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1 Introduction

Several European countries witness substantially increasing wind power integration in their energy mix. For some
of the power systems, such as that of Denmark, wind power generation was seen to reach more than 100% of total
power consumption for some hours over the year. Some other systems may encounter this type of situation in the
coming years since wind energy is the fastest growing renewable energy source in the world: the total installed
capacity has increased from 10 GW in 1998 to 158 GW in 2009'.

The variable and hardly-predictable nature of the wind resource causes several difficulties in the operation and
management of the power systems. Short-term forecasts of wind generation for the next minutes and up to 2 or
3 days ahead can facilitate the management of power systems by operators. Wind power forecasts are useful as
input to various management tasks, like the dynamic quantification of reserves [1] or the optimization of combined
wind-hydro power plant scheduling [2] for instance. They also turn out to be valuable when incorporated in bidding
strategies for participating at electricity markets, see e.g. [3, 4]. Representative extensive reviews of the state of
the art in wind power forecasting are given in [5-7].

The increasingly large number of wind farms in a country such as Denmark is challenging for the network man-
agement. However, it also yields a dense network of real time observations of the state of the atmosphere at low
altitude. A single wind farm power measurement is far from being as relevant as a good calibrated meteorological
station, but the 15 minutes resolution of the SCADA system and the number of wind power measurement in a
country such as Denmark, contains substantially more information than the few meteorological stations that exist
with 3 hourly data. One should recognize that the absence of meteorological information at this temporal and
spatial scale is also related to the complexity that would arise from trying to resolve the whole physical process at
this temporal scale. Also, any treatment of this large amount of data for explanatory or predictive purpose can only
be a simplified approach of statistical nature.

In operational conditions, state-of-the-art forecasting methods of wind power generation are commonly optimized
with focus on the wind farm (or aggregation of wind farms) of interest. So far, they do not account for potential
information from neighboring sites, for example other wind farms or meteorological stations. With a broader
view of the forecasting problem, one could account for the possibility that, even though forecasting systems are
optimized for local conditions, the inertia in meteorological systems might have the effect that a wind power
forecast error at a certain point in space and time could propagate to other locations during the following period.
Therefore, in view of the significant installed capacities of wind power installed all over Europe today, analysis
and understanding of the spatio-temporal characteristics of wind power forecast errors are of major importance.
Indeed, errors in meteorological forecasts might translate to fronts of imbalances, taking the form of a band of
forecast errors propagating across entire regions. Studies on the spatio-temporal characteristics of wind fields have
already been deemed as highly informative for judging the adequacy of available generation and potential reserves
in the UK for instance [8]. Regarding wind power forecasting errors, a relevant analysis of the spatial smoothing
effect (related to the analysis of the correlation of forecast errors at the spatial level only) has been performed
by Focken et al. [9] for the specific case of Germany. However, such an analysis does not provide information
on how spatial patterns in forecast errors (or of smaller/larger forecast uncertainty) may evolve in space and time.
Potential benefits of spatio-temporal analysis and associated modelling of forecast errors include global corrections
of wind power forecasts, associated increased knowledge of the interdependence structure of forecast uncertainty,
and correspondingly improved decision-making from the forecasts available. This may concern both wind power
producers with a geographically spread portfolio, and Transmission System Operators (TSOs) managing a grid
with significant wind penetration. Better understanding of spatio-temporal dependencies may also be beneficial at
the planning stage, for the optimal dispatch of wind farms in order to improve the predictability of wind generation
at regional level.

This report can be seen as inlcuding two major parts, the first ones placing emphasis on the modeling and forecast-
ing of spatio-temporal effects for wind power generation aggregated in various connected zones (Sections 2-5),

Thttp://www.ewea.org
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while the second concentrates on the the case of considering all detailed locations at which wind power generation
is observed (Sections 6-10). In both cases, the importance of meteorological conditions in the displacement of
forecast errors is underlined, even though the modeling approaches and underlying analyses are fairly different.
The report ends with conclusions in Section 11, as well as perspectives for future work.

2 Data for an analysis of aggregated power generation

Owing to its already significant share of wind generation in the electricity mix as well as very ambitious objectives
in the medium term, focus is given to the test case of Denmark. Denmark has set the goal to meet 50% of electricity
demand with wind energy in 2025 [10], and this will clearly result in challenges related to the management of the
grid. More precisely, the case study for the first part of this report relates to western Denmark, including the
Jutland peninsula and the island of Funen, which is connected to the UCTE (Union for the Co-ordination of
Transmission of Electricity) system and stands for around 70% of the entire wind power capacity installed in
Denmark. Another reason for the choice of this test case is that operational developments and application of wind
power forecasting systems started here in around 1994 [11], and it is common practice today to have forecasts of
wind power production at different spatial resolutions and at a state-of-the-art level of accuracy.

The work covered in the following few sections is based on power forecasts for groups of wind turbines spread
throughout the western part of Denmark. Two data sets have been considered:

e 5 group dataset. First seven month of 2004. Used for the first study documented in [12] and described in
Section 3. These groups are for limited numbers of turbines over Western Denmark;

e 15 group dataset. 1. January, 2006 to the 24. October, 2007. Used for the Safewind study documented
in [13, 14] and described in Section 4. These groups are for all turbines in Western Denmark, except for
offshore wind capacities. This is illustrated in Figure 1.

The power forecasts were generated based on a model similar to the Wind Power Prediction Tool (WPPT) [15, 16].
The forecasts have a temporal resolution of one hour and up to a 48-hour lead time.

The forecasts are based on power measurements at the wind farms, as well as meteorological forecasts. These
are provided by the Danish Meteorological Institute and issued every six hours. They have an hourly temporal
resolution up to 48 hours ahead. Only wind forecasts at 10 m above ground level were considered here since
they are the input used by WPPT. The meteorological forecast are also considered as input to some of the spatio-
temporal prediction models.

It is not the power forecasts themselve that are studied but their corresponding errors. Forecast errors are commonly
defined as the difference between power measurements and forecasts, subsequently normalized by the installed
wind power, following the framework described in [17]. Only one-hour-ahead forecast errors are considered in the
study which are deemed suitable for the scale of Denmark.

3 Characterization of the spatio-temporal dynamics of aggregated of fore-
cast errors

This section reviews the findings of Tastu et al. [12]. The work were not directly performed in the frame of
Safewind, though they serve as the basis for the spatio-temporal prediction model described in the next sections.
The analysis in [12] clearly ndicates that there is something to be gained utilizing the spatio-temporal structure
and metereological dependencies in the forecast error. In [12] Western Denmark was grouped into five groups for
simplicity.
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FIGURE 1: Map of Western Denmark, with the division of all wind power capacities into 15 groups.

