
Analysis of the Uncertainty
of Wind Power Predictions
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1 Introduction

Wind energy is an important cornerstone of a non-polluting and sustainable electricity supply.
Due to favourable regulatory frameworks this renewable energy source has experienced a
tremendous growth in recent years resulting in substantial shares of electricity produced by
wind farms in the national energy mix of a number of countries. For example, during the last
four years (1999 to 2003) the installed wind power capacity in Germany has risen from about
4.4 GW to more than 12.8 GW [2] now covering approximately 4.7% of the total electricity
consumption. And this is just the beginning as from a global perspective wind energy has the
potential to provide electric energy on an industrial scale. It is estimated that by the year 2020
about 12% of the world’s electricity production can be supplied with wind energy [41].

However, in practice the integration of wind energy into the existing electricity supply system is
a real challenge. A number of technical and economical objections against the large-scale util-
isation of this renewable energy source have been brought forward, in particular by traditional
energy suppliers and grid operators. In their view one major disadvantage of wind energy is that
its availability mainly depends on meteorological conditions, hence, the power output of wind
farms is determined by the prevailing wind speed and cannot be adjusted as conveniently as the
electricity production of conventional power plants. As it is expensive to level out unforeseen
fluctuations in the wind power production, grid operators and energy suppliers, e.g. E.ON [60],
point out increasing costs due to wind energy.

The fact that wind energy is not fully compatible to the traditional electricity supply system
cannot be an argument against wind energy but an encouragement to adapt and optimise the
supply system accordingly. This will be unavoidable in the long run as the integration of large
amounts of renewable energies together with the continuing liberalisation of electricity markets
require more flexibility in both the production and the purchase of electricity. In particular, in
Germany the energy supply system can be changed cost-effectively in order to cope with large
shares of wind energy which has been shown recently by Krämer [28].

Purpose of this work

Wind power prediction systems which improve the technical and economical integration of wind
energy into the electricity supply system are already available. They provide the information
how much wind power can be expected at which point of time in the next few days. Thus,
they announce the variations in the electricity production of wind farms in advance and largely
reduce the degree of randomness attributed to wind energy.

This work is concerned with assessing the uncertainty of these wind power predictions. The
uncertainty is the typical range in which deviations between what was predicted and the real sit-
uation are likely to occur. The majority of today’s wind power forecasting systems is based on
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numerical weather prediction models (NWP) and it is commonly known that NWPs do not pro-
vide perfect forecasts. This inconvenient situation has very basic roots as “the laws of physics
dictate that society cannot expect arbitrarily accurate weather and climate forecasts” [49]. If
forecast errors are in principle unavoidable it is at least good to know as precisely as possible
when and how they occur. Hence, in addition to the forecast value itself the prediction system
should also provide a prediction of the uncertainty of the specific forecast. This is an important
information for the users of such systems as it allows them to assess the risk of relying on the
forecast.

So far, the forecast uncertainty is mostly estimated by the average error taken over all days in
a certain period of time in the past, say a year. This approach disregards that the prediction
accuracy might depend on the complexity of the meteorological situation. But there is reason
to believe that very dynamic weather conditions where low pressure areas with their fronts
dominate the flow are harder to predict than rather stable high pressure situations. Thus, it
seems appropriate to develop a situation dependent assessment of the forecast error.

In this work the typical errors related to wind power predictions are investigated in greater detail
than before. This includes the assessment of the overall behaviour of deviations between pre-
dictions and measurements in terms of statistical distributions, as well as the decomposition of
the forecast error in amplitude and phase errors. Moreover, the error reduction in the prediction
of the combined power output of many wind farms in a region compared to a single wind farm
is analysed and the benefits of a regional wind power prediction are quantitatively assessed. A
new situation dependent approach to the prediction error is introduced with the explicit aim to
quantify these errors under consideration of the specific forecast situation. Special attention
is paid to two important error sources: the impact of the weather situation on the accuracy of
the wind speed prediction which is the main input to the power prediction and the role of the
non-linear power curve in amplifying initial errors in the wind speed. The results can be used to
predict the specific uncertainty of individual forecasts in an operational wind power prediction
system.

Structure

This work is organised in the following way.

Chapter 2 explains why wind power predictions are useful and how they are made. The mo-
tivation and the benefits of wind power predictions are described in detail. An overview of a
selection of existing wind power prediction systems is given to illustrate differences and sim-
ilarities in the various concepts. Moreover, the relevant physical relations that are used in this
work are derived from basic concepts of boundary layer meteorology and the applied forecast-
ing method to translate predicted wind speed into power output is described.

The data basis used in the investigations of this work consists of measurements on the one hand
and numerical predictions on the other hand. The origin and pre-processing of the two types of
data are explained in chapter 3.

The overall accuracy of the wind speed and power predictions for single wind farms is investi-
gated in chapter 4. Suitable error measures are introduced that allow to distinguish amplitude
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from phase errors. The main statistical features in terms of the average forecast errors and their
probability distributions are analysed for both the wind speed and power output.

As for practical purposes the combined power output of many spatially dispersed wind farms is
of greater interest than that of a single one chapter 5 deals with regional smoothing effects and
is an important step beyond the single site perspective.

Chapter 6 introduces the idea of a situation dependent assessment of the prediction error. In a
first step the wind speed is investigated in detail, in particular the question whether the forecast
accuracy depends on the magnitude of the wind speed. Moreover, the relationship between the
probability distributions of the forecast error of wind speed and power output is derived. In
addition, the important role of the non-linear power curve in amplifying initial errors in the
wind speed forecast according to its local derivative is quantified and a simple model to predict
the specific forecast uncertainty is developed.

Chapter 7 continues the situation dependent assessment of the forecast error and deals with the
quantitative relation between the type of weather conditions and the corresponding prediction
accuracy. Methods from synoptic climatology are used to automatically classify weather situa-
tions based on a suitable set of meteorological variables. The typical prediction errors in each
weather class are determined in order to find out whether dynamic low pressure situations are
really harder to predict than stable high pressure types.

Finally, chapter 8 contains an overall summary with conclusions and an outlook.



4 1 Introduction



2 Prediction of the power output of wind farms

Abstract

This chapter motivates why power predictions improve the technical and economical integration of wind

energy into the electricity supply system. An overview of existing wind power prediction systems is

given and the different approaches behind them are briefly explained. In addition, the relevant physical

relations that are used in this work are derived from basic concepts of boundary layer meteorology and

the applied forecasting method to translate predicted wind speed into power output is described.

2.1 Motivation for wind power predictions

In contrast to conventional power plants the electricity production of wind farms almost entirely
depends on meteorological conditions, particularly on the magnitude of the wind speed, which
cannot directly be influenced by human intervention. Though this is a rather trivial fact it makes
a profound difference, technically as well as economically, in the way large amounts of wind en-
ergy can be integrated into electrical grids compared to the conventional sources. The so-called
fluctuating or intermittent nature of the wind power production due to unforeseen variations of
the wind conditions means a new challenge for the players on the production and distribution
side of the electricity supply system and is often used as an argument against the utilisation of
wind power. Hence, the reputation and the value of wind energy would considerably increase
if fluctuations in the production of wind power were known in advance. To provide this infor-
mation is exactly the purpose of wind power prediction systems. They are designed to produce
a reliable forecast of the power output of wind farms in the near future such that their expected
contribution can be efficiently integrated into the overall electricity supply.

In order to assess the benefits of wind power predictions in more detail and derive the boundary
conditions for their operational use some aspects of the electricity supply system have to be
further explained.

A secure electricity supply requires that at each point of time the electricity production matches
the demand as exactly as possible. It is the task of the transmission system operator (TSO) to
carefully keep this balance. The load, i.e. the total consumption of electric power of households
and industry, and its variations over the day are rather well known from experience and are
expressed by so-called load profiles. These daily load patterns are used to estimate the electricity
demand of the next day with a relatively high accuracy.

In a world without wind energy the load profiles are sufficient for the TSO to work out a rather
precise plan how to satisfy the demand on a day-ahead basis. In a liberalised market environ-
ment the TSO basically has two options: produce electricity using its own power plants or buy
electricity on the market. In the case of own production a schedule for the conventional power
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plants is made today that defines the number and type of power plants to be in operation tomor-
row. Hence, the time horizon for the scheduling is about 48 hours. This time-table considers
the special characteristics of the different kinds of power plants such as time constants to come
into operation or fuel costs. If electricity is bought or sold on a day-to-day basis on the energy
market bids also have to be made about 48 hours in advance. How the two options are combined
depends on technical as well as economical considerations, e.g. described in [51].

However, large shares of wind energy spoil this nicely established scheme to a certain degree,
especially, if wind power is unexpectedly fed into the system. From the point of view of the
TSO wind power acts as a negative load because the demand of electricity that has to be met by
conventional power plants is reduced by the proportion of wind power available in the grid. This
can be quite substantial in areas with high grid penetration of wind energy where the installed
wind power is of the order of magnitude of the minimum load which is, e.g., the case for certain
areas in northern Germany or Denmark.

In Germany TSOs mainly deal with this situation by using additional control power [60, 10].
Control power is generally applied to compensate for sudden deviations between load and pro-
duction and can also be used to balance the fluctuating behaviour of wind power in the electrical
grid. Keeping control power aims at being prepared for surprising situations, e.g. due to an un-
expected drop in the power output of wind farms which can be rather dramatic if many wind
farms in a supply area switch themselves off for security reasons during a storm and the produc-
tion decreases considerably. As surprises are not the kind of thing that are highly appreciated
by TSOs the amount of control power related to wind energy is quite substantial and, therefore,
expensive. A fact that is constantly pointed out by the TSOs, e.g.[60]. Moreover, control power
diminishes the environmental benefits of wind energy as it is technically realised by either mak-
ing power plants operate with a reduced degree of efficiency or activate additional fossil fuel
driven plants [36, 10]. Hence, the energy corresponding to control power that is additionally
used to compensate for fluctuations in wind power has to be subtracted from the energy fed into
the grid by wind farms which, unfortunately, reduces the amount of avoided CO2 emissions.

These considerations show that a sufficiently accurate prediction of the power output of wind
farms with a time horizon of at least 48 hours is necessary for TSOs to efficiently integrate
substantial shares of wind power into the existing electricity supply system. Such a prediction
provides the decisive information concerning the availability of wind power over the next one
to two days. Thus, wind power can be considered in the scheduling schemes of conventional
power plants as well as in decisions to purchase energy on the market.

The benefits are obvious because the amount of control power can be decreased if the prediction
is reliable enough. Dany [10] found a quasi-linear relation between the forecast error and the
need for control power caused by wind energy, thus, each percent improved prediction accuracy
leads to a reduction of control power by the same proportion. The operational use of a reliable
wind power prediction system enables TSOs not only to save money by using less control power
but, in addition, the information how much wind power will be available allows to trade wind
power on the electricity market. It has already been illustrated for the Scandinavian situation by
Mordhorst [43] that wind energy can be profitably traded on a liberalised market, in particular,
on the spot market, and Holttinen et al. [22] found that today’s wind power prediction systems
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can already improve the income achieved by selling wind power under short-term market con-
ditions. Hence, wind power forecasts increase the economic value of wind energy and help to
make this renewable energy source competitive with conventional ones. In addition, the envi-
ronmental advantage of wind energy is further increased as unnecessary CO2 emissions due to
control power are reduced.

2.2 Overview of existing systems

In recent years a number of systems to predict the power output of wind farms have been devel-
oped. As discussed above the required time horizon is given by the scheduling scheme of the
conventional power plants and the bidding conditions on electricity markets which are typically
of the order of one to two days ahead. Hence, prediction systems are required to provide the
expected power output from 6 to at least 48 hours, preferably in an hourly resolution.

Note that the time horizon is very important as from a modelling point of view there is a funda-
mental difference between so-called short-term predictions on time scales of a few days that are
considered here and very short-term predictions in the range of 0 to 3 hours. While the longer
time period is rather well described by numerical weather prediction systems which explicitly
model the dynamics of the atmosphere the very short range is typically dominated by persist-
ing meteorological conditions where purely statistical approaches lead to better forecast results,
e.g.[7, 44].

Most of the existing power prediction systems are based on the results of numerical weather pre-
diction systems (NWP). Hence, all the information about the future, in particular the expected
evolution of the wind field, is provided by the NWP. These systems simulate the development
of the atmosphere by numerically integrating the non-linear equations of motions starting from
the current atmospheric state. The accuracy of the numerical predictions over the desired time
horizon is typically far better than any type of statistical or climatological approach.

The wind vector, i.e. wind speed and wind direction, is, of course, the most important variable
in terms of wind power prediction. It is the task of the wind power prediction system to convert
this “raw information” typically given with a rather coarse spatial resolution by the NWP into
an adequate prediction of the power output of a wind farm. There are basically two approaches
to transform the wind prediction into a power prediction. On the one hand physical systems
carry out the necessary refinement of the NWP wind to the on-site conditions by methods that
are based on the physics of the lower atmospheric boundary layer. Using parametrisations of
the wind profile or flow simulations the wind speed at the hub height of the wind turbines is
calculated. This wind speed is then plugged into the corresponding power curve to determine
the power output. On the other hand statistical systems in one or the other way “learn” the
relation between wind speed prediction and measured power output and generally do not use
a pre-defined power curve. Hence, in contrast to physical systems the statistical ones need
training input from measured data.
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2.2.1 Physical systems

One of the first physical power prediction systems with a prediction horizon up to 72 hours was
developed by Landberg [29, 30] at the National Laboratory in Risø in 1993. The procedure is
based on a local refinement of the wind speed prediction of the NWPHIRLAM [53] operated
by the Danish Meteorological Institute. The refinement method to adapt the NWP output to
the local conditions at the site was derived from techniques that had been used before for wind
potential assessment in the framework of the European Wind Atlas [62]. Local surface rough-
ness, orography describing the hilliness of the terrain, obstacles, and thermal stratification of
the atmosphere are taken into consideration leading to forecast results that were significantly
better than persistence, i.e. the assumption that the current value is also valid in the future. The
prediction system has been commercialised under the namePrediktor for operational use.

eWindhas been introduced by Bailey et al. [3] and is a prediction system that is physical in
terms of local refinement of the wind conditions but statistical in terms of determining the
power output. It uses a meso-scale atmospheric model (MASS) that is driven by a regional
NWP with a coarser resolution. This process is called nesting where the idea is here to use
a high-resolution model only in areas of special interest, e.g. at the location of a wind farm
to cover atmospheric effects on a smaller scale that cannot be resolved by the coarser model.
Hence,eWindactually simulates the local flow instead of using a parametrisation of the wind
profile. However, adaptive statistical methods which require on-site measurement data are used
in the last step to translate wind speed into power and to correct for systematic errors in the
prediction.

