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Abstract

The classical regression model for combined forecasting is reformulated in order to im-
pose restrictions on the combination weights. This restricted linear combination model
is then extended to the case where the weights are allowed to be a nonparametric func-
tion of some meteorological variables, yielding the so-called conditional weighted com-
bination method. The weight functions are estimated with local regression techniques.
The conditional weighted combination method is applied to a test case of a wind farm
over a period of 10 months. Various combinations of two forecasts out of the three avail-
able ones are considered. Analysis of the data suggests that meteorological forecasts of
air density and turbulent kinetic energy may be considered as relevant external vari-
ables in the combination scheme. A performance comparison shows that the conditional
weighted combination method introduced in this paper outperforms the least-squares
combination method for almost all prediction horizons, especially for larger ones. This
indicates that further developments based on conditional combination methods, includ-
ing adaptivity of the weight functions estimation, may significantly enhance forecast
accuracy and dampen the risk of large prediction errors.
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Introduction

The wind power industry is growing rapidly, while the share of wind generation in the
electricity mix of a large number of countries is getting larger every year. Research and de-
velopment have improved the technology, with advances in performance as well as reduced
production costs, and made wind energy competitive on the energy market. Expectations in
the medium-term are that 10-20 percent of world electricity consumption will be generated
by wind power [1]. However, the variability and low-predictability of wind generation are
commonly seen as penalizing, since they translate to e.g. an increase in reserve require-
ments for Transmission System Operators (TSOs), or to a diminution of potential gains on
the electricity market for the case of utilities or independent wind power producers. This
makes forecasting wind power generation for time-scales ranging from a few minutes to
a few days ahead paramount. Forecasting tools are helping to secure the value of wind
generation on the market, while contributing to increasing security of supply. A review of
state of the art wind power forecasting has been published by Giebel et al. [2].

The loss function of wind power forecast users, i.e. the mathematical representation of
their sensitivity to consequences of forecast errors, is usually not linear. This translates
to saying that their sensitivity to forecast errors changes with their range of magnitude.
Indeed, errors perceived as small are easily accepted, while forecasters will always be re-
minded about their errors of very large magnitude and that yielded significant financial
or technical consequences. Today, users of wind power predictions are increasingly pro-
vided with several forecasts for the coming period, generated from various methodologies
and/or based on different meteorological input. In such a case, it can be attractive proce-
dure to combine these forecasts. By combining the independent information included in
each individual forecast, more accurate prediction can be accomplished, and the risk of
large prediction errors significantly reduced [3]. This was originally suggested by Bates &
Granger [4] for two individual forecasts, and since then a number of procedures have been
suggested, see e.g. Clemen [5] or de Menezes et al. [6] for a literature review.

Combining wind power forecasts is especially appealing if several meteorological fore-
casts from different meteorological offices are available. Since meteorological forecasts
directly input wind power prediction methods (for look-ahead times ranging from 6 to 72
hours ahead), employing different meteorological forecasts will yield power forecasts with
different characteristics. Combination is traditionally performed through a linear regres-
sion model, for which the parameters represent the weights of corresponding individual
forecasts in the combination. Common linear methods for forecast combination include
the simple plain average [7], the Bayesian approach [8] and regression-based methods [9].
Initially the present paper employs a linear model, with restrictions on the combination
weights. The main originality of our approach is that the parameters in the linear model
(i.e. the combination weights) are further allowed to be dependent upon some external
variables, which then leads to a nonlinear model. In other words, the combination scheme
can be made conditional to the predicted meteorological conditions, if summarized by a set
of predicted meteorological variables. The block diagram in Figure 1 illustrates the pro-
posed approach to forecast combination, and more specifically how information from me-
teorological forecasts impact weight estimation. Owing to its specific characteristics, our
newly introduced combination scheme is referred to as Conditional Weighted Combination
(CWC). This proposal comprises an alternative approach to the situation-specific combina-



tion approach introduced by Lange et al. [10] and Lange & Focken [11], for which forecast
combination is proposed to be made dependent upon the prevailing synoptic weather sit-
uation. Classification of weather situations in a number of weather 'modes’ is performed
through a method combining principal component analysis and cluster analyses. Within
each weather class the accuracy of various prediction models is evaluated and an optimal
combination determined. Such a method may be cumbersome, as it requires analysis of a
huge amount of data in order to determine prevailing weather situations. Another draw-
back is that such a method involves the possibly demanding task of predicting, to which
weather class the coming weather situation belongs to. In contrast, the situation-specific
combination method originally introduced here only necessitates a limited quantity of fore-
cast information at the level of the wind power production site considered.