3.1 Cross-correlation between groups

Figure 2 shows the cross-correlation function (CCF) for the groups denoted 5 and 1 in the study. Group 5 corre-
sponds to Funen (center of Denmark) and group 1 south western Jutland (Western Denmark). The CCF shows that
the forecast errors observed for group 5 are correlated with past forecast errors witnessed for group 1.

This is the general picture seen for various combination of groups. This is a clear indication that the forecasts can
be improved by taking advantage of the cross-correlation structure.

3.2 Dependency on metereological conditions

It is natural to assume that some metereological conditions give rise to higher cross-correlation between some
groups than for some others. In [12] the dependency on wind speed and wind direction was analyzed. Table 1
shows how the correlation between group 5 and 1 depends on the wind direction. The wind direction is grouped
into 4 intervals. It is seen that the highest correlation is experienced with westerly winds which is the most
dominating wind condition in Denmark.

Table 3 shows how the CCF of group 5 and 1 depends on the wind speed. The wind speed is divided into 5
intervals. Although a clear dependency is seen in the plot is should be noted that some of the intervals contain
rather limited data points. The plot indicates that the cross-correlation between the groups increases with the wind
speed.

In the work of [12] a first step study on various prediction models were examined. This comprises linear models,
regime-switching and conditional parametric models. In general it was seen that performance of the forecasts were
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FIGURE 2: CCF for the Groups 5 and 1. Dotted lines show 95% confidence intervals under the assumption of independence.
Values outside of such intervals can be considered as significant correlation. .

TABLE 1: Directional correlation for Groups 5 and 1, for lags ranging from 0 to 5 hours.

lag regime

(0-90]  (90-180] (180-270] (270-360]
0.0457  0.1472 0.2240 0.1580
0.0499  0.2856 0.3597 0.2361
0.0672  0.3103 0.4213 0.2219
0.0358  0.1810 0.3218 0.1542
-0.0166  0.0985 0.2193 0.0519
0.0115  0.1130 0.1347 -0.0099

N W —=O

improved (measured in RMSE) by accounting for the meteorological conditions such as direction and wind speed.

4 Spatio-temporal correction of forecasts for aggregated wind power gen-
eration

In the scope of the Safewind project it has been the aim to derive a prediction model that could be made operational.
More specifically it should capture the dominant spatio-temporal characteristics as seen in the analysis and deal
with an arbitrary grouping of Denmark in a multi-dimensional approach. The CP-VAR model fulfills these criteria
with a level of complexity making it suitable for implementation.
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FIGURE 3: Cross-correlation between forecast errors for Groups 5 and 1 and for the wind sector (180,270]. Cross correlation
is given for different wind speed levels, and as a function of the lag.

4.1 The CP-VAR model

Conditional parametric autoregressive models comprise a class of models with a linear structure (like a Vector
AutoRegressive model (VAR), for instance), but for which the coefficients are replaced by smooth functions of
other variables, i.e.

p
Wi = ZAi(zt)Wt—i + €. (1)

i=1

If A does not depend on any parameters the model simplifies to a standard VAR model. It can be fitted to data
in a straightforward manner, with w; being a vector of dimension [m x 1] showing wind power forecast errors at
m groups of wind farms (m = 15 when considering the laregr dataset) obtained for time ¢, ¢t = 1,..., N, z; is
a vector of dimension [1 X [] representing a signal obtained at time ¢ which conditions model coefficients A. If
assumed that A; depends on average forecasted wind direction for time ¢ (wd;), then [ = 1 and z; = wd;. If A;
is conditioned on both average wind speed and direction, then | = 2 and z; = [wd;, ws;], where ws; denotes an
average forecasted wind speed for m groups of wind farms.

The results from CP-VAR models with respect to both wind speed and direction forecasts will not be presented and
discussed in this work, as they did not show any improvement in terms of forecast RMSE compared to a model
conditioned on the forecasted wind direction only. For similar reasons it was decided to present only the results
for the CP-VAR model with p = 1. This model will be referred to as CP-VAR in the following. If using model (1)
for a forecasting application, the one-step-ahead forecast at time ¢ (denoted as W, ;) will be given by

p—1
Wt+1|t = ZAi,t(Zt)Wtﬂ' )
i=0
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where AM is the estimate of A; evaluated at time ¢. Details of estimation approaches for these models are
described in [13] and references therein.

As mentioned above a spatially averaged wind is considered for describing the metereological conditions. By
spatial average we understand a global average of the wind field over Denmark. Using the global average simplifies
the problem and has shown to be a robust approach. This is discussed further in Section 4.3.

4.2 Assessment of the point forecasts

Since after installation of the models some time is needed for parameter values to settle, in this work it was decided
to disregard the first 5000 data points (approximately 30% of the data) in the evaluation step for both point forecast
and probabilistic forecast assessments. The objective of this section is to illustrate and analyze the ability of
the presented models to capture the spatio-temporal characteristics of wind power forecast errors, as well as the
effects of forecasted wind direction on those characteristics. The forecasted errors are added to the original WPPT
predictions to get the adjusted forecast based on spatio-temporal dependencies. The accuracy of such corrected
forecasts is compared to that of original WPPT forecasts based on the RMSE criterion.

Comparison is made between:

1. The RMSE of the original WPPT forecast, i.e. estimate of the errors from the state-of-the-art wind power
forecasting system, without accounting for the spatio-temporal characteristics.

2. The RMSE of VAR model based predictions, i.e. estimate of the errors resulting from the corrected forecast
based on linear spatio-temporal patterns without considering the effects of meteorological conditions.

3. The RMSE of the CP-VAR model (1) based predictions, i.e. estimate of the errors resulting from the cor-
rected forecast based on spatio-temporal patterns with consideration of the effects of the average forecasted
wind direction.

Results are presented in Table 2. For each of the models, RMSE estimates are given for all the 15 groups together
with the estimates of the error reduction in terms of the RMSE. The reduction in RMSE (denoted as ARMSE) is
given as a percentage decrease in RMSE in comparison to the RMSE of the WPPT forecast for each group. It is
seen that accounting for the spatio-temporal characteristics (VAR model) results in a reduction in RMSE for all
the groups. The CP-VAR model outperforms VAR and this proves that the forecasted wind direction influences the
spatio-temporal patterns and taking it into consideration in the model permits more accurate predictions.

