of the



wind speed and of the wind direction that come from these
updates and correspond to the prediction hour. Also, for the
weather stability at the vertical level, forecasted wind speeds
that correspond to different heights from the land surface are
used. The third measure is the standard deviation sd of these
wind speed forecasts.

Recognition of the regimes requires also estimation of the
quality of the NWP. In [21], a method is described that
qualifies NWHPs. Accordingly, wind speed values are
transformed to power values, named theoretical predictions,
by the mPC model. Comparison of the performance of the
dWPF model with the mPC model shows high correlation as
expected, since the forecasting ability is dependent on the
NWP accuracy. Two RBFNNs with different input variables
are trained next, in order to learn the theoretical predictions.
The input vector of the first RBFNN consists of the wind
power and three wind speed forecasts that correspond to
different time stamps close to the prediction hour. The input
vector of the second RBFNN comprises the wind power, the
wind direction and the forecasting hour. The quality of the
NWP can be estimated by the deviations d,, and d. between the
dWPF prediction and the outputs of the two RBFNNS,
respectively. Further information can be found in [21].

Based on information about weather stability and NWP
quality and using the wind power timeseries and the NWP, the
input vector Xy of the regime switching model is formed
(2). t is the time that the information becomes available and
time t+h corresponds to the prediction hour.

At+h A t+h-1 A t+h A t+h+l
X . ={p ,d,d ,ws ,ws ,ws ..

A h

cos(wAdm/zn), sin(wd J/Z/r), coswd  /27), .. (2)

sinwd /27), cos(wd /2;z), sin(wd /2n),

sd,, sd,, sd,

w

h,H}

At+h

p s the prediction obtained by the dWPF model, h is the

prediction step and H is the prediction hour. wsand wd are
the wind speed and the wind direction, respectively.

Assuming that state s is a sequence of the regimes that have
been defined in Section Il taking values in the interval [1..6],
at time t+h, the probability & ., of the regime k, is dependent
on the state s..1 Of the previous hour and the explanatory
variables of the vector Xy.n. S0, the conditional probabilities
&+ OF €aCh regime k can be computed by:

ék,uh = Pr(SHh =k| Sient = I Xl/Hh) vk e[L.6] ©)

The state si.h.1 belongs to the regime | and the state sy, at
the time t+h is produced by the following equation:

Snn = arg maX{Pr(Sm = k | SHM = |' Xm—n)} VK € [16] (4)

The state s.., and the conditional probabilities & ., for each
regime k are estimated by inference using RBF-pARTMAP.
The training of the RBF-pARTMAP networks is described in
section 1V. The RBF-pARTMAP solves (3) applying Bayes’
rule, as follows:

_ Pr(s_, =Kk)Pr(s

5 — t+h-1 = I’ x
k,t+h PI’(S

=1, X

t/t+h |St+h =k)

vk €[1.6] (5)
t+h-1 t/t+h)

After the estimation of the regime sequence, a different
RBFNN is applied to each of the 6 regimes.

The six RBFNNs are enhanced by the input
parameterization [20] and the adaptive learning algorithm GA-
MMRAN. In most neural network applications [23], it is
effective to preprocess the input data, in order to normalize the
range of all input variables in the same interval, e.g. [-1, 1] or
[0, 1]. This is the case when all input variables contribute
equally to the RBFNN output. In wind power forecasting
however, wind speed provides the main information, while
some input variables are used as explanatory and are less
correlated to wind power. In order to improve the performance

of the applied RBFNNs, an additional weighted vector W is
used as input that defines the relative importance of each input

variable. Accordingly, the outputs ¢, (;) of the hidden layer
of a RBFNN have the following form:

0,(x) = eXp(_HV_\'(Ci _;)H/b) ©)

x is the input vector and c; and b are the centres and the
width of the radial basis functions, respectively. The PSO
algorithm [24] is used to compute the width b of the radial
basis function of the applied RBFNNSs. In order to achieve the
best possible fitting of the RBFNNs, the cost function f;
contains performance criteria, i.e. the values obtained by the
Bayesian interpolation Bl [25], the Stein unbiased risk
estimator SURE [26] and the mean absolute error NMAE
normalized by the nominal capacity of the wind farm.