Figure 1 is approx. here

The paper begins with a description of the mathematical framework for forecast combi-
nation by considering combination as a restricted linear model with the individual fore-
casts as explanatory variables. Then the CWC scheme is introduced by replacing the
weights in the linear model with smooth, but otherwise unknown, functions of some me-
teorological variables. A method for estimating such functions is briefly presented. These
methods are then evaluated and compared in a least-squares minimization fashion [9].
The test case is that of real wind farm located in the north of Jutland (Denmark), for
which three different types of power forecasts are available (with three different meteoro-
logical forecast inputs), along with corresponding wind power measurements for a period
of 10 months. The main evaluation criterion is the Root Mean Square Error (RMSE),
which gives more weight to large prediction errors. Its use is thus consistent with the idea
that forecast users may be more sensitive to consequences of large forecast errors [12]. In
parallel, employing the RMSE as an error measure is also consistent with the idea that
wind power point forecasts commonly inform on the mean potential generation for each
look-ahead time, or in more mathematical terms, give the conditional expectation of the
wind power generation random variable for every forecast horizon. The expectation is the
summary statistics of a random variable that minimizes a quadratic loss function, while
the RMSE is the corresponding quadratic error measure. The paper concludes with some
discussion and perspectives regarding further developments related to conditional combi-
nation schemes.

Mathematical Framework for Combining Wind Power Fore-
casts

Since the issue of combining forecasts was first introduced, many methods have been de-
veloped, sometimes even based on advanced complex techniques. However, it is still not
obvious which combination method will always perform best [6]. In this paper, the linear
combination model is adopted first because of its inherent simplicity and its performance
often deemed as highly acceptable. Later, however, an extension is proposed in order to
allow for the coefficients to be functions of some exogenous variables, and this makes the
model nonlinear.



Formulation of a Restricted Linear Combination Model

For the wind power application, the variable of interest to be predicted is the wind power
production at time ¢+ h, which is denoted as y; . In parallel, let ; ;. 5, be the i individual
forecast for the wind power at time t+h (out of the k different forecasts available) calculated
using the actual information available at time ¢, with h being the forecast horizon, i.e. the
number of hours between the moment at which the forecast is issued (time ¢) and the time
point for which the prediction is made. The i*" prediction error, that is, the difference
between the measured power production and the it" competing prediction is ei . For the
combination of k& individual forecasts, a linear model of the forecasts is formulated as

k

Ye,thlt = HBh + Z Wi h i t4hlt (1)
i=1

where w; ;, = w; is the weight given to the ith of the k forecasts. In the following, the forecast
horizon h is omitted from the weight terms of the model in order to simplify notations.
In the present study, a linear model is written for each horizon independently, and the
horizon of interest can easily be deduced from notations employed for the various forecast
variables. The term p represents the constant term in the linear model, which is provided
if the individual forecasts are biased, especially when the coefficients for the individual
forecasts are restricted to sum to one [13, 14]. Considering an additional noise in the
power production process, the combined forecast corresponds to the conditional expectation
of power production at time ¢ + h, given the information available at time ¢,

Yth = Yerhlt T €ct+h (2)

where {e.;1}} is a noise sequence, which in the present case consists of a set of identically
distributed realizations of a random variable with finite variance.

The parameters of interest in (1) are the weights which indicate the influence of each
individual forecast in the combined forecast. The weights in the model are restricted to sum
to one, since each weight defines the fraction of information provided by each constituent
prediction in the combination, i.e.

k

By applying this restriction alone, negative weights may be obtained as there is no con-
straint on a minimum value for each weight. Here, weights are allowed to be negative and
no consideration is given to a potential lower limit, although, according to Gunter [15],
a non-negativity restriction may be assumed to be more effective and robust, in addition
to being more easily interpretable from a physical point of view. The constant term in the
linear combination model is included to detect and correct for any global discrepancy in the
combination, i.e. any systematic error still remaining after merging the forecast informa-
tion provided by each individual prediction. Any potential bias in the individual forecasts
is embraced in the constant term, with the same estimated weight as for the corresponding
individual forecast. This is then equivalent to correcting the bias for the combined forecast
as a weighted sum of bias terms originating from the individual forecasts.