Figure 4 shows the distribution of ARMSE resulting from the CP-VAR model through the considered geographical
area. One can note that the larger improvements correspond to the eastern part of the region. This is in line with the
fact that in Denmark the prevailing wind direction is westerly, so the easterly located groups are usually situated
”down-wind” from the rest of the region. Therefore the spatio-temporal models show better predictive performance
on the eastern part of the region as the information propagates following the wind direction. An interesting point
to mention is that for Group 9 the observed improvement in the RMSE (4.08%) is not as large as for the other
surrounding groups. This could be explained by the fact that Group 9, in contrast to the rest of the groups, is
situated off the mainland. Therefore it is very likely that the dynamics of Group 9 are different from the rest of the
groups.

4.3 Global averaged wind versus local averaged wind

In the CP-VAR model (equation 1) the global averaged wind direction (wind direction averaged over Denmark)
was used as the conditional parameter. This was done under the hypothesis that the wind field over Denmark is
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Group WPPT VAR CP-VAR
RMSE [%] || RMSE [%] | ARMSE [%] || RMSE[%] | A RMSE [%]
1 3.32 3.11 6.40 3.08 7.32
2 2.98 2.88 3.13 2.81 5.62
3 3.39 2.99 11.77 2.87 15.22
4 3.29 2.83 13.98 2.76 16.13
5 3.15 3.06 2.65 3.01 4.39
6 3.27 2.92 10.82 2.83 13.31
7 3.53 3.01 14.69 2.92 17.09
8 293 2.47 15.45 2.39 18.46
9 3.34 3.22 3.46 3.20 4.08
10 3.58 3.45 3.60 3.39 5.31
11 3.29 2.83 14.18 2.72 17.26
12 3.21 2.75 14.38 2.66 17.22
13 297 2.63 11.63 2.57 13.41
14 3.77 3.64 3.50 3.58 4.94
15 3.49 3.11 10.76 3.01 13.67

TABLE 2: Evaluation of the forecast performance of the various models in terms of the RMSE.

FIGURE 4: Predictive performance of the CP-VAR model in terms of a percentage reduction in the RMSE (ARMSE) of the
forecast errors. (Produced using http://maps.google.dk/)

sufficiently homogenious with good results. In the work described in [14] it was examined if the prediction error
could be reduced even more by considering locally averaged wind directions. By locally averaged wind direction
we understand the average wind direction between pairs of zones. The resulting model has the structure:

ai,n(ln) ai,lm(zmm)
wy =%, : : Wi 1+ € 3

K3

ai,ml(znl) e ai,mm(zmm)

10
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As illustrated every coefficient of the prediction model is condition to a “local” parameter. In this work z;; = wd;;
are the locally averaged wind directions. For simplicity the order of the model was set to p = 1.

In [14] is was seen that no improvement measured in Root Mean Squared Error (RMSE) was gained using the local
averaged wind. In fact the CP-VAR model with global averaged wind direction seems more robust resulting in a
slightly better prediction of the forecast errors than. This indicates that the globally averaged wind is sufficient for
the scale of Denmark and there is no need to introduce the additional complexity of locally averaged wind. This
could be explained by the fact that the wind field is very homogeneous in Denmark (80% of the wind dataset is
located under a variance of 0.2.

5 Probabilistic Forecasts

Besides providing improved point forecasts of the groups focus has also been on providing probabilistic knowledge
of the improved point forecasts. In order to build such probabilistic forecasts for the prediction errors, a parametric
approach employing a truncated MultiVariate Normal distribution (MVN) is used [18].

5.1 Truncated multivarite Normal distributions

Briefly, the assumption is that:
Wi~ NE (Wiji1, 3(20)) “

where w|;_; denotes the mean of the distribution, which is assumed to be equal to the point forecast of the wind
power forecast errors obtained from (2). The parameters b; and a; are vectors of the dimension [m x 1] denoting
upper and lower truncation limits of the distribution. The need to truncate the distribution arises from the fact that
standardized wind power predictions issued by WPPT for time ¢ (denoted by pp¢) lie between 0 and 1, since one
cannot obtain negative power as well as a quantity larger than a nominal capacity. Therefore the errors of the power
predictions are also bounded:

by =1-pp, a;=—pp; ©)

3i(z¢) is a covariance matrix of the distribution which is conditional on the external signal z; which in this case
equals an average forecasted wind direction at time ¢. Estimation is performed in a recursive adaptive way, similar
to the framework of estimation in CP-VAR models. Further details can be found in [13].

5.2 Assessment of the probabilistic forecasts

A primary requirement for probabilistic forecasts relates to their calibration, which corresponds to the statistical
consistency between the probabilistic forecasts and the observations [19]. In the univariate case, calibration can
be verified using the Probability Integral Transform (PIT). In the ideal situation, i.e. if the observations were
drawn from the predictive distribution, the PIT would have a uniform distribution on the unit interval [0, 1] [19].
Therefore, in order to assess calibration for a univariate case, one can plot a PIT histogram and check for its
uniformity. Assessing probabilistic forecasts of multivariate quantities is more complex. Some of the tools are
presented in [20]. Since in this work 15-dimensional data having a truncated distribution with varying parameters
is analyzed, the implementation and evaluation of genuinely multivariate approaches presented in [20] become
troublesome. Instead, as the first step, the adequacy was checked on the individual marginals of the estimated
multivariate density. After checking PIT histograms for each of the 15 groups, it was observed that the results for

11
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all groups look very similar. Figure 5 shows as an example the PIT for Groups 8. The histogram is relatively close
to uniform which is the general picture for the various groups.

Frequency
400 600 800

200

00 02 04 06 08 1.0
PIT

FIGURE 5: PIT histogram for the reliability assessment of the univariate probabilistic forecasts for Group 8

For illustration purposes, a probabilistic forecast for Group 8 is depicted in Figure 6 for a one-week period begin-
ning on the 3rd of August 2007.
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FIGURE 6: Probabilistic forecast for Group 8. Blue circles denote the observed WPPT errors, red solid lines show the
corresponding point forecasts produced by the CP-VAR model. Green and black broken lines correspond to upper and lower
limits of the 50% and 90% forecast intervals (based on the quantiles of marginal MVN distributions).
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6 Data, objectives and foreseen applications for the detailed spatio-temporal
models

Usual short term wind power prediction model are statistical models that estimate the link between the forecast
or analysed meteorological situation, the observed wind power production, and the future wind power production
(see for example [6]). When forecasting wind power at look ahead times smaller than 4 hours it is known that
the forecast meteorological situation that is provided by usual numerical weather prediction is not as relevant as
the in situ wind power measurement. At this temporal scale, the unsused information that is contained in the
spatio-temporal field of wind power measurement at the scale of a country might be more relevant.