Instead of using the NWP wind speed forecast as given input and modify it afterwards for wind
power applications Jørgensen et al.[25] follow a more general approach by implementing wind
power forecasts directly into the large-scale weather prediction systemHIRLAM. Again nesting
is used to increase the spatial resolution of the NWP in order to optimise the system with regard
to accurate wind speed forecasts. As it is directly related to the NWP the power prediction
system can take full advantage of the complete set of meteorological variables provided by the
weather model in its internal temporal resolution which is typically much higher than the usual
time steps of one hour provided to customers.

The power prediction systemPrevientohas been developed at the University of Oldenburg [5,
42] and is in operational use in Germany. It is based on the same principle asPrediktor in terms
of refining the prediction of wind speed and wind direction taken from the NWP as illustrated in
figure 2.1. The local conditions are derived by considering the effects of the direction dependent
surface roughness, orographic effects and, in particular, atmospheric stability [15, 14] on the
wind profile. Moreover, the shadowing effects occurring in wind farms are taken into account.
If measurement data from the wind farms are available a systematic statistical correction of
forecast errors is applied. As in practice the combined power output of many spatially dispersed
wind farms in a region is of greater interest than that of a single wind farm,Previentocontains an
advanced up-scaling algorithm that determines the expected power output of all wind farms in
a certain area based on a number of representative sites selected in an appropriate manner [17].
In addition to the power prediction itselfPrevientoalso provides an estimate of the uncertainty
of the specific forecast value [18] to allow users an assessment of the risk of relying on the
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prediction. Regarding the regional up-scaling and the uncertainty estimates a part of the results
of this work have been implemented intoPrevientoand will be described in more detail in
chapters 5 and 7. For the investigations in this workPrevientowill only be used in a very basic
mode as described in section 2.4.

Spatial Refinement
Local Roughness, Orography,

Atmospheric Stability

Wind Vector, Atmospheric Pressure

Power Curve

Wind Turbine

Wind Farm Effects

Prediction of Power Output

Numerical Weather Prediction

Transformation to Hub Height

Systematic Error Correction 

Figure 2.1: In full mode the prediction systemPrevientocarries out a spatial refinement of
the numerical weather prediction. It takes local surface roughness at the site, orography and
atmospheric stability into account leading to a local prediction of wind conditions and wind
power. In order to focus on the major effects of the underlying NWP prediction and the influence
of the power curve, in particular, the refinement procedure ofPrevientohas not been used in
this work and the steps in the dashed boxes have been omitted.

2.2.2 Statistical systems

WPPT is a statistical system that has been used operationally in Denmark for many years. It
was developed by Nielsen and Madsen [47, 48] at the Danish Technical University. Though
WPPT contains some deterministic elements such as the diurnal cycle it basically learns the
relation between predicted wind speed and measured power output with no local refinement
involved. Mathematically, the system is based on time-varying coefficient functions which are
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continuously re-calculated using NWP input on the one hand and measurement data on the
other hand. This has the advantage that the parameters are automatically adapted to long-term
changes in the conditions, e.g. variations in roughness due to seasonal effects or model changes
in the NWP.

For use in complex terrain in SpainWPPT has been modified by Marti et al. [40] using the
Spanish version ofHIRLAM as input. However, as both the type of terrain and the climate of
the Iberian peninsula are rather challenging, a new model chain, calledLocalPred[39], is being
developed that intends to combine statistical time series forecasting and high resolution physical
modelling based on meso-scale models.

A system for on-line monitoring and prediction of wind power that is in operational use at
several German TSOs comes from the Institut für Solare Energieversorgungstechnik (ISET) in
Kassel and has recently been namedWPMS[11, 12]. The system uses NWP output of several
meteorological variables where the predicted wind speed is refined to local conditions in terms
of a look-up table by applying a meso-scale atmospheric model. To relate the predicted variables
to measured power output of a certain set of wind farms artificial neural networks (ANN) are
used.

It has to be said that the distinctions between physical and statistical systems are fading as ad-
vanced approaches incorporate the best out of both categories. Quite naturally, physical methods
such as meso-scale models are used for local refinement of coarse NWP output to the on-site
flow conditions dominated by rather well-known deterministic effects while statistical methods
are beneficially applied to correct for systematic errors and to aquire empirical knowledge on
site-dependent power curves.

This overview of wind power prediction systems does not claim to be complete as more and
more models are under development at many research institutes and companies all over the
world. There has been a tremendous increase in the number of systems over the last few years
underlining the importance of reliable forecasting tools to efficiently integrate wind power into
the electricity supply system, in particular in view of the very ambitious plans for offshore
installations of wind farms in many European countries.

2.2.3 Assessment of forecast errors

So far, the assessment of the uncertainties of these wind power prediction systems has mainly
been restricted to the overall accuracy, i.e. the average forecast error over all days and weather
situations in a certain period of time, preferably a year. Hence, in most cases the individual
forecast situation is not taken into account. However, an early investigation to provide specific
confidence intervals for individual power predictions was carried out by Luig et al. [38]. They
used so-called beta-distributions to approximate the conditional probability density functions of
the power prediction error. Hence, the magnitude of the prediction value determined the uncer-
tainty range. A different approach has been pursued by Landberg et al.[31] and, recently, Pinson
and Kariniotakis [50] who used a kind of ensemble prediction (explained in more detail in chap-
ter 7). They estimated the uncertainty of the forecast by evaluating the spread in the values of
the wind speed prediction valid for the same point of time in the future but from succeeding
forecast runs. Hence, the inherent properties of the NWP were used to assess the predictability
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of the prevailing forecast situation. In contrast to these previous approaches this work focuses
on the relation between the actual weather situation classified by a suitable set of meteorological
variables and the corresponding prediction error of the NWP. This has the advantage that the
occurrence of forecast errors can easier be understood in terms of meteorological phenomena.

2.3 Physical foundations of boundary layer flow

The physics of the atmosphere is rather complex as it is a non-linear system with an infinite
number of degrees of freedom but the dynamics can in principle be described by equations of
motion that are derived from the principles of conservation of mass, momentum and energy.
Though these equations can be found in standard meteorological textbooks, e.g. [57, 52], ap-
proximate analytical as well as numerical solutions for non-trivial states of the atmosphere can
in most cases only be obtained by simplifying assumptions.

In order to separate different flow regimes the atmosphere is divided into several horizontal
layers. These layers are defined by the dominating physical effects that influence the dynamics.
In the context of wind energy applications the troposphere which spans the first five to ten
kilometres above the ground has to be considered as it contains the relevant wind field regimes
as illustrated in figure 2.2.
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Figure 2.2: Schematic illustration of the horizontal layers in the troposphere which comprises
the lower part of the atmosphere that is important for wind energy. In the top layer above
approximately 1 km there is little influence of the ground and the wind is geostrophic driving
the flow in the lower layers. The wind field in the surface layer (up to about 100 m) is mainly
dominated by friction exerted by the ground and turbulent mixing. Under certain assumptions
a logarithmic profile can be derived for the wind speed.
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Heights above approximately 1 km are the domain of large-scale synoptic pressure systems.
Their wind field is largely dominated by the Coriolis force, caused by the rotation of the earth,
as well as the horizontal gradients of pressure and temperature. As the influence of the ground is
rather weak Coriolis force and pressure gradient force can typically be considered as balanced
leading to the geostrophic wind that blows parallel to the isobars.

This geostrophic wind field is regarded as the main driving force of the flow in the underlying at-
mospheric layer denoted as planetary boundary layer (PBL). The wind in the PBL is dominated
by the influence of the the friction exerted by the earth’s surface. Typically, the flow near the
surface is turbulent which provides a very effective coupling mechanism between wind speeds
at different heights leading, in particular, to vertical transport of horizontal momentum that is
directed towards the ground where the wind speed has to vanish. This momentum flux based on
turbulent mixing is by far larger than it would be based on molecular viscosity alone such that
the change of the surface wind with height strongly depends on the degree of turbulence in the
atmosphere.

Two different mechanisms of turbulence generation have to be distinguished. Mechanical tur-
bulence induced by wind shear on the one hand and convective turbulence due to buoyancy on
the other hand. Buoyancy is mainly caused by heating of the atmosphere from below, e.g.due to
the irradiation of the sun. The type and degree of turbulence generation influences the stability
properties of the atmosphere and, hence, the shape of the wind profile.

2.3.1 Logarithmic wind profile

In order to describe the variations of wind speed at heights up to approximately 100 m over a
homogeneous surface the logarithmic profile is used. It can be derived under the assumptions
that the atmosphere is neutral, i.e. mechanical turbulence dominates, that the pressure gradient
as well as the Coriolis force can be ignored, and that the turbulent momentum flux can be
regarded as constant with height. The procedure to derive the logarithmic profile shown here
follows Arya [1].

The vertical flux of horizontal momentum can be summarised by the turbulent stress ten-
sor τ that implicitly contains the information concerning both the driving force given by the
geostrophic wind and the coupling of the wind speeds at different heights.τ is assumed to
be constant in the surface layer. If normalised to the air densityρ the momentum flux can
conveniently be expressed by the so-called friction velocity,

u∗ :=

√
τ

ρ
, (2.1)

being the characteristic velocity scale of the flow in the surface layer.

From dimensional analysis it follows that the vertical wind speed gradientdu/dz has to scale
with the characteristic velocityu∗ and the heightz which is the typical length, hence,

du

dz
=

1

κ

u∗
z

(2.2)

whereκ is the von Karman constant which can only be found empirically and has a value of
about 0.40.
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Relation (2.2) can also be derived from the concepts of eddy-viscosity and the mixing length
hypothesis [1]. But there is still no rigorous way to extract this relation from the basic equations
of motion.

The integration of equation (2.2) leads to the well-known logarithmic wind profile

u(z) =
u∗
κ

ln

(
z

z0

)
. (2.3)

The integration constantz0 is called roughness length as it is related to the surface roughness
and varies over several orders of magnitude depending on the terrain type.

Note that the logarithmic profile does not describe the instantaneous wind speed at any time
but a time averaged wind profile not resolving the details of turbulent fluctuations in the flow.
Hence, in order to compare equation (2.3) to measurements the data have to be averaged over
suitable time intervals of the order of 10 min. The log-profile has been confirmed by many
observations of wind speeds in near-neutral conditions.

For the investigations in this worku∗ does not have to be determined because equation (2.3) is
only used to translate the wind speed from one heighth1 to a different heighth2. Forming the
ratiou(h2)/u(h1) and solving foru(h2) gives

u(h2) = u(h1)
ln

(
h2

z0

)

ln
(

h1

z0

) . (2.4)

For a further discussion of corrections to the logarithmic profile in the context of wind power
applications onshore and offshore see [14, 59, 32].

2.4 Forecasting method used in this work

The method used in this work to translate the predicted wind speed into a prediction of the
power output of a wind turbine or wind farm forecasting is very elementary. Only the two
essential steps are performed: the predicted wind speed is transformed to the hub height of
the wind turbine using equation (2.4) together with the roughness lengthz0 of the NWP. It is
then plugged into the certified power curve of the wind turbine which translates wind speed
into power output. Hence, virtually no local refinement is applied. This is done in order to
concentrate on the major effects, namely the predicted wind speed as it is given by the NWP
and the impact of the non-linear power curve. A stability correction would be desirable but
detailed information about atmospheric stratification is not available in the data set.

The typical power curve,P (u), of a wind turbine is shown in figure 2.3. One important char-
acteristic is the non-linear shape withP (u) being proportional tou3 for small wind speedsu, a
rather steep slope for medium wind speeds and the saturation for large wind speeds. In addition,
there is a finite cut-in speed at about 3 to 4 m/s, i.e. the wind speed has to be larger than a critical
value to get the wind turbine into operation.

It can easily be seen that the characteristic shape of the power curve will influence the forecast
error of the power prediction. Imagine the original wind speed prediction provides a value
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Figure 2.3: Power curve of a typical wind turbine. Above the cut-in speed of about 4 m/s
the power production increases rather rapidly. At wind speeds around 12 m/s and higher the
wind turbine keeps the power output at a rather constant level because a further increase of the
rotor speed would lead to too high mechanical loads on the structure. For security reasons the
machine shuts down for wind speeds beyond typically 20 m/s. The power curve is non-linear
and, hence, the amplification of errors in the wind speed prediction due to the local derivative
of the power curve depends on the wind speed. In intervals with a steep slope small errors in
the speed result in large deviations in the power output. Whereas for very small wind speeds
below the cut-in speed or very high speeds above 12 m/s the error in the wind speed prediction
is dampened by the small slope.

that has a small deviation from the measured “real” value of the wind speed. In the steep part
of the power curve this small difference in the wind speed is transferred to a relatively larger
difference between the corresponding predicted and measured power outputs. In contrast to this,
if a small deviation in the wind speed prediction occurs in the flat part of the power curve where
the derivative nearly vanishes, the error in the power prediction is relatively small. Hence, the
power curve amplifies or dampens initial deviations in the wind speed prediction according to
its local derivative.