Inclusion of the additive restriction can be done in a straightforward manner: the con-
straint is added into the linear combination model (1) for the k" weight (by expressing this
weight as 1 minus the others, i.e. w, = 1— Zi-:ll w;), and the & forecast is then subtracted.
This is a quite general manner to extend a combination scheme to more than two individ-
ual forecasts, as discussed in Nielsen et al. [16]. This yields a new formulation in the form
of a restricted linear combination model,

k—1

y:—i—h = p+ Z wig;k,t+h|t + €c,t+h (4)
i=1

where @{Hh‘t = Yitthlt — Ukpthle a0d Y7 ) = Ysrn — Ypaqne- Neither the prediction error
ect+n nor the intercept 1 are affected by this modification. The weights are not only con-
sistently estimated, but the restricted model in (4) also gives forecast errors for the linear
combination model in (1) and the corresponding intercept.

The method applied in the following to estimate the weight coefficients of the restricted
linear model (4) is the least squares method [17].

The Least-Squares Method in a more General Regression Framework

By integrating the restriction into the most general form for forecast combination, i.e. in a
regression model, and considering the weights to be time-varying, we obtain

Yirh = g(§:+h|tv twn) + €cirn (5)

where g(y; hl L wiyy) is a known mathematical function of the independent individual
forecasts ¥y, 1, = (U5, 5 1 injes - ,@717t+h|t)T, but the weights w;., = (1, w1 41p, .., We—14+1) "
are unknown. To properly estimate the constant ; in the following study is y5 = 1 kW. The
error e.; is as defined in the combination model (2). The general linear model is a special
case of the regression model where the response is defined as a linear function of individual
forecasts, i.e.

* _ T =«
Yt+h = WerpYiipt t Cetth (6)

In order to estimate the weights in (6), it can be chosen to minimize a loss function L,
where L represents the cost of deviation between combined forecast and measurement.
For the combined forecast to be competitive with the individual forecasts, its loss function
value has to be less than or equal to those of the individual forecasts, i.e. L(eci4n) <
min;{£(e; ++n)}. The loss function that is the most commonly chosen for weight estimation
in (6) is the Least Squares (LS), where L(e. ;1) = E[(ect4n)?]-

The data set is used to estimate the unknown parameters, thus the design matrix is
a matrix of the constituent forecasts, including all values in the data set (17), and the
measurements form a vector of observed values (y). The solution to the problem is an
estimator of the weights that minimizes the sum of squared residuals, i.e.

w=(Y'Y) 'Yy (7)

where the matrix Y 'Y is assumed to be invertible [18].



Conditional Weighted Combination

Let us consider a class of models that are linear to some regressors, and for which the
coefficients are assumed to be changing smoothly as an unknown function of some other
variables. These kinds of models are called varying-coefficient models [19], but when all
coefficients depend on the same variable, the model is referred to as a conditional para-
metric model. The formulation is related to the procedure of locally weighted regression
[20, 21, 22], where the function g in the regression model (5) is now a smooth function, esti-
mated by fitting a polynomial of the dependent variables to the response. By extending the
weights in the linear combination model in (6) to be function of some external variables, a
new method of combining forecasts is introduced, the so-called Conditional Weighted Com-
bination (CWC). In the following analysis the weight restriction in (3) is implemented in
the CWC model. Notations similar to those employed above are also used here. However,
the mathematical framework of CWC may be seen as generic and employed for forecast
combination in other applications than wind power prediction.

When using a conditional parametric model to describe the response y;, the explanatory
variables are divided in two groups. In the case of combining forecasts, the group of indi-
vidual forecasts enter globally as in the linear regression model, while the weights depend
on some other group of variables, u;, . In practise will u,,; denote a group of forecasted
variables. The combination model in (6) hence becomes