f =aBIl +a,SURE +a,NMAE  (7)

a1, o and as coefficients are chosen in order to normalize
the value of each criterion.
The applied RBFNNs are trained off-line with the following
procedure. At each iteration of the PSO, the RBFNN is trained
by the OLS algorithm [27] that incrementally estimates the
centers of the hidden units. Then, the generalized cross-
validation criterion defines the optimal number of the hidden
layer’s neurons. After the number of the RBFNN’s neurons is
defined, the performance criteria are calculated in order to
estimate the generalization ability of the neural networks and
are substituted in (7).

~k

The predictions Yuen  obtained by each RBFNN are
combined with the probabilities &, (8) providing the final
prediction of the proposed regime switching model.

Pien = é:k,wh * ytk/t+h ®)

In summary, the proposed model estimates the probabilities
of the six regimes that are related to the three different types of
the NWP error, further divided by two levels according to the
wind power variability. Each regime is handled by a different
RBFNN. Independently from the regime predicted, the final



prediction of the model combines all six RBFNNs predictions
weighted by the regimes probabilities. In this way, the
proposed model prediction is based on the extreme power
system events related straightforward to the NWP errors, while
the dWPF model forecasts do not take into account these
errors. This is the reason why, the proposed model forecasts
better extreme events, as defined in the introduction, while the
dWPF model provides better predictions of normal events.

Figure 2 shows the two steps implementation of the regime
switching model. At the first step, the RBF-pARTMAP and
the RBFNNs of the model are trained using the new wind
power observation and the past information about the current
time provided by previous predictions. Once the networks are
updated, the model prediction is obtained at step 2.

STEP 2

NWP at
time t+h

dWPF [ N
model

STEP 1

dWPF prediction
attime th

gy RBF-
9 PARTMAP

curve
models
And RBFNN |[RBFNN | [RBFNN | [RBFNN | [RBFNN | [RBFNN
Wavelet transform regime 1 ||regime 2| |regime 3| |regime 4| | regime 5/ | regime 6
Siih
PARTMAP Gopen

Training of @
RBFNN
GA-MRAN

n

Figure 2. The implementation procedure of the proposed model

Training of RBF-

IV. TRAINING OF THE RBF-pARTMAP NETWORK

ARTMAP (Adaptive Resonance Theory Map) neural
networks have been used in many applications. In [16], a self-
constructed network is developed, known as fuzzy ARTMAP
that creates categories of the input data and the desired
outputs, named hidden units and classes, respectively. More
specifically, an input pattern is compared with the existing
hidden units by a matching function. A threshold known as
vigilance is set as a matching criterion that determines if the
network will learn the problem finely or coarsely. The hidden
units are connected with the classes through a map field. The
fuzzy ARTMAP has been applied for regression or pattern
recognition, but has been proven inadequate under highly
noisy conditions.

In [28], an ARTMAP network, called HS-ARTMAP, is
proposed that uses hyper-spherical basis functions instead of
the hyper-rectangles of the ordinary fuzzy ARTMAP for the
modeling of the hidden units. The HS-ARTMAP uses
straightforward the vigilance criterion for the selection of the
hidden units. The hyper-spherical basis functions are selected
for applications in which the desired outputs have consecutive
constant values. For wind power forecasting applications, it
was proven [16] that NNs with Gaussian radial basis functions
¢i(X) (RBF) have a better performance.

4,00 =e(~[(w -x)l/b))  ©

w; and b; are the mean vector and the radius of the jth
Gaussian basis function, respectively The RBF-pARTMAP
network introduced in this paper consists of a RBF-like
module, an ART-like module and the probability estimation
module. The RBF-like module is located at the input of the
network and receives the input patterns. The ART-like module
receives the desired output, namely the wind power. A map
field consists of the synapses of the hidden units of the RBF-
like module and the classes of the ART-like module. The map
field provides the network knowledge to the probability
estimation module. The following figure shows the structure of
the RBF-pARTMAP network.

Pulxn) Match

racking
O
reset . jsmatch

Winner's output @u(x.)