The complete scheme of the prediction systemPrevientohas been introduced in section 2.2.1.
ThoughPrevientois used in principle it is run in a base mode. The parts that have been omitted
in the investigations in this work are indicated by dashed boxes in figure 2.1. The details of the
refinement models have been thoroughly investigated by Mönnich [42] and Focken [14, 15].
They found that mainly the consideration of orographic effects and thermal stratification of the
atmosphere can lead to major improvements of the prediction accuracy compared to the direct
use of the NWP input while including the local surface roughness does not necessarily reduce
the forecast error. In terms of the power prediction the relative improvement that can typically
be achieved by including stability corrections into the logarithmic profile is about 5% [14].
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The data that are used in the investigations of the next chapters fall in two categories: prediction
and measurement. Though it is quite straightforward to verify predictions at a certain site with
the corresponding measured data, the origin and the way in which both data types are calculated
or collected, respectively, deserve some discussion.

Predictions, on the one hand, are the result of a numerical integration of the equations of motions
of the atmosphere discretised on a computational grid with a rather coarse resolution of the
order of 10 by 10 km2. Hence, the predicted variables represent a spatial average over the grid
cell rather than a point value. This has to be kept in mind, in particular, with respect to the
wind vector which is sensitive to the local conditions while scalar quantities are not that much
affected.

To evaluate the accuracy of these predictions it is desirable to compare them to the “real” values
of the meteorological variables. As usual in physics measurements which are not arbitrarily
accurate are used to approximately assess reality in this respect. In contrast to the predictions,
the measurements are taken at points. For example, the cup anemometers that are usually used
to measure wind speeds have a typical diameter of the order of 0.1 m which, together with their
rather short response time due to inertia, enables a very localised measurement in space and
time.

The common approach to compare both data types at a given location is by time-averaging the
measured time series over a suitable time interval. This primarily aims at eliminating the high
frequent fluctuations due to turbulence on the time scale below 10 min as these small scales
cannot at all be resolved by the NWP. Experience shows that a reasonable averaging period
is around half an hour to one hour. This time interval captures the temporal variations of the
meteorological parameters at a synoptic scale and is, therefore, believed to correspond to the
spatial average provided by the prediction values of the NWP.

3.1 Numerical weather predictions

All prediction data used in this work are provided by the NWP of the German weather ser-
vice (DWD). The investigations are based on the results of the “Deutschlandmodell” (DM)
version 4 [54] which has a spatial resolution of 14× 14 km2 horizontally. In the vertical dimen-
sion the model comprises 30 levels extending up to 25 km height where the two lowest of these
levels are approximately at 34 m and 111 m height. The domain of the DM completely covers
Central Europe and the British Isles. The boundary values of the DM are set by the European
model EM with a resolution of about 55× 55 km2 which is itself nested into the global model
GM which spans the whole earth. The DM data are received as points on the computational
grid. To determine the forecast values at arbitrary locations the values at the four nearest grid
points are interpolated using inverse distance weights.
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From the two main runs of the DM started every day at 00 UTC (1 h CET) and 12 UTC (13 h
CET) only data from the earlier run are available at the prediction times +6, +12, +18, +24, +36
and +48 h. These times are counted relative to the starting time, 00 UTC, of the forecast run
and, hence, directly correspond to the actual time of the day in UTC.

Previous investigations, e.g. [42], showed that in the context of wind power predictions the use
of the predicted wind vector from the diagnostic level at 10 m height leads to better results than
input from the genuine model levels at 33 m or 110 m. This is surprising at first glance because
the wind field at a diagnostic level is derived from higher levels by a parametrisation of the wind
profile rather than a solution of the equations of motion. However, this parametrisation includes
the logarithmic wind profile and stability corrections which seems to lead to a more suitable
input for the procedures that are used afterwards to translate wind speed to the power output of
wind farms.

The DM predictions used here are from the years 1996, 1997 and 1999 where the focus is on
1996 due to the highest data availability in this year. The data of the year 1999 differs from the
other years as the predictions are provided as point predictions that already interpolated to the
location of the wind farm by the weather service. Moreover, the wind speed prediction is given
in a resolution of 1 knot (approximately 0.5 m/s) compared to 0.1 m/s in 1996/97.

The DWD currently operates the “Lokalmodell” (LM) which replaced the DM in November
1999. The new model LM has a higher spatial resolution of 7× 7 km2. Moreover, compared to
DM it is based on a different set of equations of motions and is, in particular, non-hydrostatic.
But these changes do not seem to lead to a dramatically different performance of the LM with
regard to the wind speed prediction as first investigations suggest [59].

3.2 Measurements

3.2.1 Wind data and power output of wind farms

In the framework of the WMEP programme (Scientific Measurement and Evaluation Pro-
gramme) funded by the German federal government the electrical power output of wind turbines
has been recorded on a regular basis since 1990. In addition, wind speed and wind direction are
measured at either 10 m or 30 m height on a nearby met mast. The time series are sampled in
5 min intervals which is more than sufficient for the investigations in this work. As discussed
above the time series of all involved quantities are averaged over one hour to make them com-
parable to the predictions of the NWP. This means that the power output is effectively integrated
over one hour such that it corresponds to the amount of electrical energy produced in this time
period. Moreover, the averaged values of wind speed and direction are also used to assess the
local meteorological conditions (chapter 7).

In the remaining chapters measurements from about 30 WMEP sites are used. The map in
figure 3.1 shows the locations of the sites, mainly from the northern half of Germany, considered
in this work. As availability and quality of the data varies significantly from site to site and
among different years most of the following investigations will be restricted to a subset of the
total set of stations.
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Figure 3.1: Set of 30 WMEP sites in Germany with measurements of wind speed, wind direction
and power output of wind turbines that are used to verify the predictions and to assess the
local meteorological conditions. The underlined stations are used for detailed investigations in
chapters 4 and 7.
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3.2.2 Atmospheric pressure

Measurements of atmospheric pressure will be considered in the assessment of the meteorolog-
ical conditions at a site. However, as the WMEP sites are not equipped with readings of surface
pressure the measurements from the nearest synoptic station of the German Weather Service
(DWD) are used. The distance between the sites and the synoptic stations are in the range from
5 to 30 km but this is regarded as uncritical because horizontal gradients of the pressure vary
only little on this scale. In contrast to the WMEP data the pressure time series are recorded on
an hourly basis which is appropriate to account for changes on a synoptic scale.

To normalise all sites to a common pressure level the surface pressure,psurface, at ground level
is corrected to the pressure at mean sea level (pmsl) using the barometric height formula:

pmsl = psurface e
gh
RT (3.1)

whereg is the gravitational constant,h the height of the synoptic station above mean sea level,
R the dry gas constant andT is the surface temperature which is also measured at the synoptic
station.
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Abstract

This chapter supplies an overview over different aspects of the prediction accuracy. The accuracy of
the predictions is assessed by comparing predicted wind speeds and power outputs with corresponding
measurements from a selection of six out of 30 sites in Germany. Starting from a visual inspection of the
time series the statistical behaviour of the forecast error is investigated showing strong evidence that the
differences between predicted and measured wind speed are normally distributed at most sites while the
distribution of the power differences is far from Gaussian. To quantitatively assess the average forecast
error the root mean square error (rmse) is decomposed into different parts which allow to distinguish
amplitude errors from phase errors. The analysis shows that amplitude errors can mainly be attributed to
local properties at individual sites while phase errors affect all sites in a similar way. The relative rmse
of the power prediction is typically by a factor 2 to 2.5 larger than that of the wind speed prediction. It
turns out that this is mainly caused by the increased relative amplitude variations of the power time series
compared to the wind time series due to the non-linear power curve. In addition, the cross-correlation is
virtually not affected by transforming wind speed predictions to power output predictions. Hence, phase
errors of the wind speed prediction are directly transfered to the power prediction. Moreover, the inves-
tigation indicates that there is little space for correction schemes that are based on linear transformations
of the complete time series to substantially improve the prediction accuracy.

4.1 Introduction

Predictions of the future development of meteorological variables are not perfect which is con-
tinuously confirmed by every-day experience as well as scientific investigations. Hence, in
order to use and to improve forecasting systems the quality of the predictions has to be eval-
uated where “quality” refers to a judgement of how good or bad the prediction is. For this
purpose the predicted values are typically compared with the corresponding measurements. In
the case of continuous variables such as wind speed the easiest way to get an idea of the quality
of the forecast is by plotting the two time series and visually assess the deviations between them
which is used in this chapter to illustrate typical errors that can occur.

In general, the quantitative assessment of the relationship between forecast and prediction in-
volves the use of standard statistical methods that will be referred to as error measures. These
error measures are based on calculating a suitable average over the deviations between predicted
and measured values over a certain time period either by using the straightforward difference
between the two or by taking the squared difference to eliminate the signs. Hence, in this work
the expression “error” refers to the numerical value found by applying one of the error measures
to the predicted and measured time series. However, note that the difference between prediction
and measurement is denoted as pointwise error.



20 4 Assessment of the overall prediction uncertainty

Of course, using the error measures requires that the data has already been recorded, i.e. the
error is always a historical value representing the forecast quality of the past. The uncertainty,
on the other hand, is understood as the expected error of future predictions which is a priori
unknown. Under the assumption that the statistics of the errors is stationary the historical error
is used as an estimate of the uncertainty.

In order to interpret the error as well as the uncertainty as confidence intervals, i.e. as a certain
range around the predicted value in which the measured value lies with a well-defined probabil-
ity, the underlying distribution of the differences between prediction and measurement has to be
known. Therefore, the statistical distributions of the pointwise prediction errors are investigated
for the wind speed and the power prediction.

4.2 Basic visual assessment

The 6 to 48 h predictions are calculated using equation (2.4) based on the 10 m wind speed
prediction of the daily 00 UTC run of the “Deutschlandmodell” (DM) (see section 3.1). A
graphical representation of the predicted and measured data conveys a first impression of the
forecast accuracy. In figures 4.1 and 4.2 the time series of the power prediction of a single
wind turbine in the North German coastal region over an interval of six days are compared to
the corresponding WMEP measurement data in an hourly resolution. The overall agreement
between the two time series is rather good in the period of time shown in figure 4.1 while the
sample in figure 4.2 illustrates a poor forecast accuracy.
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Figure 4.1: Comparison of the time series of measured and predicted (6 to 24 h) power output
normalised to rated power at one site. The agreement between the two time series is rather
good over the shown period. In particular, the increase in wind speeds on days 323 and 325 is
correctly predicted. However, the amplitudes, especially on day 326, do not completely fit.
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Figure 4.2: Same as figure 4.1 but for a period of time with a rather poor agreement. Two
characteristic errors can be observed: On day 254 a typical amplitude error occurs where the
prediction is in phase with the measurement but strongly overestimates the real situation. In
contrast to this, on day 257 the amplitude of the prediction is right but the maximum wind speed
appeared several hours earlier and decayed faster than predicted. Hence, this situation is an
example for a phase error.

This example highlights two characteristic sources of error occurring in the forecasting busi-
ness: deviations in amplitude, i.e. overestimation or underestimation by the forecast but with
a correct temporal evolution (as on day 254 in figure 4.2), and phase errors, i.e. the forecast
would match the real situation if it was not shifted in time (day 257). The following statistical
investigation has to account for these effects and must, therefore, be based on error measures
that quantitatively assess the amplitude and phase errors.

4.3 Distribution of prediction errors

The underlying probability density function (pdf) of the forecast error determines the interpre-
tation of confidence intervals and further statistical properties in the remaining chapters. Hence,
prior to assessing the error of the prediction in terms of statistical measures it is important to
analyse how the prediction errors are distributed. In particular, the question whether the error
follows a Gaussian distribution has to be tested carefully. In this section the error is understood
as the difference between prediction and measurement. Letxpred,i be the predicted andxmeas,i

the measured value then the deviation between the two at timei is given by

εi := xpred,i − xmeas,i. (4.1)

This is the definition of the pointwise error which is the basic element in the error assessment.
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Wind speed prediction

The wind speed supplied by the numerical weather prediction model (NWP) of the German
weather service (DWD) is the main input into the power prediction system and has a major
impact on the accuracy. As forecast errors are expected to change systematically with increasing
forecast horizon each prediction timetpred is treated separately. Dividing the differences,{εi},
between prediction and measurement into bins and counting the relative frequency within the
bins leads to the an empirical probability density function pdf(ε). For wind speed predictions
of the years 1996, 1997 and 1999 pdf(ε) is calculated based on predictions from the DM model
of the DWD and the corresponding WMEP measurement data from the same period of time
(chapter 3). Results are graphically shown for selected sites in figure 4.3.

The visual inspection of these figures suggests that most sites seem to have a normal distribution
of the wind speed prediction error (fig. 4.3 (top)) while the type of distribution for other sites
is not clear (fig. 4.3 (bottom)). A close to Gaussian distribution has also been inferred from
graphical representations of the wind speed prediction error by Landberg [29] and Giebel [20]
for the Danish NWPHIRLAM.

As pointed out before it is very helpful to know the type of error distribution to interpret the
standard deviations of these distributions in terms of confidence intervals. This calls for a more
detailed analysis of the characteristics of the many sites and prediction times. Consequently, the
error distributions are checked for normality using standard statistical tests. All distributions
are run through a parametricalχ2-test and a non-parametrical Lilliefors-test with the hypothesis
“pdf(ε) is normally distributed” at a typical significance level of 0.01. This means that with a
probability of 1% the hypothesis is falsely rejected although it is correct. Details on both testing
methods are given in the appendix B.