The main purpose of this work is to analyse the spatio-temporal stochastic structure of wind power prediction errors
for look ahead times smaller than 4 hours and with a 15 minutes temporal resolution. At this resolution, we use a
simple AR(4) model to forecast wind power and generate prediction errors. One AR model is fitted per wind farm.
This can be considered as a convenient pre-whitening transformation that permits the spatio-temporal analysis of
wind power production. We have performed the same analysis with persistence forecast and with AR model of
higher order and the results remain roughly the same. The corresponding transformation is also convenient for
understanding the potential of spatio-temporal information as a complement to in situ measurement in wind power
forecast. We concentrate on a test case in Denmark (domain D K1) which contains 212 transformation stations
whose location can be seen in Figure 7. For each of these spatial locations, a 2 year power production is observed
at a 15 minute resolution. The first year of data (2007) is used to estimate the parameters of the AR models and the
second year is used for the analysis performed in this paper. In the rest of the report, these transformation stations
are assimilated as wind Farms.

FIGURE 7: Transformation stations to be used in the study (All points). Red points are associated to number that are reused
in the report.

The quantity of interest will now be the prediction errors themselves. For a wind farm at position p = (z,y) we
will denote by €/ St the standarized prediction error (forecast value minus observed value normalized by nominal
capacity) of the forecast obtained at time ¢ for wind farm p and look ahead time h. The horizons are given in
minutes and ¢ 4 15 refers to the time 15 minutes after time ¢ which is also the first horizon after time ¢. The density
of prediction errors for one representative wind farm and different look ahead times are shown Figure 8. These

13
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errors are unbiased, not gaussian, have negative skewness that shift the mode of the distribution toward negatives
values. This shift increases continuously with the horizon.

o _|

o
hours ahead
B & 1 hour
o & O 2 hours
‘é | | @ 3 hours
8 ‘| B 4 hours
S | B 5 hours
i B 6 hours

- ‘
o

-0.3 -0.1 0.1 0.3

Obs WP-Forecast WP

FIGURE 8: Density of prediction errors for wind farm 7.

We will denote by H the largest possible look ahead time and use the notations £ = (e} Y D=1, Toh=1....H,p=p1,....pn
for the whole process. For a given run time ¢ € {1,...,T} (i.e. a time for which a forecast trajectory is generated)
we will denote by & = (ef Y t) h=1,....p0=p1.....pn the corresponding spatio-temporal field of wind power predic-
tion errors. In this report we consider that &1, ..., Er are (possibly dependent) relalizations of random variables
identically distributed with the same distribution as a random vector denoted €' (which can be considered as a
spatio-temporal process). This said, the objective of this report can be rephrased into the analysis of the stochastic
structure of £ in a spatio-temporal perspective and conditionnally to meteorological variables.

This work may be further motivated by other possible applications such as the followings.

Correction is the task of predicting at time ¢ for wind farm py the vector of errors

Po Po
(6t+15|t7 T 6t+H|t)
using as explanatory variable all the errors measured until time ¢ among all wind farms:
P p
Ct—15  Ct|t—30
P
t—15[t—30
P
t—30[t—45
PE{p1,...,pn}
Let us denote by @, the vector containing this whole set of information. If one can specify the distribution of £

and if we observe ®; = x the correction task is done by evaluating

p P _
E 6t+15|t7"'v€t+H|t|(I)t = x}

If £ is a Gaussian process, this conditional expectation is fully specified by the knowledge of the covariance matrix
of £ and the application of the correlation Theorem.

Literature on spatiotemporal correction includes [21, 22] [12] [23] (spatial ARMAX) Kalman Filter [24].
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Scenario generation. Probabilistic predictions for several successive lead times are most often generated and
presented as marginal distributions for each lead time, or as some of their characteristics e.g. quantiles or central
prediction intervals. The most prominent example certainly consists of the Bank of England’s fan charts discussed
and analyzed by [25]. They can be sufficient if the decisions to be made for a given lead time are independent of
the others, as for the wind energy trading problem of [4]. In a general manner, however, making optimal decisions
may require knowledge of the interdependence in the stochastic process over various lead times — possibly also
for a number of locations and many different variables. It is the case for instance with the optimal integration of
renewable energies into existing power systems and electricity markets [26]. This then requires the forecasting
of the characteristics of the joint distribution of the process for the set of lead times of interest. Since modeling,
estimation and communication of complex multivariate densities may be intractable, this type of forecasts takes
the form of simultaneous prediction intervals [27-30] or of time trajectories as for example in [31] or [32], also
referred to as ensemble forecasts in the meteorological community [33].

Formally trajectory generation is the task of generating, at time ¢, K spatio-temporal trajectories

(epJv ePk )
t4+15[t 0 Cep H|t/P=P1,o P k=1, K

that can be assimilated as realizations of K independent random variables that have the same distribution as

P P
(€t+15|t’ AR €t+H|t)p:P1»--~,;Dn'

Ressource assessment from a predictability point of view. In resource assessment, the aim is to take optimal
decisions on the location of new wind farms. As penetration increases predictability and forecasting tools become
of paramount importance. Nowadays, with the development of very large scale wind farms (i.e. offshore) and also
with the development of electricity markets, wind predictability may become an issue at the level of site selection
and design of a new wind farm. There is now an interest in developing research on the new concept of “resource
assessment versus predictability”. The predictability of a site and especially the issue of extreme events can be
considered when taking decisions for the installation of a new wind farm. This naturally involves understanding
the relation (correlation or non linear relations) in time and in space between the forecast errors at a given site that
already exists in a portfolio of wind farms and a given number of potential new sites were no wind farm exist and
hence no measurement is made. In this case it is necessary to develop a parametric (or semi-parametric) approach
modeling the link between the interdependency structure, the time and the geographical position.

Storage system: dimensioning, optimized use. Energy Storage Systems (ESS) constitutes an important family
of solutions for smoothing renewable power. The combination of an ESS with a renewable generator provides a
hybrid system capable of providing deterministic power of the required quality at the scheduled time. The two
dual class of problems that arise from the introduction of a storage system in a set of geographically distributed
renewable power plant are

e Dimensioning and positioning (with a minimal cost).

e Optimal use (for maintaining a specified imbalance or for participating into the electricity market)

One should notice that an answer to one of these problems should be associated to an answer to the other problem.
In the simple case when one has a wind farm and wants to design a storage to upper bound the probability to
have, for example, 15 minutes of produced power under a given threshold within a year, it is required to know the
temporal correlation of the power production. Similarly, when the problem comes to dimensioning a storage system
for a large number of wind farms geographically distributed, with a more complex goal related to imbalance of
wind power production, a deep understanding of the spatio-temporal interdependence structure of the wind power
forecast errors is required. Also, a modeling adapted to extreme events is required.
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Outlier detection. Outlier detection is a classical statistic thematic. When applied to spatio-temporal field of
wind power forecast errors, the basic ideas for outliers detection suggest that the spatio-temporal coherence of
the underlying process should be used. Indeed, it is clear that part of a wind power forecast error, for a group of
wind farms, show something abnormal when part of the group for a given period of time is in contradiction with
the assumed spatio-temporal stochastic interdependence structure. Considering different time and spatial scales to
detect abnormal errors is a relatively new idea that requires the knowledge of the spatio-temporal interdependence
structure of wind power forecast errors.