’ @ [l
Input
vector X,

RBF-like module

Figure 3. The structure of the RBF-pARTMAP network
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The parameters of a hidden unit in the RBF-like module,
i.e. the mean vector w in (9), the vigilance p and the radius b
should be defined before training the RBF-pARTMAP,. All
required parameters for the training are determined by the PSO
algorithm described in Section III.

The first input pattern x; € Xy, that the network receives
is saved in the RBF-like module as the first hidden unit ¢, with
vigilance p; equal to p, radius b; equal to b and a match
number N.; equal to 1 [29]. At the same time, the
corresponding desired output d; comprises the first class u; of
the ART-like module. Then, the element of the map field cw; ;
that corresponds to the first hidden unit and to the first class is
set to 1. Next, when a pair of {x, d.} is received at the
network input, the following procedures are executed.

a) Training of the ART-like module
In the ART-like module, the Euclidean distances between the
desired output d, and the existing classes u; are estimated.
Then, the winning neuron k™ is the index of the class with the
minimum distance.

k™ =argmin{|d, —u, [}
i=1..K

K is the number of the existing classes.

A new class in the ART-like module is created when the
distance of the k'th class from the pattern d, is larger than a
threshold value 6,. As a result, the matching criterion of the
ART-like module has the following form:

ld,-u.|<6, @)

(10)




and the winning neuron would be the new k™+1 class.
If the matching criterion of (11) is not met, then the class

u. is updated by the following equation.
N, 1

‘new — k Uk*OId + dn
¥ N.+1 N, +1

u (12)

Nk* is the number of the patterns d, for every n that had

been assigned to the k'th class in the past.
b) Training of the RBF-like module
Since the assigned class k= with the desired output d, is
estimated, the RBF outputs ¢j(x,) are computed by (9). For
each input pattern x, the hidden unit with the larger output
@j(xn) is denoted as the winning neuron j”. Then, the following
conditions are checked

p.(x)zp. (13

ij. —x H <b.  (14)

If they are not satisfied, a new hidden unit is generated and
initialized as follows:

Pin=pP
Wya =X,
b, =D
Wy =1

J=J+1

J is the number of the hidden units of the network before it
is updated by the pattern {x,, d,}. After a new hidden unit is
generated, the training algorithm is repeated with the next
pattern {Xp.+1, dn+1}-

If (13) and (14) are satisfied, and the element cwj 4, Of the
map field is equal to 1, the algorithm terminates increasing by
1 the matching number Ngj« associated with the winning
neuron [23]. If the element cwj«q, is equal to zero, then the
winning neuron is disabled, another winning neuron is chosen
and the algorithm starts from the beginning.

Finally, if (13) is satisfied and (14) is not, then cwj«gn is
checked. If it is equal to zero, the vigilance p;~ of the winning
neuron is slightly increased by a parameter dr, defined before
the training starts and the winning neuron is disabled. Another
winning neuron is chosen and the algorithm starts from the
beginning. If cwj« g, is equal to 1, the matching number N
associated with the winning neuron is increased by 1 and the
winning neuron is updated as follows:

(15)

b’ +Hx —w
b =——%  (16)
! 2
new biew old
W =X, +bJF(Wf -x) (17
j
Further information on the training algorithm can be found

in [22].
¢) The probability estimation module
This module is activated only in the evaluation mode.

5

During testing of the RBF-pARTMAP network, the outputs
pj(xn) of the basis functions in the RBF-like module are
calculated. Next, only the outputs ¢;(x,) of the RBF that satisfy
(18) are considered, in order to estimate the conditional
probabilities & t+n.

@, (x)z0  (18)

The parameter 6. is predefined as described in the next
section. If subscript j° denotes indices of the hidden units
where the above condition is met and subscript j*° denotes
indices of the hidden units associated with the class k, the
probabilities of (5) can be computed by:

Nk
Pr(s  =k)= (19)
2N,
vk
2 Ne
vj"
Pr(snhfl = I’ xtmh | St+h = k) = : N - 1 (20)
k
>N
. c‘j
Prs. =1,X )=—s— (21)

vj
N, is the number of the output patterns d, for every n that

was assigned to the kth class in the past. Substituting (19)-(21)
in (5), provides the conditional probabilities & +n:

(22)

d) Estimation of the RBF-pARTMAP’s parameters
The same input parameterization described in section Il
can be applied to the RBF-pARTMAP, since the outputs of its
RBF-like module have the same form with the RBFNN hidden
layer.