The test results for the years 1996 and 1997 show that a majority of the predictions have nor-
mally distributed errors. A total of 120 tests, i.e. 20 sites with 6 prediction times each, are
performed for each year. A summary is given in table 4.1. In 1996 about 82% of these tests do
not reject the hypothesis of a normal distribution, in 1997 the rate is even higher at 93%. The
consistency of the results between the two testing methods is rather good. In 1996 nine out of
20 tested stations pass both tests simultaneously for each of the six prediction times. The same
holds for 14 out of 20 sites in 1997. For all lead times in the two years in a row still 7 sites
have close to normal distributions. Nevertheless, the number of failures in the tests is higher
than expected for the given significance level. A closer look at the distributions that do not
pass the test reveals that their pdfs are systematically different (as in figure 4.3 (bottom)) from
a normal distribution for all prediction times. The reason for this is not clear and might be due
to systematic effects in the measurement procedure or local flow distortion.

In contrast to the previous years the 1999 data do not pass the tests that easily. 69% of the
256 χ2-tested error distributions and only 61% of the Lilliefors-tested distributions were not
rejected. There are just two sites being simultaneously tested positive by both methods at all
prediction times. The main difference between the years 1996 and 1997 on the one hand and
1999 on the other are the prediction data. In the year 1999 the predictions are provided as
point predictions already interpolated to the location of the wind farm by the weather service.
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Figure 4.3: Probability density of the deviations between predicted and measured wind speed at
10 m height with 12 hours lead time in the year 1996. A normal distribution with the same mean
and standard deviation is given by the solid line. The error-bars illustrate the 68%-confidence
levels. For the site Fehmarn (top) the distribution seems to be close to Gaussian while the errors
of prediction in Altenbeken (bottom) deviate from normality.

Moreover, the wind speed prediction is given in a resolution of 1 knot compared to 0.1 m/s in
1996/97. This has an impact on the statistical behaviour of the time series as 1 knot is about
0.5 m/s which of the order of the effects to be observed.

Hence, in 1996 and 1997 a majority of pdfs of the wind speed prediction error can be reasonable
well described by a normal distribution. Primarily, this is a convenient property as the standard
deviations can be interpreted as 68%-confidence intervals. Moreover, as the auto-correlation
function of the time series of deviations between prediction and measurement of a specific
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Table 4.1: Results of testing error distributions of wind speed for normality using theχ2-test
and the Lilliefors-test.

year number not rejected
of tests χ2-test [%] Lilliefors-test [%] simult. at all predtimes [%]

1996 120 82 81 45
1997 120 92 93 65
1999 256 69 63 13
total 496 77 [%] 74 [%] 43 [%]

lead time decays very rapidly, the prediction errors at the same prediction times on succeeding
days can be regarded as statistically independent. This means that in the following statistical
investigations the time series data can be considered as a set of independent samples.

Error in power prediction

In contrast to errors in the wind speed prediction the statistical distributions of the power pre-
diction error are completely different. Figure 4.4 indicates that the error pdfs are unsymmetric
and non-Gaussian with, in particular, higher contributions to small values, especially near zero.
This is related to the fact that wind speeds below the cut-in speed of the wind turbine, i.e. the
minimum wind speed (typically around 4 m/s) that leads to a power output, are mapped to zero
by the power curve such that this event occurs more frequent than before. Moreover, the distri-
butions are unsymmetric in most cases. Hence, it is not surprising that none of the 496 tested
distributions at different sites and prediction times passes the hypothesis of being normal.

To determine the proportion of events inside the confidence interval the pdf of the power pre-
diction error was integrated over theσ-interval around the bias. For the majority of sites the
probability to find the error in this interval is 77%. This is profoundly larger than the 68% that
would be expected if the pdf was normal.

So by converting predictions of wind speed to wind power the statistical properties in terms of
the distribution of the deviations between forecast and measurement are fundamentally changed.
This is obviously related to the impact of the non-linear power curve as the key element in
translating wind speed to power output. In chapter 6 the mechanism that transforms the pdfs is
described and used to model the effect of the power curve.
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Figure 4.4: Probability density function of the forecast error of the power prediction in the year
1996 for the same sites and prediction times as in figure 4.3. The errorsεp is normalised to the
rated power of the wind turbine. For both sites the distributions are far from being normal.
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4.4 Statistical error measures

Each meteorological prediction system has to prove its quality according to standard statisti-
cal methods. It is very important that the evaluation procedure of the prediction accuracy can
provide a rather precise impression of the average error that has to be expected. Most of the sta-
tistical error measures inevitably produce numbers that somehow assess the deviations between
prediction and measurement. But it is, of course, crucial that these results can be interpreted in
a reasonable manner. It is desirable to come up with a statement like for example“at a site XY
68% of the wind speed predictions deviate less than 1 m/s from the mean error”which requires
the choice of the right error measure and some clue concerning the type of distribution. In this
section the statistical error measures that are used in this work are defined and motivated focus-
ing only on those statistical parameters that provide some insight into the error characteristics
rather than trying out all measures that are available. As the assessment of the error plays an
important role throughout the remainder of this work the statistical error measures are discussed
here in greater detail instead of being exiled into the appendix.

A further useful quality check is, of course, whether the prediction system performs better
than any trivial type of forecasting technique such as persistence, the climatological mean or
forecasts provided by “The Old Farmer’s Almanac” [61]. To put it differently, the prediction
system has to be evaluated against a simple reference system. For this purpose various skill
scores have been developed [63]. In this work the predictions are compared to persistence as a
reference system but this is not pursued in detail.

In what follows statistical error measures describe the average deviations between predicted
and measured values. The average is normally taken over one year to include all seasons with a
chance of covering most of the typical meteorological situations. The error measures commonly
used to assess the degree of similarity between two time series are based on the difference
between prediction and measurement according to equation (4.1), i.e.εi := xpred,i − xmeas,i.

4.4.1 Decomposition of the root mean square error

The root mean square error (rmse) is very popular among the many measures that exist to
quantify the accuracy of a prediction. Despite being considered as a rather rough instrument it
is shown in this section how the rmse can be split into meaningful parts which shed some light
on the different error sources. With the definition in equation (4.1) the root mean square error
between the two time seriesxpred andxmeas is defined by

rmse :=
√

ε2 (4.2)

where the overbar denotes the temporal mean.

The rmse can easily be expressed in terms of thebias and thevariance of the error(see ap-
pendix A for detailed definitions). Using simple algebraic manipulations the error variance can
further be separated into two parts where one is more related to amplitude errors and the other
one more to phase errors. This decomposition has been beneficially used in previous investiga-
tions, e.g. by Hou et al. [23] or Takacs [58]. Hence, with the notation from Hou et al. [23] the
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decomposition of the rmse is given by

rmse2 = bias2 + sde2

= bias2 + sdbias2 + disp2 (4.3)

where

bias = ε

sde = σ(ε) (4.4)

sdbias = σ(xpred)− σ(xmeas) (4.5)

disp =
√

2σ(xpred)σ(xmeas)(1− r(xpred, xmeas)) (4.6)

with r(xpred, xmeas) denoting the cross-correlation coefficient between the two time series and
σ(xpred) or σ(xmeas), respectively, their standard deviations. Detailed definitions of the statisti-
cal quantities are given in appendix A.

Equation (4.3) connects the important statistical quantities of the two time series. It shows that
three different terms contribute to the rmse originating from different effects. Thebiasaccounts
for the difference between the mean values of prediction and measurement. The standard de-
viation, sde, measures the fluctuations of the error around its mean. As seen in section 4.3sde
is very useful as it directly provides the 68%-confidence interval if the errors are normally dis-
tributed. In the context of comparing prediction and measurementsdehas two contributions:
First, thesdbias, i.e. the difference between the standard deviations ofxpred andxmeas, which
evaluates errors due to wrongly predicted variability. This is together with thebiasan indica-
tor for amplitude errors. Second, the dispersion,disp, involves the cross-correlation coefficient
weighted with the standard deviations of both time series (equation (4.6)). Thus,dispaccounts
for the contribution of phase errors to the rmse.

Takacs [58] used the decomposition (4.3) in the context of numerical simulations of the advec-
tion equation with a finite-difference scheme. The rmse between the numerical solution on a
grid and the true analytical solution was split into two parts. On the one handbias2+sdbias2 be-
ing related to numerical dissipation which means that energy is lost due to the finite-difference
formulation of the equation of motion. In the context of this work dissipation refers to the more
general phenomenon that the amplitudes of the predicted and observed time series are system-
atically different. On the other hand he useddisp2 which “increases due to the poor phase
properties” [58]. An interpretation that will be followed in the analysis to come.

4.4.2 Limits of linear correction schemes

The prediction accuracy can in many cases be substantially improved by eliminating systematic
errors as much as possible. It is, of course, desirable, to know the reasons for these errors
and correct them using physical modelling but often the cause for systematic errors cannot be
pinned down exactly. This is where statistical methods come in which describe the overall
characteristics of the errors and allow for global corrections of the time series. Such a post-
processing is often referred to as model output statistics (MOS). A straightforward approach in
this direction is a linear transformation of the predicted values such that they on average match
amplitude and offset of the measured time series better than before.



28 4 Assessment of the overall prediction uncertainty

However, any linear correction applied to the time series leaves the cross-correlation coeffi-
cientr(xpred, xmeas) unaffected. Therefore, the cross-correlation is regarded as the “king of all
scores” [24] in weather and climate forecasting. Due to this invariance the dispersion,disp,
cannot easily be reduced by simple manipulations of the time series which limits, of course, the
space for improvements of the prediction accuracy with statistical corrections such as MOS that
are based on linear transformations.

The bias andsdbiasare sensible to linear manipulations of the time series. Hence, if an im-
provement of the forecast method leads to a better performance in terms of these error measures
it can be concluded that systematic errors mainly related to the amplitude of the prediction have
been removed. In contrast to this, changes to the prediction method that positively affectdisp
can be seen as substantial improvement in the forecast quality of the temporal evolution.

In the following two slightly different ways of finding a correction are described that provide
some benefit in terms of the overall accuracy and the understanding of the error. Both ap-
proaches are based on a linear transformation of the original prediction to obtain an improved
forecast. Hence,

x̃pred := αxpred + β. (4.7)

wherexpred is the prediction whileα andβ are real numbers. The influence of this transforma-
tion on the statistical error measures introduced in the previous section will be discussed and
the maximum decrease in rmse that can be obtained will be calculated.

Linear Regression

A very popular and successfully applied type of post-processing is based on linear regression
of the data. This method aims at minimising the root mean square error (rmse) between the
linearly transformed prediction (equation 4.7) and the measurement, i.e.

√∑
(αxpred + β − xmeas)2 → min. (4.8)

This condition gives non-ambiguous solutions forα andβ [8]:

α =
σ(xmeas)

σ(xpred)
r(xpred, xmeas)

β = xmeas − αxpred (4.9)

All quantities on the right-hand side of equations (4.9) that are needed to calculate the param-
eters can be estimated from the two time seriesxpred andxmeas. Naturally, a certain number of
data points has to be considered to ensure statistically significant parameters.

The implications of this transformation for the statistics of the corrected prediction are easy to
see by calculating the standard statistical measures:

biasLR = 0

rmseLR = σ(xmeas)
√

(1− r2(xpred, xmeas)) (4.10)
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As linear regression by definition minimises the rmse the expression in equation (4.10) is the
lower boundary of the error that can be achieved by linear transformations of the time series.

If the transformation (4.7) is applied to the same set of data points that were used to estimate
α andβ the maximum reduction of the rmse is obtained. Of course, the idea is to use the
parameters of historical data to correct future predictions. Then the improvement of the forecast
error strongly depends on the stationarity ofα andβ.

Double Bias Correction (DBC)

The decomposition of the rmse in equation (4.3) suggests a linear correction of the prediction
that simultaneously eliminatesbiasandstdbiasfrom the rmse. In this work this transformation
will be denoted asdouble bias correction(DBC). The conditions

biasDBC = 0

sdbiasDBC = 0. (4.11)

lead to the transformation parameters

α = σ(xmeas)/σ(xpred)

β = xmeas − αxpred (4.12)

which in contrast to the linear regression parameters in equations (4.9) do not involve the cor-
relation coefficient between the two data sets.

With the conditions in equations (4.11) the rmse of the corrected prediction is then obviously
identical to the dispersion

rmseDBC = dispDBC

= σ(xmeas)
√

2(1− r(xpred, xmeas)) (4.13)

Comparison of both methods

The linear regression method provides the lowest possible forecast error that is achievable with
linear manipulations of the global time series as it is based on linear regression which by con-
struction minimises the rmse.

Linear regression uses the variability and the cross-correlation of the two time series to rescale
the prediction, i.e. this method exploits their statistical dependence. In contrast to this the
DBC only refers to the variabilities which are statistically independent. In fact it re-scales the
prediction to the statistical properties of the observations. Thus, apart from a factorσ(xmeas)

DBC is equivalent to normalising both time series separately with their respective means and
standard deviations. Note that both types of correction leave the cross-correlation unchanged as
it is invariant under linear transformations.

The rmse normalised byσ(xmeas) for the two corrections is shown in figure 4.5. It only depends
on the cross-correlation. The difference between both methods decreases with increasing cor-
relation. Forr > 0.8 the rmseDBC and, thus, the dispDBC are less than 5 % larger than rmseLR.
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This means that the dispersion already provides a very good estimate of the lower boundary of
the rmse in terms of linear corrections.

The results provided here are derived for an aposteriori correction of data, i.e. the data of
one year is corrected with the parameters of the same year. The idea of any correction is,
of course, to apply parameters that were estimated from historical data to future predictions.
This inherently assumes that these statistical parameters are quasi-stationary and do not change
much in time. In practice this condition is not perfectly fulfilled such that the improvements
of the rmse given in equations (4.10) and (4.13), respectively, are lower bounds to what can be
expected for future predictions.
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Figure 4.5: Root mean square error (rmse) normalised byσ(xmeas) for the correction based on
linear regression (LR) and the double bias correction (DBC) correction versus cross-correlation
coefficient, r(xpred, xmeas), between prediction and measurement. The difference between the
two methods is small for r close to 1.