The description of the stochastic structure of errors can take different forms depending on the nature of the stochas-
tic relations that exist between forecast errors at different time and wind farms. In Section 7 we restrict ourselves
to the study of two distant wind farms to understand the nature of the above mentioned relation. This allows us to
show that wind power forecast errors at two different wind farms have maximum correlation for a given lead time.
After showing suitability of correlation between errors to describe spatio-temporal propagation from one wind farm
to another, the corresponding propagation is analyzed in more details in Section 8 (using the 212 transformation
stations assimilated as wind farms). The propagation we describe with time averaged statistical indices (i.e. corre-
lation) and in Section 9 we give an alternative definition of propagation based on a planar wave modeling. In these
two analysis, we identify two advections characteristics that are related to displacement of meteorological system
of cold/warm air advection and is also related to wind direction. In Section 10 we analyze the spatio-temporal
correlation of errors conditionally on wind. Since it is not obvious whether wind at 1000 hPa is giving the best
direction and speed for analyzing displacement of errors in space and in time, we also use wind at higher heights.

7 Characterization of the dependence structure at two distant wind farms

Understanding a spatio-temporal process over a country, such as the wind power production or it prediction error
involves four dimensions, two spatial dimensions and two temporal dimensions: the time ¢ and the prediction look
ahead, denoted h. A first step in understanding such a complex process is to consider few spatial locations and
to analyze the corresponding multidimensional temporal process. In this section we reduce the study to a subset
of 2 wind farms (Farms 23, and 25) whose locations are marked in Figure 7. This permits us to describe the
nature of the nonlinear relations that exist between errors at different locations and look ahead time. We wil show
that this relation is nonlinear but that linear correlation is nevertheless suitable for describing and quantifying the
spatio-temporal propagation of wind power prediction errors.

7.1 Joint distribution

From Figure 8 we have already seen that the prediction errors have smooth unimodal distribution. In Figure 9 we
have represented the density of the joint distribution (X,Y) = (Eﬁeo\ t €it1s) ;)» as estimated with the bivariate
kernel density estimation implemented in the Package KernSmooth [34],[35] of statistical analysis software
R. We used a Gaussian kernel and an automatic window bandwidth selection based on the univariate variance

estimation. It is represented for a reduced range of values around its mode in Figure 9. Clearly, the the contours of

the joint distribution are not elliptical, showing that the joint distribution (efiwl " 6t2—?-60| ;) is not bi-Gaussian . In
agreement with Figure 8 the marginal distributions of efi n|¢ Presenta negative skewness: while being centered, the

mode of the error vector (€775, €} o|;) found around (—0.005, —0.015), is shifted toward the negative values.

A significant part of the mass is concentrated in a very small area around this mode.
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FIGURE 9: Kernel density estimation of the joint distribution of (X,Y) = (€;3 15, e?j_ﬁolt).

7.2 Conditional expectation

There are many different ways of characterizing the dependence between two random variables X and Y. The
simplest and most common one is clearly the linear correlation, but it only characterizes linear relationships. Its
interest is therefore questionable since we have seen in the previous subsection that the relationship between the
errors is non-linear.

The relationship between wind power prediction errors at different locations and for different look ahead times
is further explored in Figure 10 in which is represented local polynomial estimates of the conditional expectation
y(z) = E[E?-?-hl t|€fi15l , = ] on a reduced set of values for z: |z| < 0.1. The estimation was done with the
function loess in R. Outside the interval [—0.1, 0.1] the number of samples is too small to give any conclusion
without further modeling. These local polynomial estimations are shown with their 99% confidence intervals
under the assumption that the estimation bias that results from using local polynomials is null. The conditional

expectations shown in Figure 10 are non linear (except for the first values of h).
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FIGURE 11: Left hand side: interdependence between eff_lw and efihlt as a function of h. Expressed as a proportion of
variance of etzi n|e explained by efimt. Right hand side: interdependence between efil 5 and efih\t as a function of h.
Expressed as a proportion of variance in efi n|¢ explained by efil 5t

7.3 Variance decomposition

Measuring the strength of the non linear relationship Y = f(X) can be done by decomposing the variance of Y,
using that F[Y'| X] is an orthogonal projector:

Var(Y)=Var (E[Y|X])+ Var (Y — E[Y|X]). (©)

The first term represents the variance of Y explained by X . If E [Y'| X = z] is linear, then the ratio Var (E [Y'|X]) /Var(Y)
is the squared correlation between observations of X and Y. If this relation is non linear, there are different alterna-

tives. One can operate monotonic transforms of X and Y to a predefined distribution before computing the squared
correlation coefficient between the transformed variables. Obviously, this can be efficient when the relationship
between Y and X is monotonic. When the predefined distribution is uniform, it leads exactly to the Spearman cor-

relation coefficient. In the general case, one can estimate F [Y'|X| with a non parametric procedure and compute

the associated variance directly or with Monte Carlo simulations. The corresponding fraction of variance is then

called Sobol indices [36].

In Figure 11 the strength of the relationship between ¥ = efih‘ , and X is analyzed on the left panel,

_ .25

= St
while the relationship between Y = 6%—? hit and X = efil 50t is analyzed on the right panel. This is done through
the computation of different correlation coefficients as a function of the look ahead time h: the squared correla-
tion between Y = €77, and X = €7, (respectively Y = €7, and X = ¢}? ), the squared Spearman
correlation, the squared correlation obtained after transforming the variables into normal random variables, and an
estimation of Var (E [Y|X]) /Var(Y) obtained with non-parametric local polynomials estimate of F [Y|X] and

Monte Carlo simulations.

It is clear from Figure 11 that for any of the correlation coefficient considered the relationship between 6t2ih|t
and €775, is stronger than the relationship between Y = €77, and X = €75, We can also observe that
the influence of 6t2i15|t on efi ht increases with A until a maximum of influence is reached and then decreases.
The amount of variance explained by the relationship depends on the correlation coefficient (the largest is for the
general non-linear relationship; then it is larger for a linear then for monotonic transformations). However, whe

considered as functions of the look ahead time, all these variance analysis show a maximum of influence at the
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same look ahead time.