Yirn = ’w(ut+h)T17f+h|t + €ct+h, (8)

where w(u,; ) is a vector of coefficient functions to be estimated at time ¢ + h, and e. ;1
is as described in (2). The dimension of ¥ Lhpe €AN be quite large, but for practical pur-
poses the dimension of u;,, must be low [23]. The weight functions are estimated at a
number of distinct fitting points by locally approximating these functions using polyno-
mials, and then fitting the resulting linear model locally to each of these points. Let u
denote a particular fitting point and p,(u;y;) be a column vector of terms in the corre-
sponding d*" order polynomial evaluated at u. The order of the polynomial can be different
for the elements in the vector w(u;;). Furthermore, we have the k& —1 individual forecasts,

o~ [k Lo T
Yeine = [yl,tJrh\t’ ’ykfl,t+h|t] , then

T T T
Zipn = [@T,Hmtpd (Wern)s Ukt prnpPd (Wern)| )

67 (w) = o] (u), -l (w)] (10)

where the terms in ¢(u) are column vectors of local coefficients at u, corresponding to the
terms in z,,,. The linear model y;,, = 2., ¢(u) + .14 is then fitted locally at v using
weighted least squares:

o~

N
Hu) = axgmin S~ gu(w) (37 = 6(w) v
woot=1

with N being the number of available observations [20]. The weights 3, (u;) are assigned
by using the tri-cube function [21, 23].



The it" element of the weighting vector w(u) is then estimated as
@;(u) = pj (w)pi(u) (12)

where $i(u) is the weighted least squares estimate of ¢»;(u). The procedure described above
is identified as an offline procedure, since a given set of data is used for the estimation.
The coefficients depend on the values of the meteorological forecasts exclusively where
no time-variation is considered. When considering potential long-term variations in the
coefficients, it is possible to track adaptively such coefficients with methods similar to that
proposed in Nielsen et al. [24]. This possibility is not, however, considered in this paper.

Application Results

So far the mathematical framework for combining forecasts has been introduced, with the
introduction of a new approach allowing for conditional weighted combination (CWC) of
wind power production forecasts. In the following, CWC’s of two individual forecasts are
considered, for which the external variables are selected from the available predicted vari-
ables of one considered meteorological forecasting system. The test case and available data
are introduced in a first stage, followed by a detailed description of the study performed
to select the external variables to be used in the CWC scheme, and to identify the model.
Actually, the study on forecast combination of wind power predictions detailed in Nielsen
et al. [16] is based on the same data. In that study the combination weighted is not con-
ditional, but depends on the bias of the individual forecasts and the variance-covariance
matrix for the individual forecast errors.

Description of the Case Study

Power predictions are produced using WPPT (Wind Power Prediction Tool [25]) for the
Klim wind farm, which is a 21MW wind farm located in north-western Jutland, Denmark.
The data is available in two separate data sets: one data set includes the wind power
predictions and corresponding wind power measurements, and the second data set consists
of meteorological forecasts to be used as the external variables in the CWC procedure, cf.
Figure 1. A more detailed description of the data is given below:

1. Using three meteorological forecasts, WPPT is used to generate a forecast of the wind
power for each meteorological forecast. In the first data set the three wind power
forecasts are listed along with the corresponding measured power production. The
meteorological forecasts for WPPT are provided from three different global meteo-
rological systems. First are predictions from the meteorological system Deutscher
Wetterdienst, second are predictions from the HIRLAM model of the Danish Mete-
orological Institute [26], third there are predictions from WPPT when using meteo-
rological forecasts based on MM5 modelling [27] and GF'S (Global Forecast System)
from the National Centers for Environmental Predictions, in the USA. Furthermore,
the MMS5 forecasts were prepared for WPPT by CENER, the National Renewable En-
ergies Centre, in Spain, see for instance Villanueva and Marti [28]. In the following
study the individual wind power forecasts will be abbreviated DWD, HIR and MMS5,



respectively. Even though the three different sets of forecasts are based on different
meteorological data, they are highly correlated.

2. The second data set consists of meteorological forecasts from the Danish Meteorolog-
ical Institute forecasting system HIRLAM. The objective is to generate a conditional
weighted model for the combined forecast, where the weights depend on one or sev-
eral of the available forecast variables. For each of four different pressure levels in
the atmosphere, the variables included are wind speed, wind direction and turbulent
kinetic energy, along with air density, friction velocity and radiation. The wind speed
and wind direction at 10 meters above ground level also available as forecast vari-
ables, but are already used as input in WPPT for providing the power predictions
for HIRLAM and, therefore, of less importance in the analysis. Correlation is strong
among wind speed variables, and for the various wind direction and turbulent kinetic
energy variables. As a consequence, only one variable in each group is considered in
the study.