The optimal weighting vector w of the RBF-pARTMAP and
its predefined parameters are estimated by the PSO algorithm
[24]. These parameters are the initial values of the vigilance p
and the radius b, the adjustment of the vigilance dr and the
parameter 6. of the probability estimation module. The cost
function here is the mean of all failures of the network to
predict the regimes in two independent data sets formed
randomly.

V. ON-LINE TRAINING OF THE RBFNN

During the on-line operation of the regime switching model,
an adaptive learning method is applied in order to enhance the
RBFNNSs with information that was not captured during off-
line training. This method is applied to the RBFNN that
corresponds to the regime estimated by the RBF-pARTMAP.
The on-line learning method is a modification of the MRAN
algorithm [17]. The MRAN algorithm creates a neural network
by adding neurons depending on its performance and the
distance of the input vector from its nearest neuron. Also, it



implements a pruning strategy that removes neurons with low
contribution to the network’s output.
Accordingly, a neuron is added to a RBFNN when:

Ife >e, AND [X-c. (23)

> dthr

Where e, is the absolute error of the RBFNN, X is the input

vector and C, is the center of the neuron with the smaller
Euclidian distance from the input vector. ey, and dy, are
constant values.

The parameters of a new neuron are set as:

aK+1 = et’
CK+1 = X and (24)
bK+1 = K'HX_CN

a is the weight of the connection of the new hidden unit to

the RBFNN’s output, Eis the center and b is the width of the
Gaussian function that represents the new hidden unit and
finally, x is the scale width factor.

If (23) is not satisfied, the input vector X and the
corresponding observation y are stored in the data set
belonging to the corresponding RBFNN. This data set consists
of the most recent cases. So, when a new case is added in the
data set, the oldest one is removed. The neurons that have been
added during the on-line operation are checked next, in order
to evaluate the above data set. More specifically, the sum
squared error of the RBFNN is computed removing each time
a different neuron or a different combination of neurons. The
network with the lowest sum squared error is kept after this
pruning procedure.

The neurons that have been added to the initial network and
have survived the pruning procedure are tuned by the genetic
algorithm. The genetic algorithm estimates the parameters of
the above neurons that minimize the sum squared error of the
data set. It uses the previous parameters of the neurons as
initial population, it keeps one parent as elite, it selects the
parent with the ‘roulette’ method to reproduce the children and
it applies two points’ crossovers to the 60% of the parents and
adaptive mutation to the 40%.

For each forecasting step, the adaptive learning algorithm is
implemented to the RBFNN of the regime switching model
that corresponds to the regime predicted by the RBF-
pARTMAP network exhibiting acceptable execution times.
More specifically, the execution time of the pruning procedure
is less than 30 seconds, since the maximum number of neurons
that can be added is set to 21, while the maximum execution
time of the genetic algorithm is set to 2 minutes. So, even if all
RBFNNs of the model need to be adapted, the maximum
execution time does not exceed fifteen minutes, which is
clearly satisfactory for hourly predictions within a 36 h time
horizon.

V1. APPLICATION TO THE KLIM WIND FARM
The proposed regime switching model is evaluated at the

6

Klim case study. The Klim wind farm is located at the north-
western part of Jutland, 8 km from the north coast and 50 km
west of the city Aalborg in Denmark. The farm contains 35
wind turbines of 600 kW and its total rated capacity is 21 MW.
The terrain of the wind farm is considered flat. The power
production timeseries cover the period from 1st January 2000
to 31st December 2002. The data of the period of the first year
are used to train the dWPF model while the parameters of the
proposed model are estimated using the data of the second
year. The length of the training period for both models is
selected in order to capture all the wind attributes of the site.
However, the models could be trained with data of an eight
months period (four months for each one) retaining their
acceptable predictability [20]. They could also be retrained
automatically every four months by the PSO algorithm, as
described in Section Ill. The evaluation data set of the
proposed model covers the period of the third year 2002.