8 Characterization of spatio-temporal correlation of prediction errors ac-
cross Denmark

Moving toward a spatio-temporal description of the prediction errors requires indentifying spatial and temporal
scales. In this paper, we identify these scales through the analysis of the temporal and spatial lags that maximize
the dependence between errors.

We now study the spatio-temporal dependence structure of prediction errors at a larger spatial scale. The problem
is reduced to that of analyzing correlation between different locations and look ahead times. The use of correlation
for this purpose has been justified in the preceding Section. Although linear correlation does not perfectly capture
the relationship between forecast errors at two different wind farms it captures the evolution of this relation along
look ahead times which is the quantity of interest in this section. It is thus a suitable tool to describe the temporal
and spatial scales that are involved in the average propagation of errors.

Formally, we analyze the spatio-temporal correlation structure of £ defined at the end of Section 6. As already
mentioned, the empirical correlation between errors efi ht and eﬁ ha|t ALLWO different spatial positions p; and po
and for two different look ahead times h; and ho, denoted C'(hq, ha, p1, p2) is a complex quantity depending on 2
temporal variables and 4 spatial coordinates. However, our aim is to use this correlation function to characterize the
propagation observed in the preceding section and ultimately to analyze the speed and direction of the propagation
of wind power forecast errors in Denmark. Built upon the last remark of the preceding section, we will first define
the temporal scale associated to the propagation; then we will characterize its direction and speed. We will end

this section with a the definition of simple statistic that quantifies the main propagation direction and speed.

8.1 Propagation time

The correlation between wind power forecast errors at two distant wind farms is a usually a smooth function of
look ahead times hj and hsy. It conveys important information regarding the propagation of errors between pairs
of wind farms from which we can derive propagation times and propagation speeds. Two important observations
were consistently made on the data. Firstly, for a given look ahead time, one either observes that

max C(h,h2,pl,p2) > max C(h,h2,p2,pl)
2 2

or
max C(h,h2,pl,p2) < max C(h,h2,p2,pl).
2 2

Furthermore, this property does not depend on h and we can fix h = 15. Secondly, and this is seen on Figure
11, when one of the look ahead time is kept fixed, say h = 15, the function C'(h, h2,pl, p2) of hy shows a single
maximum. There is thus a particular look ahead time ho at which the error efi halt has the highest correlation with

the error Eﬁll ,- As a consequence, between any two wind farms (p1, p2) there is a prefered direction of correlation.

If maxy, C(15, h2, pl,p2) > maxy, C(15,h2,p2, pl) we say that p; is upstream to pp, which will be denoted
p1 < p2, and vice-versa.

From these, when p; and ps are two wind farms such that p; is upstream (i.e. p1 < p2) we define a propagation
time T'(p1, p2) between the two wind farms:

T(p1,p2) = argrr;LaxC(15,h2,p1,pz) — 15, (7
2
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FIGURE 12: Velocity of propagation of maximum correlation from a particular wind farm (Wind farm 59). On the left,
propagation time from wind farm 59: the value of p — T(pse,p) where T is defined by Equation 7, interpolated to be
represented as an image. On the right, the associated value of maximum correlation is represented also using interpolation.

and denote by p.q.(p1, p2) the associated maximum correlation:

Pmaz(P1,p2) = C (15, T(p1,p2) + 15,p1,p2) - (®)

The left panel of Figure 12 represents the propagation time from wind farm 59 to all other wind farms. For visual
conciseness, the propagation time from wind farms located upstream is also represented with negative values. The
main observation that can be made is that wind farms p located west from wind farm 59 are usually upstream wind
farms (i.e. with negative values of the propagation time) while those located east from wind farm 59 are usually
downstream. This shows that, at least for wind farm 59, the propagation is westerly with a slight south tendency.

The right panel of Figure 12 is a spatial interpolation of the correlation p,,q. (59, p) when p is located downstream
to the wind farm 59. For wind farms located upstream, the quantity depitced is pyq.(p, 59) associated to the
propagation time 7'(p, 59). Figure 13 represents the average of this correlation as a function of distance between
p1 and po. We can see that the correlation decreases rapidly down to below 0.2 for distances up to 50 km. For
larger distances, it decreases much more slowly.

8.2 Propagation velocity and direction

Figure 13 shows how the maximum correlation p,,q. (p1, p2) decreases with distance ps — p;. Furthermore, Figure
14 clearly indicates that the east-west direction is a privileged direction: for a given distance, p;,,qs 1S maximum in
this direction and the contour lines of T'(p1, p2) are almost perpendicular to this direction.

For two wind farms p; and ps such that p; < ps, the knowledge of the propagation time from p; to po permits the
definition of a propagation velocity from a wind farm p; to a wind farm po

d(p17p2)

if < pa, ©)]
T(p1,p2) P1 = P2

v(p1,p2) =

where d(-, ) is the Euclidian distance. In a given direction § € (—, ), we can further quantify the propagation
speed by defining a directional average propagation velocity V' (6). Let us denote Z(p;, p;) the angle in (—m, )
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FIGURE 13: Maximum correlation (pmaz as defined by Equation 8) between wind farms as a function of distance. The color
level gives the density of points.

made by the vector p;p; with the X axis. Then we define

> v(Piy pi)X(Pis pj)

vy = > i X(Pisps)

(10)

where
X(pi,pj) = Lif p; < pj, Z(pi,pj) € (0 — 9,0 + dg),

and x(p;, p;) = 0 otherwise.