Both data sets contain forecasts provided at midnight, denoted as 00Z in the figures, with
an hourly temporal resolution up to 24 hours ahead. All variables span the period February
2nd 2003 to December 274 2003, which in total gives 7272 data points for each variable in
the data sets.

The individual wind power forecasts are investigated to see if the conclusion drawn from
the combination improves the individual predictions for certain. The RMSE values using
the competing meteorological forecasts for horizons up to 24 hours are depicted in Figure
2a. It is clear that the RMSE for all three cases increases with larger prediction horizons.
MMS5 is the least accurate forecast, while HIR is the best prediction. DWD appears to be
somewhere in between, though closer to HIR. From the figure it could be assumed that
combining the two best performing forecasts would result in the most adequate combina-
tion. Figure 2b shows that the correlation between the individual forecasts is rather high,
around 0.6. Further, it can be seen that the correlation with the HIR forecast is roughly the
same for all prediction horizons, while the lowest correlation appears to be that between
the DWD and MM5 wind power forecasts.

Figure 2 is approx. here

Results and Discussion

With the available data for this study, the weights in the combined forecasts are consid-
ered as weight functions being dependent on possibly any of the two available meteorolog-
ical forecasts, then serving as explanatory variables [29]. Selection in Thordarson [29] is
performed through data analysis with coplots, employed in combination with conditionally
parametric fits [30]. By doing so, any relation of a weight in the combined forecast with any
two meteorological forecast variables can simultaneously be studied and demonstrated. An
available meteorological forecast is selected and partitioned in several bins, and for each
of the bins the weights in the combination are smoothed regarding some other available
meteorological forecast (with a conditionally parametric fit). The study reveals that of the



available forecasts, the two most adequately influencing weights in the combination are
air density and turbulent kinetic energy.

In a first stage, Figure 3 depicts coplots with the DWD weights as the response variable
(wy), while air density (u.4) and turbulent kinetic energy (u;.) are seen as the explanatory
variables. For both Figures 3a and 3b the partitioned variable has its lowest values in
the lower left panel and, first, increases to the right and, then, upwards. The partitioning
is performed so that there is the same number of data points in each of the bins. For
each fraction of the partitioned variable, the panels show the distribution of a combination
weight as a function of the second external variable. The fitted line in each panel is the
local regression for the cloud of data points.

In Figure 3a uy. is partitioned. This figure shows how the slope of the local fit between
weights and u,q decreases with higher values in w;., as well as the variance of the weights.
For low values in u. (bottom row of panels) little or no change in slope occurs, but that
is due to the density of the variable for low values. When the turbulent kinetic energy
increases, first the intermediate panels show some shifting in slope of the local fit, around
uqq =1270, and then the slope approaches zero as seen in the top row of Figure 3a. The dis-
tribution of the points in each panel also shows how the response spreads with increasing
Uqq, but the distribution is reduced with increasing u;... By partitioning the air density
and fitting the weights to the 4™ root of w. (Figure 3b) the local regression appears to be
constant for almost all panels. Closer inspection of the fit reveals that the smoothed line
shifts upwards with increasing air density. The top row of panels also show that the fit
has a negative slope before it forms a concave curvature. The data points in the panels
verify the distribution of the weights with increasing air density, while the variance of w;
is constant with changes in ;. within the panels.

Figure 3 is approx. here

In conclusion there seems to be coherency between forecasted values of u,y and w.,
and the DWD weights. The u,; and uy.. forecasts from DWD are therefore used as external
variables for the CWC model. The combination forecast is then expressed as

/y\c,t+h|t = p(Uad, Utke) + W1 (Uad, Utke)ﬂl,tJrh\t + w2 (tad, utke)/y\Q,t—i—hhﬁ (13)

Using the constraint for forecast coefficients as introduced in (4), the above equation can
be rewritten as

/y\:,t-f-h“ — ,Uf(uada utk@) + w1 (uad> utk‘e)@\it-i-h‘t (14)

The scatterplot of u,; and us,. makes a basis for the weight estimation in (13) but ob-
serving the u,4-usr. plane in Figure 4a reveals that the meteorological data does not cover
the whole plane. The u;. forecasts are more densely distributed for low values, while the
u,q forecasts are closer to being Gaussian distributed. This implies that for high values
of us. and either low or high values of u,4, very few values exist. The area where the
weights have some valid estimation on the u,4-us. plane is thus defined as the area below
the dashed lines in Figure 4a.