The NWP data comes from the Danish 0.150 HIRLAM
model. NWP are provided for 48 hours ahead with a time
resolution of one hour every six hours. The forecasting horizon
of the proposed model is limited to 36 hours, because the
proposed model runs every hour and uses NWP from older
updates.

The evaluation framework follows the evaluation protocol
for the wind power prediction models described in [30]. It
consists of the normalized mean absolute error (NMAE), the
normalized root mean squared error (NRMSE) and the
improvements with respect to the persistence method and the
simple power curve model mPC described in section Il. The
persistence is a naive forecasting method that considers that
the wind generation is constant for the whole forecasting
horizon and equal to the most recent wind power
measurement. Since the dWPF model has already been
compared with other state-of-art models in [31], it is
considered as the model reference in this paper.

Figure 4 shows the NMAE of the proposed model, of the
dWPF model, of the persistence and of the mPC model. For
the NMAE criterion, the proposed model is always better than
the persistence method and the dWPF model, except from the
first prediction step. More specifically, the NMAE of the
proposed model does not exceed 10% for the day-ahead
predictions and is always lower than 11.6%. The NMAE
reduction achieved by the proposed model compared to the
dWPF model is higher than 1% for forecasting horizons longer
than three hours ahead. Especially, for the 8 hours ahead this
reduction outreaches 2.3%. The better performance of dWPF
model in the first step is due to the fact that the proposed
model is trained with samples from the whole forecasting
horizon, while the dWPF model is trained for one hour ahead
only using the last wind power observation.
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Figure 4. The NMAE of the proposed model, of the dWPF model and of the
persistence for every look-ahead time
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Similar results are obtained for the NRMSE criterion
(figure 5). The proposed model always outperforms dWPF,
except from the one-hour ahead predictions. Similar to the
dWPF model, the NRMSE criterion is lower than 15% until
the 25" prediction step and does not exceed 16.5%. The
reduction of the NRMSE is higher than 1% for all time steps
except from the first two steps. It reaches a maximum of 2.9%
for the ninth prediction step.

The normalized root mean squared error
35

»
30 ]
b-oooof

25

X 20

A+
15 S s M p*
It R P
%Ww —F— the proposed model

10 fr

—+— the dWPF model
5

—*— the mPC model
— " Persistence

0 5 10 15 20 25 30 35 40

Time horizon
Figure 5. The normalized root mean squared error of the proposed model, of
the dWPF model and of the persistence for every look-ahead time.

The overall improvement of the NMAE achieved by the
proposed model with respect to the dWPF and the persistence
method is illustrated in figure 6. The same figure shows the
improvement of the dWPF model with respect to persistence.
The improvement of the regime switching model w.r.t.
persistence is always higher than 40% beyond the fifth
prediction step and it ranges around 50% for horizons longer
than 8 hours-ahead. The improvement w.r.t the dWPF model
exceeds 22% at the ninth time step. Furthermore, at the
horizons between 4 hours ahead and 30 hours ahead, it is
higher than 10%.

In Table I, the average performance of the two models is
presented. Regimes 1 and 2 correspond to extreme events,
when wind generation is under-estimated, regimes 5 and 6 to
extreme events when wind power is over-estimated and
regimes 3 and 4 correspond to normal events. As expected,
the proposed model outperforms the dWPF model in all
regimes except regime 3 that consists of normal events with
low variability.
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TABLE I.
COMPARISON OF THE PROPOSED MODEL AND THE DWPF MODEL
PERFORMANCE

PROPOSED MODEL dWPF MODEL
NMAE NRMSE NMAE NRMSE
REGIME 1 12.43% 16.25% 17.01% 21.08%
REGIME 2 15.48% 19.44% 18.28% 23.65%
REGIME 3 12.47% 18.73% 10.32% 15.68%
REGIME 4 6.33% 9.77% 7.60% 11.36%
REGIME 5 10.53% 13.78% 11.94% 15.32%
REGIME 6 10.95% 14.28% 12.81% 16.34%