This directional average propagation velocity is defined for all directions § € (—m, 7). The drawback of V' (6) for
quantifying the general propagation direction is that, even in directions with only very few couples of (upstream,
downstream) wind farms, this quantity will be defined and non null. To get a more realistic picture, we would need
to average out propagations in a given direction § with those in the opposite direction 6 + 7. We thus also define a
signed average of the velocity V*(6) for the directions 6 € (—m/2, 7/2) by considering the weights

1 ifp; < pj and
Z(pi,pj) < (9 — 09,0 + (59)
X(pi,pj) = -1 ifp; <p; and (11)
Z(pi,p;j) +m € (60— 09,0+ p)
0  otherwise

Note that the condition p; < p; and Z(p;,p;) + 7 € (60 — g, 8 + &p) is equivalent to p; < p; and L(p;,p;) €
(0 — dg,0 + 0p)

8.3 Main velocity and direction

The two velocities V' (6) and V*(0) are represented in Figure 14, on which the proportion of positive weights is also
represented as a function of 6. We see that for east west direction, this proportion is null while it is around 100%
for West-East direction. In other words, there are no couples of wind farms aligned in the East-West direction
such that the wind farm located east is upstream. In the north direction, the proportion is around 40 %: farms
located North can be downstream to farms located South but the opposite is more frequent. This confirms what
was observed in Figure 12: the main propagation direction is East, with a slight inclination toward South.
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FIGURE 14: Velocity and direction of propagation of maximum correlation, from all wind farms. On the left the maximum
correlation pmaz(p1, p2) between to locations p1 and ps is represented with a color scale as a function of the vector p1 —p2, the
corresponding propagation time T'(p1, p2) is represented on the same graph in minutes with level set contour lines as a function
of the vector p1 — pa. The Figure on the right gives the estimated directional average propagation velocity V (0) calculated in
different directions as defined by Equation 10, and the propagation velocity V °(0) obtained with the signed weights defined by
11

The value of V' (0) varies slightly between 30 km/h and 50 km/h for a large range of directions. It is equal to V*(6)
when 100% of the wind farms couples (p;, p2) with the given orientation satisfy p; < p (i.e. when the proportion
of positive weights is 100%). In the intermediate cases of |#| ~ /2 propagations in opposite directions cancel
out, leading to lower value of V*(6).

The agreement in the east directed propagations is accounted by V®. The signed directional velocity can thus be
used to define a main stream propagation direction and velocity:

- 1 ﬂ‘/2
vzf/ V' (0)iiyd0 (12)

T™J_x/2

where g is the unit vector in direction 6. In our case the obtained direction is around —7 /16 and the associated
speed is 23.66 km/h.

9 An alternative definition of propagation

The propagation analyzed in the preceding section and summarized by the main velocity given (Equation 12) is
meant to summarize an average propagation of errors. However, it is not directly computed from any observed
propagation of errors. In this section, we evaluate the propagation speed in the east west direction through a planar
wave model for each run time ¢ and compute the associated average propagation speed.
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9.1 Propagating pattern

Let us consider here that the space-time function of the errors can be represented, at least locally in time, as a
spatial pattern propagating for all position p € P according to a translation at constant speed ¥; along the look
ahead time. Then, forh =1,..., H,

etp+h|t ft( - Ut( - 15)) + nf+h‘t (13)

where f;(-) is the shape function of the propagating pattern, ¥; the speed (vector of propagation and nf h|e @
centered noise. For a fixed speed vector ¥, the shape function is defined to reach the minimum in the optimization
problem:

miy Z > (one — filp =7l — 15)))2 (14)

h 1peP

where F is a class of smooth functions. We will denote f (¥) the result of this minimization, to emphasize the
dependence of the shape function on the propagation speed ;. In this work, we used the bivariate local polynomials
implemented in 1oess function in R. This type of propagation model, based on a planar wave description of the
errors goes back to [37, 38]. Since then few work have built upon this. Among them are [39] in astrophysics or [40]
in meteorology. Extension of the corresponding model have been considered, see e.g. [21] [22] and the references
therein.

9.2 [Estimation of speed

In Equation 13, the speed is to be fixed or specified, but of course it is unknown and must be estimated simultane-
ously to the estimation of f(%;). Following [40], we will seek the speed which maximizes the fraction of variance
of & = (€f+h|t)pep7 h=1,...,r7) explained by the planar wave f(¥;). We will thus maximize

R’ (%) = (15)
Y Ypepl iy — folp = B(h — 15))2
Zh,p(€t+}L\t €ir. \t)

where €, is the average on p and h of the error at time .

t4.|t

In order to simplify the computations, the whole panel of possible directions is not considered here since our main
interest is to compare the speed obtained by this approach to the propagatio velocity V defined in Equation 12, for
which the direction is known to be westerly. Considering more directions would increase the size of the parameter
space and require more complex optimization procedure without providing new insight on our dataset.

We thus imposed an East-West propagation direction, with a speed bounded in the interval [—vmax, Umax), With
Umaz = 250 km/h. Note that negative speed would imply a propagation going from East to Weast. The optimiza-
tion is done by simple grid search on this interval, with a 1 km/h resolution. For each speed considered, the optimal
shape function f (¥) is found according to Equation 14. The propagation speed maximizing Equation 15, denoted
04, is then the optimal propagation speed at time ¢. For each time ¢ considered, the result of this optimization
procedure is a propagation speed 9, shape function f(?;) and a fraction of variance R2(?;).
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9.3 Results

We performed this estimation procedure for the two years of prediction and 4 different look ahead horizons:
H € {90, 120,150, 180}. The fraction of variance explained by the model in Equation 13 is variable and is not
always very large. Figure 15 represents the mean and standard deviation of the estimated propagation speed as a
function of the fraction of explained variance. For doing so, we first removed all cases for which the optimal speed
was at the border of the search grid (i.e. |¢] = 250 km/h). Such estimated speeds were interpreted as a lack of fit
of the model in Equation 13. They represented a total of 20% of the cases. On the remaining 80% cases, called
the estimable cases, the average and the standard deviation of the estimated speeds corresponding to time ¢ for
which the associated fraction of variance R?(7;) was larger than a value § were computed. For the representation
of Figure 15, the threshold ¢ itself varied from 0% to 50% with a 1% increment. On this Figure is also represented
the proportion of considered observations, for a given .

We can first note that the proportion of considered obervations decreases with the fraction of explained variance.
There are far less cases in which the propagation model explains more 40% of the variance than cases in which this
fraction is larger than, say 10%. This proportions decreases also with the horizon H. For example, the proportion
of explained variance exceeds 20% for 49.9% of the cases for H = 90, and 34.3% for H = 180. These results
show that this model coud be of interest for predictive purpose, in particular with the shorter horizon.

For § = 0, the i.e. when considering all estimable instants ¢ the average propagation speed is around 30 km /h, in
agreement with the value of V obtained in the previous section. As ¢ increases, the average speed increases and
the standard deviation incresases also, but slowly. This indicates that situations with higher propagation speed are
on average better described by the model in Equation 13 than situations with lower propagation speed. They are
also slightly more variable.

In conclusion, the simple mode in Equation 13 is able to partly describe the spatio-temporal propagation of errors.

10 Spatio-temporal propagation of errors and wind

In the previous section, it was shown that there exists specific temporal lags and directions of higher correlation
between errors. Whilst this cannot constitute a physical description of any weather situation, the spatio-temporal
dependence structures exhibited in this work do suggest some sort of propagation. Predicting the exact evolution
of such pattern is beyond the scope of this work. In this section we will analyze the main average propagation
speed and direction as defined by Equation 12 in relation with wind data at a larger scale.