As a consequence of these considerations the verification of the predictions given in this work
will involve the rmse divided into the three parts given in equation (4.3). The prediction ac-
curacy of wind speed and power output will be analysed separately focusing on their typical
statistical behaviour at different locations.
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4.5 Wind speed prediction error for single sites

For the assessment of the prediction accuracy at individual sites the time series of predicted and
measured wind speeds as described in chapter 3 taken over one year are used to calculate the
error measures discussed above. The results shown in this section are mainly from the year 1996
as in this year data quality and availability of both, measurement and prediction, are higher for
a majority of stations than in the years 1997 and 1999. Nevertheless, the effects described here
have been investigated using data from all three years.

From the 30 sites available in 1996 six with a very high data quality and availability have been
selected as test cases to illustrate the typical statistical behaviour at different locations. Three
sites are situated in flat terrain in the North of Germany: Fehmarn on an island in the Baltic Sea,
Schuelp at the North Sea Coast and Hilkenbrook about 70 km away from the coast. Further three
sites can be found in more complex terrain: Altenbeken and Soellmnitz in slightly mountainous
terrain, Rapshagen with less but still noticeable orography. These test cases are underlined in
map 3.1 where the site Syke will be used in a later investigation.

The following analysis focuses on the general properties of the wind speed error at the selected
stations. The aim is to identify statistical characteristics that are global, i.e. similar for different
sites, and local, i.e. originating from on-site conditions. Therefore, the error measures will be
normalised to the mean measured wind speed. In table 4.2 these mean values are given together
with the standard deviation of the measured wind speed. As the ratio between the both quantities
is in a rather narrow range between 0.50 and 0.60 the standard deviation is roughly proportional
to the annual average of the wind speed.

The standard deviation of the wind speed will be considered in the following as it plays an
important role with regard to the error measures, in particular in the sdbias (equation (4.5))
and disp (equation (4.6)). However, note that the wind speed follows a Weibull-distribution
and, hence, the standard deviations of the wind speed cannot be interpreted as 68%-confidence
intervals. They are used here as a measure of the fluctuations of the time series.

Table 4.2: Annual mean values of measured wind speeds for the selected sites and correspond-
ing standard deviations of the wind speed. The ratio between the two is between 0.50 and 0.60,
i.e. mean wind speed and standard deviation are roughly proportional.

site name mean measured standard deviation of relative standard deviation
wind speed measured wind speed
umeas [m/s] σ(umeas) [m/s] σ(umeas)/umeas

Altenbeken 4.4 2.5 0.57
Fehmarn 5.6 3.0 0.54
Hilkenbrook 3.5 2.1 0.60
Rapshagen 4.2 2.1 0.50
Schuelp 4.9 2.6 0.53
Soelmnitz 3.6 1.9 0.53
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The rmse of the wind speed prediction and the different contributions to it according to the
decomposition in equation (4.3) are shown in figures 4.6 to 4.10. All values are normalised
to the mean measured wind speed given in table 4.2. In the lower left corner of each plot the
estimated error-bar related to the calculation of the corresponding statistical quantity (rmse,
bias, sde, sdbias, dispersion and correlation) based on a finite time series is shown. To avoid
overloaded plots it was not drawn around each data point. The error-bars are estimated by
randomly dividing the time series inM equally sized subsets. The statistical error measures
are then calculated for each subset separately and the standard deviation of theM results is
determined. For differentM this standard deviation divided by

√
M assuming that theM

subsets are uncorrelated. This allows an extrapolation toM = 1 which is an estimation of the
error-bar for the complete time series. In most cases the estimated values are rather consistent.
For this investigation the error-bars were chosen to represent the largest estimation found with
this procedure.
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Figure 4.6: Root mean square error (rmse) between predicted and measured wind speed at
10 m height for the selected sites in 1996 normalised to annual mean wind speed according
to table 4.2. The rmse is calculated separately for the different prediction times and seems to
increase with increasing forecast horizon. There is no apparent coherent behaviour among the
different sites. The error-bar in the lower left corner is valid for all data points.

Starting with the rmse in figure 4.6 one can observe a general increase of the relative rmse with
the prediction horizontpred which is expected due to a growing mismatch between predicted
and “real” situation. Diurnal variations are noticeable but they are not systematic for all sites,
e.g. some sites have relatively larger rmse at noon, i.e. prediction times 12 h and 36 h, than at
other times while it is vice versa for others. The relative rmse of the different sites are rather
similar being in the range of 0.25 to 0.37 for the 6 h prediction and 0.34 to 0.55 for the 48 h
prediction.
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The behaviour of the relative bias, i.e. the difference between the mean values of prediction and
measurement, as shown in figure 4.7 is very consistent for the majority of sites. Most of the
sites have strong diurnal variations indicating that on average the bias at noon is smaller than at
other times. The differences between night and day (12 h and 24 h) are of the order of 10-20 %
of the mean wind speed which corresponds to 0.4 - 0.7 m/s. All investigated inland sites have
this typical “W”-shape of the bias while for the island site Fehmarn the diurnal variations are
very weak. Sites located in flat terrain have bias with positive values for all prediction times
while all sites that can be attributed to complex terrain come up with negative bias at almost all
tpred. So in contrast to the relative rmse sites in different terrain type are clearly separated with
regard to the relative bias. This is due to the fact that the sign of the bias is important which is
neglected in the rmse (see equation (4.3)).
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Figure 4.7: Relative bias of the mean values of predicted and measured wind speed for the
same sites as in figure 4.6. Most sites show “W”-shaped diurnal variations with a comparable
amplitude. One exception is the island site Fehmarn with only weak differences between daytime
and nighttime bias. Sites located in flat terrain (solid symbols) have positive bias (Fehmarn,
Schuelp, Hilkenbrook) while sites in complex terrain (white symbols) tend to have negative bias
(Altenbeken, Rapshagen, Soellmnitz).

The diurnal variations in the bias have already been described by Focken [14] and Mönnich [42].
Differences between daytime and nighttime bias clearly suggest a systematic error in describing
stability effects of the lower boundary layer by the NWP model. This phenomenon is related
to the coupling between surface wind and wind in higher altitudes. During nights the land
surface cools the air from below leading on average to a stable atmospheric stratification that
is characterised by a low degree of vertical turbulent transport of momentum. In this case the
surface wind is only weakly coupled to its driving force which is the wind in higher altitudes.
After sunrise the situation changes as the land surface heats the air and vertical momentum
transport is enhanced due to buoyancy. Therefore, during day time the wind speeds near the
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surface are on average higher than at night. So the ”W”-shape in the bias might be caused by
imperfect modelling of this effect by the NWP.

However, for offshore sites or islands the atmospheric stability is different as the large heat
capacity of the sea dampens temperature changes of the air due to solar irradiation. Hence,
diurnal variations are expected to be weaker compared to land but can be noticeable if, e.g. the
continental coast is not too far away and the wind comes from that direction carrying properties
of the land mass as described by Lange [32]. This seems to be the case for Fehmarn which is an
island but still close to the German coast where the mean annual wind speeds of both predicted
and measured wind speeds vary less pronounced between night and day. As figure 4.7 suggests
this is covered with higher accuracy by the NWP.

The “level” of the bias, i.e. the average bias overtpred, and the sign are expected to depend on
the local conditions. The results for the majority of sites in this investigation seem to indicate
that the overall bias is mainly related to the terrain type. In flat terrain the bias is positive
which is equivalent to a general overestimation by the prediction while in complex terrain an
underestimation leads to mainly negative bias. This can be caused by the fact that the roughness
lengthz0 in the NWP represents an average over a grid cell of the size14 × 14 km2. Thus,
it might deviate from the optimal roughness length at the position of the site. An adequate
choice ofz0 plays a vital role in the refinement procedure of the power prediction system asz0

directly influences the logarithmic wind profile (equation (2.3)). Moreover, in complex terrain
the wind turbines are systematically erected at “optimal” locations, i.e. on top of hills rather
than in valleys. This might lead to the underestimation of these sites by the prediction because
the NWP includes the average orography over the grid cell into the roughness lengthz0. Hence,
the NWP uses a meso-scale roughness length representing an area rather than a local roughness
length.

The average fluctuations of the error around its mean are described by thesde = σ(ε) nor-
malised by the mean wind speed in figure 4.8. Here the increase of the error with increasing
prediction time occurs again with almost the same slope for all sites. Note that the curves for
the different sites are closer together compared to the rmse in figure 4.6. These values directly
provide the 68%-confidence interval as the underlying error distributions of the wind speed
prediction are normal which was shown in section 4.3. Hence, e.g. for the 6 h prediction at
Rapshagen the sde allows for the statement:“With a probability of 68% the deviations of the
relative forecast errors from the bias are less than 24% of the mean wind speed.”This type of
information is contained in figure 4.8 for the selected sites and all lead times.

Now sde is decomposed in sdbias which is the difference between the standard deviations of
predicted and measured time series and disp which is the contribution of the phase error to the
rmse. It can be seen in figure 4.9 that the different sites have a rather different relative sdbias.
While sites in flat terrain show a very small difference between the standard deviations of the
prediction and the measurement complex terrain sites provide a more substantial deficit in that
respect ranging up to -20 % of the mean wind speed at Altenbeken. There is no evident overall
increase withtpred. Similar to the bias of the mean values the bias of the standard deviations
does not scale with the mean wind speed.
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Figure 4.8: Relative standard deviation of the error, sde, for the selected sites. Increase of
sde with prediction time with diurnal effects still noticeable. These values directly provide the
68%-confidence interval if the underlying error distributions are normal.
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Figure 4.9: Difference between standard deviations of predicted and measured time series
(sdbias) normalised with mean wind speed for the selected sites. As in figure 4.7 the three flat
terrain sites (solid symbols) group together in the range of small sdbias. Unlike Altenbeken with
a strongly negative sdbias.
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Figure 4.10: The relative dispersion of the wind speed error is in a rather narrow range for
the selected sites. It increases with prediction time with a similar rate at all sites indicating a
systematic error that affects different sites in the same way.

Finally, the relative dispersion is presented in figure 4.10. For the different sites the relative
dispersion is in a rather narrow range of 0.23 to 0.27 for the 6 h prediction and 0.34 to 0.43 for
the 48 h prediction. Again the increase withtpred is obvious and very similar to the behaviour of
relative sde in figure 4.8. From 6 to 48 hours the relative dispersion grows by about 0.13 which
is of the order of 0.5 m/s for a site with 4 m/s average wind speed at 10 m height.

According to equation (4.3) disp is proportional to
√

σ(upred) σ(umeas) which together with the
ratios in table 4.2 explain the rather universal behaviour of relative dispersion for the different
locations in figure 4.10. The differences that still remain are mainly due to different cross-
correlation coefficientsr(upred, umeas).

So, on the one hand the dispersion is universal for all sites in the sense that the influence of
phase errors grows with prediction time at almost the same rate. Thus, all sites experience phase
errors in a similar way. On the other hand disp has a local component as it is proportional to the
amplitude variations of the prediction and measurement. The larger the amplitude variations
the larger the deviations that occur on average.

In figure 4.11 the complete decomposition of the rmse according to equation (4.3) is presented
for one site (Hilkenbrook). At this site the bias is relatively prominent and introduces strong
diurnal variations to the overall forecast error. If the bias is removed from the rmse the resulting
standard deviation, sde, of the error reveals the systematic increase of the phase error with the
prediction horizon. As the sdbias is practically not relevant the dispersion equals the sde. Hence,
though the bias, i.e. the average amplitude errors, is considerable, the rmse is mainly dominated
by the phase errors.
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Figure 4.11: Summary of the decomposition of the relative rmse of the wind speed prediction
according to equation (4.3) for one site (Hilkenbrook). The dashed lines illustrate the rmse
that can be expected if linear corrections are applied. RmseDBC refers to the DBC correc-
tion (equation (4.13)) while rmseLR (equation (4.10)) denotes the minimum rmse that can be
expected by using a correction based on linear regression.

The results of the two different linear correction schemes discussed in section 4.4.2 are also
illustrated in figure 4.11. The minimum rmse that can be achieved by linear regression (equa-
tion (4.8)) is shown by rmseLR. It is, as expected, only slightly lower than the forecast error
based on the DBC correction (equation (4.11)). In both cases the correction of the prediction
leads to rather substantial improvements, in particular for the largest forecast horizon of 48 h.
The relative improvement due to the LR correction expressed by the ratio (rmse-rmseLR)/rmse
is about 0.2 at this site. Compared to the sites in this investigation and in previous investigations,
e.g.by Giebel [20], this is around the maximum improvement that can typically be achieved for
the wind speed prediction.

One advantage of the decomposition of the rmse as it is used here is that it indicates the ex-
pected benefits of linear correction schemes. The degree of error reduction that can be achieved
by these methods strongly depends on the structure of the forecast error due to the different
contributions of amplitude and phase errors which are separately shown by bias and dispersion.
If the bias is considerable, say around±0.2 of the average wind speed, there is a good chance to
eliminate this contribution to the overall error by linear transformations of the time series. How-
ever, if the bias and the sdbias are small the forecast error is dominated by phase errors which
resist simple correction efforts and have to be addressed in a situation dependent approach.
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4.6 Power prediction error for single sites

After the overall prediction accuracy of the wind speed prediction has been assessed in the
previous section the prediction of the power output is evaluated in the following. In order to
compare different sites the assessment of the power prediction error also requires some kind of
normalisation. In this investigation the annual mean of the measured power output is taken as
reference value because it inherently considers both the machine type with its rated power and
the typical wind speeds at the location. Table 4.3 shows details concerning the turbines that are
installed at the six selected sites. The given mean values refer to the year 1996.