The superiority of the proposed model compared to the
dWPF model is clearly proven in cases characterized as
extreme events. Figures 7 show the predictions of the proposed
model and of the dWPF model against measurements during
several extreme events. All wind power values, i.e. all wind
power observations and wind power predictions are expressed
as percentage of the WF nominal capacity of the wind farm P,,

Figure 7a shows an example of an up-ramp event. The wind
generation is over-estimated from both mPC and dWPF
models. At the first 18 time steps, the state belongs to regime 2
and then it changes to regime 1. At the 23rd time step it
belongs again to regime 2, changing back at the 26™ time step.
It returns to regime 2, from 28" to 30" and from 35" to 36"
steps.

An intensity error is illustrated in figure 7b. A wrong
estimation of the track of the front by the NWP has led to a
huge prediction error. At the first 6 time steps, the state is
fluctuates between regime 3 and regime 4. At the 7™ time step,
it changes to regime 6 and returns to regime 3 at the 11" step.
At the 17" step, it changes to the regime 1 and remains until
the end of the forecasting horizon.

In figure 7c, a phase error is presented. It is clear that the
proposed model handles the NWP better than the dWPF
model. At the beginning, the state fluctuates between the
regimes 1 and 4. At the 9" step it is stabilized at regime 2 until
the 20" time step and then it changes to regime 1. Finally, at
the 32™ time step, it turns to regime 6.

Similarly, in the case of a down-ramp event shown in figure
7d, the state takes values between 5 and 6. Finally, in figure 7e
the state is between the regimes 5 and 6 at the beginning, turns
to the regimes 1 and 2 and at the end fluctuates between the
regimes 3 and 4.
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Figure 7. The predictions of the proposed model, of the dWPF model and the
mPC model against measurements during several extreme power system
events: a) on up-ramp event, b) on intensity error event, c) on a phase error
event, d) on a down-ramp event and €) on a high wind power fluctuation
event.

VII. APPLICATION TO LASITHI CASE STUDY

The Lasithi wind farm is located at the eastern part of Crete
in Greece. The wind farm consists of 30 wind turbines
BONUS 600 MK4 and its nominal capacity P, is equal to
18MW. The wind farm area is semi-complex with low
predictability, since the prevailing winds are influenced by a
combination of sea breeze and valley-hill breeze. The
available wind power timeseries cover the period from 1%
January of 2006 to 31% March 2008. The timeseries of the first
three months of the year 2008 are used for the evaluation of
the proposed model performance, while the data set that
corresponds to the year of 2007 is used for model training. The
NWP come from the European Centre of Medium-range
Weather Forecasts (ECMWF). They are provided two times
per day with ten days forecasting horizon.

Figure 8 shows the performance of the proposed regime
switching model and the dWPF model. Due the longer
horizon, the dWPF model outperforms the proposed model at
the first nine time steps. However, the performance of the
proposed model is better than the dWPF model at the horizons
longer than 10 hours ahead. The improvement outreaches the
1% for the NMAE criterion at the most forecasting steps.
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Figure 8. The NMAE of the proposed model, of the dWPF model and of the
mPC model for every look-ahead time

VIII. CONCLUSIONS

The paper presents a novel regime switching model that
improves the predictability of a state-of-art wind power
prediction model, especially at extreme events. The extreme
events are grouped to six different regimes by combining the
predictions of two power curve models with a continuous
wavelet decomposition of the wind power timeseries. Next, the
Bayes rule and the radial basis function models are integrated
in a HS-ARTMAP network forming the RBF-pARTMAP
network. The RBF-pARTMAP is used to estimate the
probability occurrence of each regime. The final prediction is
obtained from the combination of the regimes probabilities
with the predictions of the six RBFNNSs. For on-line operation,
a novel adaptive learning algorithm is applied that enhances
the RBFNNs performance using the new observations. The



evaluation of the regime switching model at the Klim and
Lasithi wind farms shows significant improvement of wind
power forecasting over state of the art models, especially in
cases of extreme events. The proposed model can be applied
not only for wind power forecasting of individual wind farms
but also, of larger regions and can be used effectively by TSOs
for mid-term operational planning.
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