The used meteorological data are wind speed and direction obtained from the analysis of a mesoscale model at 3
different pressure levels: 500hPa, 750hPa, and 1000hPa on a grid point located in the center of DK1. Since these
data are 3 hourly, we extrapolated them linearly to get a time step similar to the one power prediction errors (i.e. 15
minutes). This approximation is deemed sufficient for our purpose, which is exploring the role of large scale wind
characteristics in the spatio-temporal correlation of prediction error. Wind roses are shown in Figure 16. They
show that the wind is mainly oriented from East to West, and that wind speed is larger in this direction than in any
other direction.

The propagation analysis in the correlation structure performed section 8 is now done conditionnaly to wind speed
and direction. We get an average propagation speed and direction, as defined by Equation 12, conditionally on
wind the variable defined above. In order to evaluate the relationship between wind and propagation, using wind
at different model levels and even wind shear, we represent in Figure 17 the main average propagation direction
conditionally on wind direction and main average propagation speed conditionally on wind speed.

The main average propagation direction is almost linearly explained by wind direction at 1000 hPa. Although not
being linear at higher pressure levels, it is still strictly increasing. Figure 17 can be used as a tool to model the
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FIGURE 15: Average Displacement speeds with 4 different maximum look ahead times represented with dashed-dotted lines
for H = 90 minutes, dotted lines for H = 120 minutes, dashed lines for H = 150 minutes and solid lines for H = 180
minutes. Displacement speed maximizes the fit in the westerly propagation model given by Equation 13
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FIGURE 16: Wind roses at 3 different model levels, colored area give the direction of the wind. These wind are obtained from
a mesoscale model analysis. We have used the convention that a colored area around zero corresponds to wind blowing from
the west. A colored area around 7 /2 corresponds to wind blowing from south.
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27



Spatio-temporal modelling and forecasting of power predicion errors

relation between wind direction and the main average propagation direction. The relation between wind speed and
main average propagation speed is also of interest. There is a direct, almost linear relationship between the average
propagation speed and wind speed, up to 30 km/h for 1000 hPa wind, and 50 km/h for the 500 hPa wind. At higher
wind speed, the propagation speed of the errors is more or less constant. This could be interpreted as a saturation
effect of wind power predictions.

The same analysis was performed on thermal wind, defined and computed as the difference between wind values
at different levels. The relation between propagation and thermal wind (not presented here) were much less strong
and difficult to interpret. They did not present an interesting scope for additional modelling of the prediction errors.

11 Conclusions

Due to the fact that wind power prediction tools generate forecasts for individual sites only, without properly
accounting for the information coming from the neighboring territories, there is potential for improving the forecast
quality by including the spatio-temporal aspects into the models. In this report a CP-VAR model was first proposed
for this purpose, ideally for the case of power generation aggregated by zones (i.e. control areas for instance). The
model coefficients being recursively estimated smooth functions of the forecasted average wind direction permit
to consider the influence of meteorological data on the spatio-temporal inter-dependence among the sites and also
to account for the long-term variations in the process characteristics. It was shown that correspondingly corrected
forecasts when evaluated on the test case of western Denmark result in a reduction of prediction errors up to
18.46% in terms of RMSE. The coefficients are based on a spatial average of the wind speed rather than a local
wind speed for each group considered. This simplifies the problem and for a relatively small region like Denmark
it is seen to be of no consequence.

The adjusted forecasts can be communicated along with estimates of their associated uncertainty. Predictive den-
sities are modelled as truncated multivariate normal distribution. The evaluation exercise carried out showed that
the proposed method results in reliable univariate probabilistic forecasts for each individual group. However, ad-
ditional research is needed before concluding if the multidimensional forecast is calibrated with the estimated
multivariate density. This is one of the points of interest for future work related to probabilistic forecasts issued
with CP-VAR models.

The prediction approach and spatio-temporal concepts were analysed and validated for the western Denmark area,
and by considering one-hour ahead predictions. The proposed methodology could be extended to the case of fur-
ther look ahead times (up to several hours ahead) if working on the same terrain as Denmark. Having in mind that
western Denmark is the first to be touched by fronts coming from North-West, the use of on-line measurements
from the United Kingdom or from the measurement devices in the North Sea, might lead to significant improve-
ments in making predictions for longer time horizons. In order to make models valid for data coming from a region
with a more complex wind climatology than Denmark, some adjustments would have to be done in the modelling
approach due to the fact that it is not always possible to use average wind direction as a representative of the situa-
tion in the whole region. For such more complicated cases it may be needed to switch from conditional parametric
models to varying-coefficient models.

Since the CP-VAR model structure and complexity may be highly dependent upon the number of sites considered,
it is of particular importance in the future to propose a modelling approach which would permit to easily include
or exclude a new wind installation into the model without having to change the whole structure and to re-estimate
the coefficients. A potential solution for this could be to employ a lattice approach.

The analysis of the spatio-temporal stochastic structure of wind power prediction errors in Denmark goes into that
direction. We showed that errors at two distant wind farms for different look ahead times are in relation that is
close to be monotone and that a linear model does not give a satisfactory modeling but permits to capture the main
characteristic of the dependence structure along the look ahead times. For example, the correlation between two
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distant wind farms is a smooth function f of the look ahead times. We noticed that f increases rapidly and that after
a maximum correlation is reached it decreases slowly. The time for which the maximum correlation is obtained
was studied in detail through its relation with distance and direction between the considered wind farms. This
permits us to conclude on a privileged direction of propagation of errors which is westerly. We noticed that this
direction is that of the average wind in the country. We then adopted a dual approach to characterize propagation
of wind power forecast errors through the use of constant speed planar wave modeling. The average propagation
speed obtained with this dual method appears to be similar to that obtained through the correlation analysis. Finally
we analyzed the correlation of wind power prediction errors conditionally on wind and thermal wind respectively.
We showed that wind direction and speed are connected to main propagation direction and speed. Wind shear
seems to have less interest in explaining propagation direction and speed. Finally, this analysis permitted us to
understand that the joint distribution of forecast errors at different location and for different look ahead time is not
Gaussian, even if spatio-temporal modeling of Gaussian process has already witness some advanced contributions
[41]. However, errors might be well modeled by a mixture of a Gaussian and a heavy-tailed distribution. We also
observed that the interdependence of the forecast errors is well structured with respect to the temporal and spatial
dimensions. These observations will be used as a starting point for further statistical spatio-temporal modeling of
wind power prediction errors.
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