Figure 4b shows the time series for the two DWD meteorological forecast variables of
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interest. Air density is known to be inversely related to air temperature. Figure 4b is
indeed an illustration of this effect, since air density is high through the colder months of
the year but decreases during the summer period. In contrast, turbulent kinetic energy
is not found to be correlated with any of the other available meteorological variables. It
varies through the entire period, although less at both tails of the data set, indicating
reduced variation over the winter period. Turbulent kinetic energy is a variable used to
study turbulence and its evolution in the atmospheric boundary layer. When the boundary
layer becomes stable, turbulent kinetic energy is suppressed. The time series plot shows
that layers of air in the atmosphere are more stable over the winter period.

Figure 4 is approx. here

Weights for all three possible combinations of two individual forecasts, are examined on
the uqq-uske plane. Only one weight from each combination is displayed since the weights
are restricted to sum to one. The local polynomials for the two weight functions are consid-
ered to be of zero and of first order for ;1 and wy, respectively. From (12), the local models
for the weight functions are then

1(Uad, Uike) = [, (15)

W1 (Ugd, Utke) = W10 + W11Uad + W12Utke (16)

where the parameters are estimated with the weighted least squares method in (11). In-
serting the local models directly into the restricted linear combination model in (14) would
then make our combination model equivalent to the following linear model

Sk sk Sk sk
Yetrnjt = H T W10Y1 gy e T W1lUadY1 t4p)e T W12UtheY1 14 n)t a7

Combining wind power forecasts as in (17) indicates that the weights are linearly de-
pendent on the forecasts of the two meteorological variables considered, i.e. air density
and turbulent kinetic energy. If such an equivalent linear model were then considered,
the parameters u, wig, wi; and wis would be estimated as constant terms, independent
from the meteorological variables. In contrast, for our proposed combination scheme, the
weights are allowed to be unknown general functions of the meteorological variables, and
by smoothing the weights over the wu,4-us. plane, the surface plots in Figure 5 are obtained.
Since we only consider the combination of 2 forecasts, and the weights are constrained to
sum to one, the weight surfaces in this figure represent the relative importance given to
either one or the other constituent wind power forecast, depending on the forecast value of
air density and turbulent kinetic energy. Figure 5 shows that the weights (w;) on DWD,
when combined with HIR or MM5, appear to have similar surfaces. For low values of
Uske, the DWD weights become larger as u,, increases, but for higher values of turbulent
kinetic energy the weights are reduced with progressing air density. Hence this defines
zones where wind power predictions from DWD meteorological forecasts are more or less
to be trusted in comparison with those based on HIR and MM5 meteorological forecasts.
In parallel, the behavior of the HIR weight when combined with MM5 is more challeng-
ing to interpret. There is some fluctuation for the low values of u;., but with increasing
turbulent kinetic energy the surfaces’ variation is reduced. It can also be seen that the



share of the HIR forecasts is higher in the combination for larger values of turbulent ki-
netic energy. Finally, the surfaces for the intercepts are similar where low u,. implies high
negative value for the intercept, but with increasing us.. the intercepts increase as well.
The intercepts depending on u,; show some kind of bell-shaped structure where the high
and low values of air density imply low value for the intercept, but around mean u,4 the
intercept is at its maximum.

Figure 5 is approx. here ——— ‘

Considering two meteorological forecasts to fit the weights in the CWC model gives
rather smooth surfaces, especially for the weight in the DWD/HIR combination (Figure
5b). For minimum turbulent kinetic energy, the weight appears to increases linearly with
increase in air density, with some relative slope and intercept. However, with increasing
uske this linear relation is maintained, but the slope is reduced and the intercept is shifted
upwards. Thus, to simplify the CWC model further the shape of the surface for w; in the
DWD/HIR combination is merged into the model. From now on, let us only focus on the
DWD weight in the DWD/HIR combination in order to study how the combination scheme
could be further enhanced.