Table 4.3: Rated power and annual mean values of measured power output of the wind turbines
at the selected sites with corresponding standard deviation. The relative standard deviation is
between 0.99 and 1.40, i.e. it is by a factor 1.8 to 2.6 larger than the corresponding wind speed
result.

site name rated power mean measured standard deviation of relative standard
power output measured power output deviation

[kW] Pmeas [kW] σ(Pmeas) [kW] σ(Pmeas)/Pmeas

Altenbeken 150 30.2 37.9 1.25
Fehmarn 200 59.8 59.5 0.99
Hilkenbrook 80 12.0 16.7 1.39
Rapshagen 300 48.8 58.8 1.20
Schuelp 250 46.0 59.6 1.30
Soelmnitz 200 25.4 35.6 1.40

The relative standard deviation,σ(Pmeas)/Pmeas, of the measured power output in table 4.3 is by
a factor 1.8 to 2.6 larger than the relative standard deviation,σ(umeas)/umeas, of the time series
of the wind speed measurement. This factor is due to the power curve and can be regarded as the
effective non-linearity factor that describes the scaling of variations in the wind speed due to the
local slope of the power curve as already mentioned in section 2.4. IfP (u) was proportional to
u3 and the variations inu were small compared to the mean value, the ratio between the relative
standard deviations of power output and wind speed would be around 3 corresponding to the
average relative derivative.

The power predictions used here were calculated as described in section 2.4 based on DWD’s
numerical wind speed prediction. Analogous to the statistical analysis of the wind speed fig-
ures 4.12 to 4.16 show the different relative error measures versus prediction time.

The relative rmse of the power prediction (figure 4.12) is in the range of 0.5 to 1.1 for 6 h and
0.8 to 1.45 for 48 h. Hence, its overall level is about two times larger than the relative rmse of
the wind speed.

In figure 4.13 the relative bias shows a rather large discrepancy between the different sites
from 0.8 to -0.5 being considerably more pronounced compared to wind speed. The diurnal
variations are still of the order 0.1 to 0.2 but mostly inverse with maximum bias at noon rather
than midnight. Thus, the characteristic “W”-shape of the wind speed bias is lost (cf. figure 4.7).
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Figure 4.12: Relative root mean square error (rmse) between predicted and measured power
output for the selected sites in the year 1996. The rmse seems to increase with increasing
forecast horizon. There is no apparent coherent behaviour among the different sites.

0 6 12 18 24 30 36 42 48
−1

−0.5

0

0.5

1

 tpred [h]

 r
el

. b
ia

s 
of

 p
ow

er
 p

re
di

ct
io

n

Fehmarn
Hilkenbrook
Schuelp
Altenbeken
Rapshagen
Soellmnitz

Figure 4.13: Relative bias of the mean values of predicted and measured power output for
the same sites as in figure 4.6. The diurnal variations are inverse compared to the wind speed
bias in figure 4.7. Sites located in flat terrain have positive bias (solid symbols) while sites in
complex terrain tend to have negative bias (white symbols).
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Figure 4.14: Relative sde of the power prediction for the selected sites. Again the increase
of sde with prediction time can be observed. The differences between rmse (figure 4.12) and
sde of the power prediction is rather small for most sites. Hence, in contrast to the wind speed
prediction (figures 4.6 and 4.8) the sde dominates the rmse with a smaller contribution of the
bias.

The inversion of the diurnal variations compared to wind speed indicates that the difference
between mean values at daytime and nighttime is overestimated by the power prediction system.
This is mainly due to the fact that stability effects are not included in the transformation to hub
height (equation 2.4). As shown by Focken [14] this can lead to an overestimation of the wind
speed prediction, and hence the power prediction, in situations of unstable thermal stratification
which typically occur during daytime. Another influence on the bias of the power prediction is
expected by the non-linearity of the power curve as the difference between the mean values of
prediction and measurement at noon grows larger than at midnight because the midday means
have larger absolute values.

As before the sign of the bias seems to be connected to the terrain type. While flat terrain sites
have positive bias those in more complex terrain provide negative values. Thus, the general
underestimation or overestimation, respectively, of sites according to the terrain is still present
and enhanced by converting wind speed to power.

It can be seen in figure 4.14 that the relative sde, i.e. the standard deviation of the power predic-
tion error, does not differ much from the relative rmse in figure 4.12. So in contrast to the wind
speed prediction sde dominates the rmse with a smaller contribution of the bias.

The relative sdbias of the power prediction (figure 4.15) is similar to the wind speed prediction
concerning the behaviour of the individual sites. Again being in complex terrain (Altenbeken,
Soellmnitz and Rapshagen) leads to a general underestimation of the fluctuations of the mea-
sured power signal while it is vice versa for flat terrain (Fehmarn, Schuelp and Hilkenbrook).
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Figure 4.15: Difference between standard deviations of predicted and measured power output
(sdbias) normalised with mean power output for the selected sites. As in figure 4.7 the three
flat terrain sites group together in the range of small sdbias. Unlike Altenbeken with a strongly
negative sdbias.
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Figure 4.16: The relative dispersion of the power prediction is in a rather narrow range for
the selected sites. It increases with prediction time with a similar rate at all sites indicating a
systematic phase error that affects different sites in the same way.
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Here the overestimation for Schuelp and Hilkenbrook is considerably larger compared to the
wind speed results in figure 4.9.

Finally, regarding relative disp in figure 4.16 the different sites are rather similar. The overall
level is about a factor two larger than for wind speed. The differences among the sites are
smaller compared to their rmse (figure 4.12) suggesting that the relative dispersion reveals some
common statistical property.

A summary of the decomposition of the relative rmse of the power prediction at the site Hilken-
brook is shown in figure 4.17. Again the minimum rmse that can be achieved by linear re-
gression (equation (4.8)) and by the DBC correction (equation (4.11)) is illustrated by rmseLR

and rmseDBC, respectively. In both cases the correction of the prediction would lead to rather
substantial improvements for all forecast horizons. However, the overall error level that is not
accessible with the linear correction methods remains larger than 0.5 which is still rather high.
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Figure 4.17: Summary of the decomposition of the rmse of power prediction according to equa-
tion (4.3) for one site (Hilkenbrook). The dashed lines illustrate the rmse that can be expected
if linear corrections are applied. RmseDBC refers to the DBC correction (equation (4.13))
while rmseLR (equation (4.10)) denotes the minimum rmse that can be expected by using linear
regression.

It was said before that dispersion refers to phase errors by considering the cross-correlation be-
tween prediction and measurement and the individual amplitude variations of both time series.
As figure 4.18 illustrates for two different sites the cross-correlation coefficient has almost ex-
actly the same values for wind speed and the power predictions. This holds for all sites that
were investigated. Hence, the cross-correlation of the underlying wind speed prediction does
not change much when it is converted to power output.
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With the definition of the dispersion in equation (4.3) the doubling of the relative dispersion
is caused by the standard deviationsσ(Ppred) andσ(Pmeas) which are relatively 2 to 2.5 times
larger thanσ(upred) andσ(umeas) (cf. tables 4.2 and 4.3). This factor can be considered as the
effective non-linearity factor of the power curve. If the power curve followedu3 this factor
would be around 3.
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Figure 4.18: Cross-correlation coefficients for the different prediction times of wind speed and
power prediction at two different sites. Altenbeken has a comparatively low cross-correlation
while Hilkenbrook is among the sites with the highest values. At both sites there are only small
differences between the two prediction types. This holds for all all sites in this investigation. The
cross-correlation suffers only minor changes by converting wind speed to power output using
thePrevientosystem.

The large standard deviations of the measured power time series at a site are, of course, deter-
mined by the specific turbine and the local wind conditions. The prediction system is designed
to match the measured time series as exactly as possible. Hence, it should provide the same
mean and standard deviation as the “real” time series together with a correlation close to 1. In
this case the dispersion provides a lower boundary to the rmse for a given cross-correlation.
This threshold is rather high in the case of the power prediction that already ranges up to 100%
of the mean power output for the 48 h forecast. It is important to note that this level can only be
reduced by improving the cross-correlation. Changes in bias and sdbias can optimise the power
prediction only in a limited range.

In addition, figure 4.18 shows that the cross-correlation coefficients decay almost linearly with
the forecast horizon. Note that each of these coefficients has been calculated separately with
data points of one prediction time only.
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The decreasing cross-correlation coefficients indicate that as expected the mismatch between the
prediction of the NWP and local measurement grows systematically with prediction horizon.
Such a linear decay also occurs for the cross-correlation function of two rectangles. So, the
increasing divergence between prediction and measurement can be imagined as the decreasing
overlap between two rectangles that are moved apart at a constant speed where the overlap
represents the degree of correct information in the prediction. With the data in figure 4.18 the
time constant of this process would be about 230 hours, i.e. 9.5 days. However, this analogy
should not be overtaxed as the mechanism that leads to the decreasing correlation is related to
the decreasing correspondence between the three dimensional patterns of the predicted and the
“real” atmospheric state due to advection, i.e. the shift between the patterns, and defects, i.e.
local differences between the patterns. The correlation-coefficients derived from the local time
series used in this investigation represent the resulting effect of these spatial phenomena and do
not distinguish the type of process that dominates the increasing mismatch between prediction
and measurement.

Comparison with persistence

The DM prediction of wind speed is tested against persistence to compare the accuracy to a very
simple reference system in order to get an impression about the different behaviour of the two.
A persistence prediction is made by using the measurement value at 00 UTC as forecast value
for the whole prediction horizon. Thus, the current value is assumed not to change in the near
future, i.e. to persist over the forecast interval. Persistence was chosen as reference because
it inherently contains information about the actual meteorological situation at the site shortly
before the prediction horizon begins.

It can be concluded from the relative dispersion in figure 4.19 that the prediction of a NWP
has a better performance than persistence for prediction times above 6 h. This is a well-known
fact for numerical prediction systems, e.g. Landberg [29] and Giebel [20] showed that below
6 h persistence is in fact better. The reason for this behaviour might be related to a relaxation
process with decaying transients in the NWP after the initial conditions are set and the run is
started. The results for the power forecast are comparable.

Note that for forecast horizons larger than about 15 hours the climatological mean of the wind
speed is a more suitable reference system than persistence. This is due to the fact that the error
of the persistence forecast is by construction determined by the auto-correlation function of the
wind speed, which decays approximately exponentially with a time constant around 15 hours,
and, therefore, the persistence forecast is rather uncorrelated after this time period. Hence, a
new reference model based on the superposition of persistence for short forecast horizons and
the climatological mean for longer forecast horizons has been proposed by Nielsen et al. [46].
Though the use of this new reference model would reduce the difference between the errors
of NWP forecast and the reference forecast by a few percent, the wind speed prediction of the
NWP is still significantly better.
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Figure 4.19: Comparison between the relative dispersion of the persistence prediction of the
wind speed, where the current measurement value is assumed not to change over the prediction
horizon, and the NWP wind speed prediction. For lead times above about 6 h the prediction
generated by the NWP performs significantly better than persistence.

4.7 Conclusion

The decomposition of the root mean square error (rmse) into different components provides con-
siderable insight into the different origins of deviations between prediction and measurement.
The contributions of the difference of the mean values (bias), the difference of the standard
deviations (sdbias) and the dispersion (disp) to the rmse reveal some general statistical features
of the errors that allow to distinguish local effects from global properties.

Concerning local effects the results strongly suggest that the terrain type has a systematic in-
fluence on the bias and the sdbias. For the wind speed as well as the power prediction sites
in flat terrain tend to have positive bias and small sdbias while sites in complex terrain are
more inclined towards negative bias and sdbias. The reason for this is thought to originate from
the fact that the NWP uses a meso-scale roughness length which represents the typical surface
roughness including orography within the grid cell and not the local situation at the position of
the wind farm. In particular, in complex terrain the wind turbines are systematically erected at
“optimal” locations, i.e. on top of hills rather than in valleys. This might lead to the general
underestimation of these sites by the prediction. Hence, a general overestimation or underesti-
mation, respectively, by the prediction can be attributed to the on-site conditions. However, in
this investigation the terrain type was classified very roughly without quantitatively relating the
behaviour of the bias and sdbias to orography.

Diurnal variations occur mainly in the bias indicating imperfect modelling of atmospheric strat-
ification by the NWP. With regard to the bias of the wind speed most of the inland sites show a
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typical ”W”-shape where at midnight the relative bias is about 10-20% larger than at noon. At
the island site this effect is weak. The bias of the power prediction is still of the order 10% of the
average annual power output but does not reproduce the “W”-shape as the diurnal variations are
reversed which is mainly caused by neglecting the effects of thermal stratification in calculating
the wind speed at hub height.

Regarding relative dispersion, in particular for the wind speed prediction, different sites show
a very consistent behaviour indicating a general property that affects all locations in the same
way. The linear increase of the dispersion with prediction horizon has comparable slopes for
the majority of sites and describes the systematic growth of the average phase errors between
prediction and measurement with increasing lead time.

The contribution of dispersion to the forecast error plays an important role. In contrast to the
bias and the sdbias it cannot simply be calibrated out by linear transformations of the complete
time series as the dispersion involves the cross-correlation which is invariant under transforma-
tions of that kind. In this sense the dispersion provides an estimate of the lower boundary of the
prediction error and limits the space for “simple” improvements.

Compared to the wind speed prediction the relative dispersion of the power prediction is by
a factor of 1.8 to 2.6 larger. As the cross-correlation does not change by converting the wind
speed prediction to power this increase in dispersion is mainly caused by increased fluctuations,
σ(Ppred) andσ(Pmeas), of the predicted and measured power time series. Hence, the factor
mainly represents the effective non-linearity of the power curve that unavoidably amplifies the
wind speed fluctuations. Because larger amplitude variations are punished by a higher disper-
sion the prediction error of the power prediction automatically increases compared to the wind
speed prediction. Thus, the relatively large error of the power prediction system is not mainly
caused by the additional errors associated with the modelling used in the power prediction sys-
tem, e.g. local refinement. Of course, the procedure that calculates the predicted power has
to be as precise as possible but the crucial point is that the high error level of the power pre-
diction more or less directly reflects the accuracy of the underlying wind speed prediction in
combination with the influence of the non-linear power curve.

The lesson learned from this chapter is that converting a wind speed prediction to a power pre-
diction fundamentally changes the statistical properties of the prediction error. Most of these
changes can be be blamed on the non-linearity of the power curve. The error of the power pre-
dictions has a non-Gaussian distribution while the underlying wind speed errors are distributed
normally in most cases. The prediction of the power output naturally has a larger error com-
pared to the wind speed. Hence, the power prediction system primarily has to avoid additional
errors to prevent things going from bad to worse. Correction schemes based on linear regression
techniques that are applied globally to the time series are expected to be of little use to dramati-
cally decrease the forecast error. One way out of this situation seems to focus on situation-based
improvements of the wind speed prediction. This would require to work directly on the NWP
and enhance its performance with respect to an accurate modelling of the wind speed.



5 Smoothing effects in regional power prediction

Abstract

The investigation in this chapter focuses on the statistical analysis of the power prediction error of an

ensemble of wind farms compared to single sites. Due to spatial smoothing effects the relative prediction

error decreases considerably. Measurements of the power output of 30 wind farms in Germany show that

as expected this reduction depends on the size of the region. To generalize these findings an analytical

model based on the spatial correlation function of the prediction error is derived to describe the statistical

characteristics of arbitrary configurations of wind farms. This analysis reveals that the magnitude of the

error reduction depends only weakly on the number of sites and is mainly determined by the size of the

region, e.g. for the size of a typical large utility (approx. 730 km in diameter) less than 100 sites are

sufficient to have an error reduction of about 50%.

5.1 Introduction

In the previous chapter the typical forecast errors in terms of wind speed and power output are
evaluated for single sites. However, in practical use transmission system operators or electricity
traders are mainly interested in the total amount of wind energy to be expected in their supply
area for the days to come. Therefore, a prediction of the combined power output of many wind
farms distributed over a large region is required. By integrating over an extended area the errors
and fluctuations underlying the measurement and the forecast at single sites cancel out partly.
These statistical smoothing effects lead to a reduced prediction error for a region compared to
a local forecast. In this chapter the smoothing effects are investigated in greater detail. The
analysis of measured data very clearly shows a reduction of the error but is constrained to a
fixed ensemble of sites. This restriction is overcome by using model ensembles of ficticious
sites together with an analytical description of the spatial correlation of the forecast error. Thus,
the main parameters that determine the magnitude of the error reduction, namely the size of the
region and the number of sites it contains, can easily be varied. The aim is to quantitatively
describe the error reduction by spatial smoothing effects for typical wind farm configurations
and region sizes. For this purpose the error reduction will mainly be described by the ratio
between the forecast error of the regional prediction and the typical forecast error of a single
site.

5.2 Ensembles of Measurement Sites

The first approach is to investigate the spatial smoothing effects using measured data from an
ensemble of 30 wind farms in the Northern part of Germany. The sites are divided into regions
of two different types according to typical areas covered by a medium and a large utility. The
smaller regions with a diameter of approximately 140 km (see figure 5.1) contain three to five
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measurement sites each. The larger regions are about 350 km in diameter with five to seven
sites each. For comparison a very large region containing all sites which has a size of about 730
km is formed.

Figure 5.1: Regions in Northern Germany with 140 km in diameter. The points denote the
measurement sites.

The predicted and measured power output of a region is calculated by summing up the time
series for every wind farm located in the region and dividing them by the number of wind
farms. Similar to the verification analysis of single sites the standard deviation,σensemble, of the
difference between these two ensemble time series, i.e. the sde as defined in equations (4.1) and
(4.4), gives the regional prediction error. Figure 5.2 shows the results for the different region
sizes and various prediction times. The standard deviation,σensemble, of the ensemble, i.e. the
regional prediction error, is normalised to the mean standard deviation of the single sites,σsingle

according to chapter 4, and averaged over all regions of the same size. For the given ensemble
this ratio decreases with increasing region size, e.g. the 6 h prediction gives an average ratio
of 0.79 for the 140 km region, 0.68 for the 350 km region, and 0.50 for the 730 km region
(figure 5.2). In all cases the reduction of the regional prediction error is less pronounced for
larger prediction times.

5.3 Model ensembles

The analysis for the specific set of measurement sites shows a significant decrease of the pre-
diction error compared to a single site. In order to draw general conclusions concerning other
configurations of wind farms random ensembles of fictitious sites are used. Thus, the size of the
regions and the number of wind farms can be varied over large ranges to see how the reduction
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Figure 5.2: Ratio between standard deviations of error for ensemble and single prediction
(σensemble/σsingle) for various region sizes and forecast horizons for the ensemble of measurement
sites. σensemble/σsingle decreases with increasing region size. In all cases the reduction of the
regional prediction error is less pronounced for larger prediction times.

of the error depends on these parameters. For this purpose it is necessary to establish a proper
statistical description of the regional prediction error.

The key elements connecting the spatial distribution of sites with the regional prediction error
are the cross-correlation coefficientsrxy of the time series of the pointwise error, i.e.εP(t) :=

Ppred(t) − Pmeas(t), between pairs of single sites. Ifrxy is known for all pairs of sites, the
regional forecast error,σensemble, can easily be calculated usingσ of the individual sites by

σ2
ensemble =

1

N2

∑
x

∑
y

σxσyrxy (5.1)

whereN is the number of sites in the region,σx the standard deviation of the single sites.

To obtain an analytic function describing the dependence ofrxy on the site distance the follow-
ing procedure is applied. For each pair of the 30 wind farms the cross-correlation coefficient
between pointwise prediction errors is calculated and ordered according to the distance between
the two sitesx andy. Figure 5.3 shows cross-correlation coefficients versus distance for the
various forecast horizons where the data points have been averaged over 25 km bins. For small
prediction times (6 and 12 h) the cross-correlation decreases rather rapidly within 150 km while
for longer times (36 and 48 h) the decrease is much slower. This might be due to the growing
systematic errors for increasing forecast horizon which give rise to higher spatial correlations.

Note that the spatial cross-correlation coefficients of the measured power alone decay consider-
ably slower with increasing distance than the cross-correlation of the deviations. As shown by
Beyer et al.[6] the cross-correlation of the power output of wind turbines is about 0.7 at 130 km
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Figure 5.3: Spatial cross-correlation of prediction error for various prediction times. The
cross-correlation coefficients have been averaged over 25 km bins. The values do not go through
1 for d = 0 because the distances of wind turbines belonging to the same wind farm are not
resolved. For comparison the cross-correlation function of the prediction alone is also shown
which decays significantly slower than the error.

while at the same distancerxy drops to approx. 0.2 for the 6 h prediction (figure 5.3). Hence,
due to the large-scale weather patterns which simultaneously affect many wind farms the spatial
correlation of the power output is considerably higher than that of the power prediction error.

The cross-correlation of the regional prediction error is approximated by fitting analytic func-
tions of the formrxy = a · e−d/b (a andb are fit-parameters andd is the distance between the
two sites) to the cross-correlation coefficients derived from the measured data. It turns out that
piecewise exponentials lead to a suitable fit to the data points. Now the correlation functionrxy

based on the fitted data together with equation (5.1) allow for calculating the prediction error,
σensemble, of the model regions with fictitious wind farms. The individual forecast errorsσx

of the fictitious wind farms are assumed to be equal which means that they all have the same
weight. The geographical coordinates of the model ensembles are chosen randomly. Each result
given in the following represents an average value over ten realisations of ensembles with fixed
size and number of sites.

Figure 5.4 shows the ratio between the regional error and the mean of single sites,
σensemble/σsingle for two regions with different sizes versus the number of sites in the region. The
cross-correlation functionrxy based on the 36 h forecast was used. Obviously,σensemble/σsingle

approaches a saturation level for increasing number of wind farms. This limit is already reached
for a rather small number of wind farms. Beyond that point the error reduction does practically
not depend on the number of sites, e.g. for the size of a typical large utility (approx. 730 km)
about 100 sites are sufficient to have a constant level of 0.49.
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Figure 5.4: Ratioσensemble/σsingle versus number of sites for the model ensembles. Each data-
point represents an average over 10 ensembles. The fitted cross-correlation function for the 36h
forecast was used. A saturation level is reached for a relatively small number of sites.
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Figure 5.5: Same as fig. 5.4 but with theN− 1
2 behaviour of uncorrelated sites. The constant

lines indicate the limit values of the model regions. The intersection of these lines withN− 1
2

provides the number of uncorrelated sources that would lead to the same error reduction.
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For uncorrelated sources one would expectσensemble/σsingle= N− 1
2 showing no saturation for

largeN . Let the limit value for a model region beσsat then the number of uncorrelated sources
with at least the same signal to noise ratio is simply given by

N = int
(
σ−2

sat

)
+ 1

where the operatorint truncates the digits. As illustrated in figure 5.5 the limit value of the
largest region with 730 km in diameter corresponds to about 5 (exactly 4.15) uncorrelated
sources and the one of the smaller region to 3 (2.51). Thus, due to the finite correlations of
the prediction error between distant sites the regional error reduction is far less pronounced
than for uncorrelated sites.

The experimental data of section 5.2 agree very well with these calculations. Comparing the
36 h data in figure 5.2 with the values corresponding to the same number of sites, i.e. 30, in
figure 5.4 givesσensemble/σsingle = 0.71 for the 360 km region for both ensembles. For the 730
km this ration is 0.53 for the ensemble of measurement sites and 0.52 for the model ensembles.

As expected the saturation level decreases with increasing size of the region. This is illustrated
in figure 5.6 where the limit values for regions with different extensions containing 4000 sites
are shown. There is a rapid decay for extensions below 500 km.
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Figure 5.6: Saturation values ofσensemble/σsingle (4000 sites) for the 36 h forecast. Each
data-point represents an average over 10 ensembles. The dashed line illustrates the ratio,
σensemble/σsingle determined for the ensemble of all wind farms in Germany.

The distribution of distances within the ensemble of wind farms plays a crucial role in ex-
plaining the saturation level. Figure 5.7 shows typical frequency distributions of the distances
in a 360 km region for different numbers of randomly distributed wind farms. The distribu-
tions correspond to specific ensembles, i.e. another realisation has a different distribution. Fig-
ure 5.7 clearly indicates that the distribution functions converge for an increasing number of
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wind farms. Beyond a certain number of wind farms in the region the characteristic distribution
of distances approaches a limit distribution such that the regional error given by equation (5.1)
does no longer change. If the region has a certain “population density” of wind farms it con-
tains enough pairs to represent all possible correlations which contribute toσensemble. Therefore,
adding more sites to the region does not reduce the regional error, as would be expected for un-
correlated sites, and a saturation is reached.
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Figure 5.7: Frequency distribution of distances in the region with a diameter of 360 km. The
curves represent randomly chosen coordinates of 20, 100 and 500 wind farms.

The limit distribution has a mean value which is typically about half the diameter of the region.
As the distribution is concentrated around the mean most contributions toσensemble come from
this interval. For increasing region size this leads to a decreasing saturation level due to the
exponential decay of the cross-correlation function (figure 5.3).

Distribution of German wind farms

Finally, the real distribution of wind farms in Germany in the year 1999 is considered as a
special model ensemble (figure 5.8) and the regional forecast error is compared to that of a
single site as above. For the 36 h prediction this givesσensemble/σsingle = 0.43. This ratio is
illustrated by a dashed line in figure 5.6 giving a corresponding region size of 930 km which
rather exactly matches the north to south extension of Germany. Hence, this ratio agrees rather
well with the theoretically found value.

Note that the imbalance in the distribution of sites in the North and South (figure 5.8) does not
affect the resulting error reduction factor,σensemble/σsingle as the critical number of around 100
for a region of that size is, of course, exceeded.
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Figure 5.8: Distribution of wind turbines in Germany in 1999. The crosses denote ZIP-code
areas of the site locations.

5.4 Conclusion

The statistical smoothing effects of the prediction uncertainty that arise if a wind power pre-
diction is made for a region with spatially distributed wind farms lead to a reduction of the
prediction error of the aggregated power prediction compared to a single site. For an ensemble
of wind farms where the analysis is based on measured data the improvement of the prediction
is noticeable even for small regions and only few sites. Using model ensembles with randomly
chosen locations permits to generalise the results in order to identify the impact of the two main
parameters, namely the spatial extension of the region and the number of sites it contains to-
gether with their distribution. The magnitude of the reduction does strongly depend on the size
of the region, i.e. the larger the region the larger the reduction. Concerning the number of sites
contained in the area a saturation level is already reached for a comparatively small number of
wind farms. This means that only few sites are sufficient to determine the magnitude of the
improvement of the power prediction.

The results of the analysis show that for regions with a sufficient number of preferably equally
distributed wind farms it is now possible to estimate the regional smoothing effect of the wind
power prediction error by just considering the size of the region in question. As the error
reduction is due to statistical effects the power prediction for a region improves on average.
However, single events like an incorrectly predicted storm front crossing the entire area lead to
a coherent behaviour of the wind turbines. In this case the correlation of the prediction error
between the sites is, of course, higher than on average and spatial smoothing is less pronounced.