From Figure 5b it can be concluded that there is a linear relationship between the
weight and air density, where both intercept and slope are functions of the turbulent kinetic
energy, i.e.

w1 (uad> utke) = V10 (utke) + Ull(utke)uada (18)

where vg and vy; are the intercept and the slope, respectively. The plot shows that for
increase in u. the intercept increases as well, but the slope decreases and becomes neg-
ative for u. higher than 8000. Figure 5a is a surface plot of corresponding intercept in
(14), but it shows a wave-like behavior for low values of ;. around the mean value of u,,
which is challenging to interpret. However, the influence of the variance of the intercept
can be appraised by comparing the terms of the CWC model in (14), i.e. the variance of the
intercept is compared to the product of the forecast weight and the forecast. A comparison
of the diagonal terms in the covariance matrix for the product terms in the model shows
that the second term in (14) is much greater than the first term. This indicates that the
intercept term does not have much influence in the combination [29].

By omitting the deep valley on the surface of the intercept, the relationship between
the weight and the air density appears to be a bell-shaped function which fades out with
increasing wu.. Such a function is difficult to formulate, and its implementation in the
model would give a complicated interpretation. The naive assumption is that u,4 does not
affect the intercept but the intercept is a function of w;., such as

,U'(uada utke) = UO(utke)~ 19)

This assumption might be a bit crude but will make it easier to integrate the proposed

10



functions from (18) and (19) into the conditional weighted model. This finally gives

Yerrne = vo(utke) + [V10(tke) + vi1 (Utke ) Uad] U1 44 ppt
= vo(Utke) + V10 (Uthe) YT 14 npe + V11 (Utke) YT ¢ 1)1 Uad (20)

= v (Utke) + V10 (Uike) 21 + V11 (Ushe) 22

where z; = @*{’Hh‘t and zp = @it%“uad. The model in (20) is a CWC model where the
coefficients only depend on one unknown variable instead of two, namely the turbulent
kinetic energy. Figure 6 shows how the weights in (20) change with wu.. The same valley
appears for the intercept, i.e. as in Figure 5a, and the same test is performed as before to
estimate sufficiency of the variance of the intercept. The diagonal elements of the matrix
reveal that the variance of the intercept is only a fraction of the other variances, and,
therefore, the valley at u;. of around 3000 can be neglected. The opposite behavior of the
parameters vig and vq; is not surprising since they form the weight in the original model
(14). From Figure 6 it can be assumed that the parameters, vig and v,1, are linear functions
of us. which changes slope when wy. is approximately 9000.

Figure 6 is approx. here

In a last stage, the quality of the forecasts obtained from the combination methods
is investigated using the RMSE criterion. For a discussion on error measures in wind
power forecasting, we refer to Madsen et al. [12]. First; if comparing the forecast accuracy
of combined forecasts with that of the individual forecasts in Figure 2a, it is clear that
forecast combination leads to a significant decrease in RMSE. Notice that combinations
involving the least accurate forecasts (that is, MM5) are as good as those involving the most
accurate ones (DWD and HIR). This shows that one should not just pick the most accurate
predictions as input for combination, since their correlation may also have an impact on
the quality of the combined forecasts. This point is further discussed in Nielsen et al.
[16]. Second; in Figure 7a the CWC forecasts are compared to the LS-combination, for the
three combinations of the two forecasts considered. For the shorter prediction horizons the
CWC method performs similar to the LS method. However, for the intermediate and larger
prediction horizons the CWC method outperforms the LS predictions. The improvement of
applying the CWC is displayed in Figure 7b in percentages. It shows how the LS model
is performing better for the first five to nine horizons, but for the intermediate horizons
CWC outperforms LS by up six percent for the HIR/MMS5 combination and four percent
for DWD/HIR and DWD/MMS5. For the larger horizons the improvement is reduced for all
combinations, but still in favor of the CWC method. On average, the performance of CWC is
1% better then the LS combination, but considering only prediction horizons larger than 8
hours ahead this improvement is closer to 2%. By looking at each combination, the average
prediction horizon in DWD/HIR, DWD/MM5 and HIR/MM5 shows improvement of 0.9%,
2.1% and 2.5%, respectively. The performance of the alternative CWC proposed in (20) (i.e.
weights depending on only one external variable, but with an adapted model structure)
for the specific case of the DWD/HIR combination is also depicted in Figure 7 (denoted as
CWC.1 in the legend of the Figure). It appears to be approaching the performance of the
LS combination method (in terms of NRMSE) with a slight improvement.
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Figure 7 is approx. here

The results show that a first impression of the introduced CWC model is capable of
improving a linear model for combining forecasts in all three combinations. The advantage
of the new method over the classical approach is obvious, even though the results appear
to be marginal. Conditioning the weights on the meteorological forecasts establish a new
scheme for combining forecasts that can easily be extended, such that further improvement
is achieved.

Conclusions

The combination of wind power forecasts, when several meteorological forecasts are avail-
able, is known to lead to an increase in forecast accuracy. This has also been confirmed
by the analysis in the present paper. Various methods for combining forecasts have been
presented with the classical linear regression model as a basis. This particular model has
been thoroughly described, in its form including a constant term and a weight restriction,
and for both offline and online cases. It has been shown that not considering a constant
term to account for bias in the combination model may lead to a loss of forecast accuracy.
Therefore, our advice for future developments related to combining wind power forecasts
is to always account for this bias term.

In addition, an original proposal in this paper is to replace the constant weights tra-
ditionally found in combination schemes with weights that are nonparametric functions
of some external variables. This new combination scheme is referred to as Conditional
Weighted Combination (CWC). The weight functions are estimated using local polynomial
regression. For wind power prediction, the combination scheme can then be made con-
ditional on the evolution of some meteorological variables. This goes along with an idea
originally proposed in Lange et al. [10] which consists of a forecast combination, condi-
tioned to the prevailing weather situation. Here, our alternative proposal is to consider
that forecasts of certain meteorological variables may directly be used to determine the
weights in the combination of several wind power predictions.

A study of available forecasts of meteorological variables showed that forecasts of air
density and turbulent kinetic energy are relevant candidates for conditioning forecast com-
binations. It is not possible to generalize application of these two variables to other wind
farms, located in different terrains and subject to different wind climatologies. However,
the proposed methodology can be employed for other wind farms to determine which fore-
casts of meteorological variables may be considered for conditioning a wind power forecast
combination scheme. As a consequence, perspectives regarding future work must obviously
include applications of the proposed conditional weighted combination scheme to other test
cases, i.e. to wind farms located in regions with different climates, and for which a variety
of meteorological forecasts are used as input to wind power prediction. This may permit
validation of the importance of employing air density and turbulent kinetic energy as ex-
ternal variables in the combination scheme in general. In parallel, this may reveal the
interest of considering different external variables depending on local wind climatologies,
or on the type of meteorological forecasts employed.

From a mathematical point of view, the method proposed to estimate the weight func-
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tions in the CWC model should be made (time-) adaptive, by employing some recursive
formulation of the problem, and exponential forgetting of past observations. A method
similar to that described in Nielsen et al. [24] could be applied for this purpose. This
would certainly further improve the forecast accuracy of the combined forecasts. Finally,
emphasis should be put on providing uncertainty information along with combined fore-
casts. Even if forecast uncertainty is reduced by employing forecast combination schemes,
the characteristics of the uncertainty in the combined forecasts obtained is also becoming
more complex. This is due to the fact that overall uncertainty is then driven by an evolv-
ing weighting of the situation-specific uncertainty of each individual wind power forecasts
used as input. Relevant nonparametric methods taking the aspects into account will be
the focus of further studies.
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Figure 1: Block diagram of the process of combining wind power forecasts. To the left of the
dashed line the flow for combining wind power forecasts (individual forecasts abbreviated
WPF in diagram) is described, while the right side shows the model for the weights with

the MET forecasts as input.
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Figure 2: Comparison between the individual wind power forecasts available for the study.
Left: Performance comparison between the individual forecasts used in the study. Hirlam
forecast is the best, but MM5 the worst. Right: Correlation between any possible combina-
tion of two individual forecasts. the correlations are similar, though obviously the lowest
for DWD/MMJ5 combination.
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variables. Left: The relation between variables shows that main part of the data points
have low values for u;., whilst u,q appears to be normal distributed. Right: The time
series for uy,. varies extremely during the warmer months, while u,, is quite stable and
has higher values during the cold period than in the summer period.
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Figure 7: Comparison of the methods for all 24 prediction horizons. Overall, the CWC
method is outperforming the LS-method, especially for the prediction horizons larger than
8 hours. The simplified CWC model (CWC.1) shows very limited improvement over the
corresponding LS model.
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