This investigation was carried out with measured data for northern Germany and output of the
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NWP of the German weather service. The regions are characterised by mainly flat terrain with
no mountains separating the area in different weather regimes. The parameters, especially the
decay length of the spatial cross-correlation of the deviations, are supposed to depend on the
typical length scales of the weather patterns crossing the region and on the numerical weather
prediction model which may have special characteristics. In the mid-latitudes where the weather
conditions are driven by high and low pressure systems the general patterns of circulation types
are comparable to our situation. Thus, the general behaviour of the cross-correlation function
between the sites which determines the degree of statistical smoothing and the saturation values
should be universal such that the qualitative results found in this investigation are applicable to
other areas in the mid-latitudes as well.

The work on this chapter has been carried out together with U. Focken [14] and is published in
Focken et al.[16].
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6 Assessment of wind speed dependent prediction error

Abstract

The investigations in this chapter follow the idea that the prediction error quantitatively depends on the
meteorological situation that has to be predicted. As a first approach the wind speed as a main indicator
of the forecast situation is considered in greater detail. The probability density functions (pdf) of the
measured wind speeds conditioned on the predicted wind speed are found to be Gaussian in the range
of wind speeds that is relevant for wind energy applications. An analysis of the standard deviations of
these conditional pdfs reveals no systematic dependence of the accuracy of the wind speed prediction
on the magnitude of the wind speed. With the pdfs of the wind speed as basic elements the strongly
non-Gaussian distribution of the power prediction error is explained underlining the central role of the
non-linear power curve. Moreover, the power error distribution can easily be estimated based on the
statistics of the wind speed, the wind speed forecast error, and the power curve of the turbine. Thus, it
can be reconstructed without knowing the actual measured power output which is interesting for future
sites or sites where no data is available. In addition, a simple formula based on linearising the standard
deviation of the error is derived. This model illustrates the dominating effect of small errors in the wind
speed prediction being amplified by the local derivative of the power curve.

6.1 Idea behind detailed error assessment

The standard error measures that are used in the previous chapter are based on annual averages
of the data and provide only one constant value for each forecast time. However, there is reason
to believe that the magnitude of the error quantitatively depends on the meteorological situation
that is to be predicted. Thus, a more detailed view on the prediction error is required where the
main parameters that characterise typical wind conditions have to be identified and related to
the corresponding forecast error.

The first candidate that can serve as an indicator of the forecast situation is the wind speed itself.
It is a continuous parameter closely related to the forecast situation and the main input into the
power prediction system such that in this chapter the role of the predicted wind speed and its
prediction error are investigated more deeply.

As outlined in chapter 2 the chain of events seems rather straightforward: the initial uncertainty
introduced by the error of the wind speed prediction is propagated through the power prediction
system where it is mainly subject to changes by the power curve. Due to its non-linearity the
power curve is expected to amplify or damp initial errors in the wind speed according to its
local derivative. And this derivative is a function of the wind speed. So clearly, the power curve
is expected to be the key element that connects the errors of the wind speed prediction and the
power prediction. Thus, the major aim here is to derive a quantitative relation between the two.

The practical use of this relation and its implementation into a wind power prediction system
is to provide the user with additional information. First of all the prediction itself and secondly
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some indication concerning the reliability of the prediction. As financial losses might be pro-
portional to the magnitude of the prediction error the inherent risk of faulty predictions must be
known for each forecast situation.

6.2 Introduction of conditional probability density functions

It was seen in section 4.3 that the probability density function,pdf(εu), of wind speed error is
Gaussian in most cases. As mentioned above a more detailed information concerning the error
to be expected in special conditions is desirable. Thus, a first approach is to refine the pdfs and
look at the statistical properties of the measured wind when the predicted wind speed is confined
to a certain value which from a mathematical point of view leads to conditional pdfs. In this
section the deviations of the measured wind speed from the predicted wind speed is investigated
in terms of these conditional pdfs.

Predicted and measured values of a meteorological variable at the same point of time and space
are naturally not independent. In fact, they are supposed to be highly correlated as this is a major
prerequisite for an accurate prediction. The pairs(xpred, xmeas) are drawn simultaneously from a
joint distribution, pdf(xpred, xmeas), that characterises the statistical properties of the prediction
and its error. This means that for arbitrary but fixed predicted valuesxpred the occurrences of
the corresponding measured valuesxmeas are expected to be mainly concentrated in an interval
aroundxpred rather than being spread over the whole range of all possible values.

In the following investigation the “prediction perspective” is taken which means that the pre-
dicted values are used as condition to the measurements. This aims at formulating the equations
such that they can directly be used for prediction purposes.

Formally the conditional pdf of the wind speed is given by

pdf(umeas|upred) =
pdf(upred, umeas)

pdf(upred)
(6.1)

wherepdf(upred, umeas) is the joint distribution andpdf(upred) the unconditional, so-called
marginal, wind speed distribution.

For practical purposes the time series are given by a finite number of data points with a certain
accuracy. So the probability function of the measured wind speedumeas under the condition
upred is approximately calculated by confining the prediction values to an interval aroundupred

and bin-counting the corresponding values forumeas.

The conditional pdfs can, of course, be used to obtain the unconditional distribution by

pdf(umeas) =

∫ ∞

0

pdf(umeas|upred) pdf(upred) dupred. (6.2)

These conditional pdfs of the wind speed can be used to reconstruct the error distribution,
pdf(εu), of the wind speed prediction that was found in chapter 4. The conditional pdfs de-
fined in equation (6.1) already contain all the information needed for that as they describe the
deviations between predicted and measured values. With the transformation

umeas 7→ εu where εu = upred − umeas (6.3)
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the pdf(umeas|upred) are merely mirrored and shifted along the abscissa and transfered to
pdf(εu|upred). The original, unconditional error distribution can then be recovered by

pdf(εu) =

∫ ∞

0

pdf(εu|upred) pdf(upred) dupred. (6.4)

Note that if the conditional pdfs are approximately equal to each other and do not vary much
with upred one obtainspdf(εu) ≈ pdf(εu|upred). In this case the overall pdfs of the error can
directly serve as conditional pdf.

Reconstructing the distribution of the power prediction error

Knowing the statistical properties of the wind speed is very helpful with regard to the prediction
of the power output as the wind speed is the main input variable fed into the power prediction
system. However, as seen in chapter 4 the error distributions of the power prediction differ
qualitatively from those of the wind speed in that they are neither Gaussian nor approximately
Gaussian which is mainly due to the non-linear power curve of the wind turbines. The following
investigation focuses on the role of the power curve in transforming the distributions of the wind
speed and its error into those of the power output.

In figure 6.1 a typical power curve,P (u), is shown with cut-in speed around4 m/s followed
by a sharp increase of power over the interval5 − 10 m/s and a saturation at the level of
rated power for higher wind speeds. Let∆u be a small interval around the wind speedu and
∆P = P (u + ∆u) − P (u) the resulting difference in the power output. For small∆u the
corresponding∆P is then given by a Taylor-expansion aroundu:

∆P =
dP

du
(u)∆u. (6.5)

This equation generally describes how wind speed intervals are mapped to power intervals. If
∆u is regarded as a small deviation between predicted and measured wind speed equation (6.5)
illustrates that the power curve scales errors in the wind speed according to its local derivative.
Thus, whether deviations in the wind speed are amplified or damped depends on the magnitude
of the wind speed.

Using equation (6.1) the probability to find a measurement valueu in the interval[umeas, umeas+

∆u] with upred confined to[upred, upred + ∆u] is

w := pdf(umeas|upred) pdf(upred) (∆u)2. (6.6)

If the area(∆u)2 around(umeas, upred) is mapped to(∆P )2 around(P (umeas), P (upred)) ac-
cording to equation (6.5) the probabilityw is preserved because all events that are recorded in
the wind speed intervals also occur in the power output intervals. Hence,

w = pdf(umeas|upred) pdf(upred) (∆u)2

!
= pdf(P (umeas)|P (upred)) pdf(P (upred)) (∆P )2

= pdf(P (umeas)|P (upred)) pdf(P (upred))

(
dP

du
(umeas)∆u

) (
dP

du
(upred)∆u

)
. (6.7)
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Figure 6.1: Power curve of a pitch regulated wind turbine (solid line). For three different wind
speeds conditional pdfs, pdf(umeas|upred,i), are illustrated on the x-axis which have mean=upred,i

and standard deviation 1. The corresponding pdf(P (umeas)|P (upred,i)) constructed from equa-
tion (6.5) are plotted on the y-axis. The pdfs are not normalised for better visualisation. For
small and large wind speeds the Gaussian wind speed distributions are strongly deformed and
no longer symmetric. For medium wind speeds the pdf of the power is significantly flatter and
broader than the pdf of the wind speeds.

If equation (6.7) is solved for the desired pdfs of the power output one obtains

pdf(P (umeas)|P (upred)) pdf(P (upred))

=pdf(umeas|upred) pdf(upred)

(
dP

du
(umeas)

)−1 (
dP

du
(upred)

)−1

. (6.8)

This equation provides the essential relation between the distributions of wind speed on the
one hand and power on the other hand. As expected the power curve plays a crucial role in
connecting the statistical properties of both quantities. Note that the divergence in equation (6.8)
for (dP/du)−1 → ∞ is compensated by∆P → 0 according to equation (6.5) such that the
probabilityw is always well defined.

Figure 6.1 illustrates the effect of equation (6.5) for three different Gaussian wind speed dis-
tributions with same standard deviations. For small and large wind speeds the Gaussian wind
speed distributions are strongly deformed and no longer symmetric. For medium wind speeds
the pdf of the power is significantly flatter and broader than the pdf of the wind speeds.

The next steps towards a full description of the statistics of the power prediction error in terms
of the wind speed distributions are now right ahead: Equation (6.8) can be used to create the
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functionspdf(P (umeas)|P (upred)) for eachP (upred). Then these functions are weighted ac-
cording to the frequency distribution ofP (upred) and their variables are shifted analogous to
transformation (6.3). Finally, these shifted functions are added and the unconditional pdf of the
power prediction error is reconstructed.

Equations (6.7) and (6.8) suggest that the basic elements in this reconstruction procedure can
be defined by

F (P (umeas), P (upred)) := pdf(umeas|upred) pdf(upred)

(
dP

du
(umeas)

)−1(
dP

du
(upred)

)−1

(6.9)

Note that this definition is an intermediate step that conveniently summarises all mathematical
terms involved. The functionsF contain the information how the conditional pdf of the wind
speed has to be transformed to the corresponding power pdf and which weight this pdf has.
Once the right-hand side of equation (6.9) has been usedF is defined in the power domain, i.e.
the independent variables arẽPmeas := P (umeas) andPpred := P (upred).

The notationP̃meas denotes the measured power obtained by plugging the measured wind speed
at hub height into the theoretical power curve. Generally,P̃meas slightly differs from the direct
measurement of the power output,Pmeas, because the power curve of the local wind turbine
might deviate from the theoretical curve or additional errors that are not covered by the power
curve come in.

Analogous to the transformation of the conditional wind speed distribution in equation (6.3) the
first variable in each of the functionsF is shifted according to

Pmeas 7→ εP where εP = Ppred − P̃meas. (6.10)

In the final step the unconditional distribution of the power prediction error is obtained by the
integration

pdfrec(εP ) =

∫ ∞

0

F (εP , Ppred) dPpred. (6.11)

Despite having a slight touch of looking complicated this method has some benefits. It ex-
clusively provides the error statistics of the power prediction based on three ingredients: the
conditional distributions of the wind speed prediction, the derivative of the power curve and the
distribution of the predicted wind speeds. For practical purposes these three components are
either given or can be estimated. The power curve is typically known numerically such that
the derivative can easily be obtained. The distribution of the predicted wind speed is normally
provided by the NWP output but if not it can be estimated from prediction data of nearby sites
or from Weibull distributions of the measurement data. If the conditional pdfs of the wind speed
are not known for the site in question it can be assumed that they are Gaussian with mean values
and standard deviations obtained by a qualified guess.

The concepts developed in the this section are now applied to data from real sites to check if the
relations between the wind speed and the power distributions can be confirmed with finite sets
of data points.
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6.3 Conditional PDF of wind speed data

The conditional pdfs of the wind speed are calculated as described by equation (6.1), i.e. the
distribution of the measured values is determined with the corresponding predicted value con-
fined to a certain interval. The range of the occurringupred is divided into equidistant bins
with width ∆u which is typically set to 1 m/s. The boundaries of the bins are given by
[upred,i −∆u/2, upred,i + ∆u/2]. Hence,upred,i denotes the middle of the bins.

In figures 6.2 and 6.3 the conditional pdfs of the wind speed at two sites with different average
wind speeds are shown based on measured and predicted data of the year 1996. In these exam-
ples the 36 h values of prediction and measurement are used but the qualitative behaviour of the
other prediction times is comparable.

The distributions for small wind speeds are unsymmetric and far from being normal. This is due
to the fact that the wind speed is always positive and deviations fromupred,i are limited towards
lower wind speeds but not towards larger ones. With increasingupred,i the pdfs become rather
symmetric.

Compared to a normal distribution with same mean and standard deviation these pdfs can be
considered as being approximately Gaussian although the number of data points available per
pdf is relatively small. Again the two statistical tests from chapter 4 are used to systematically
check the normality of the conditional pdfs. As expected the hypothesis that the pdf is Gaussian
is rejected by theχ2-test and the Lilliefors-test for distribution functions with smallupred,i. For
larger prediction values both tests indicate normality: in figure 6.2 for the pdfs with2.5 m/s ≤
upred,i ≤ 6.5 m/s and in figure 6.3 for2.5 m/s ≤ upred,i ≤ 8.5 m/s.

It is apparent from figures 6.2 and 6.3 that in most cases the mean of the conditional pdfs does
not correspond toupred,i which is related to the systematic errors in the data that already occurred
in section 4.3. This is further illustrated in figure 6.4 where the means of the pdf(umeas|upred,i)
are plotted versusupred,i. For Rapshagen (figure 6.4 (top)) the mean values are mostly above
the diagonal, i.e. the predictions are on average smaller than the measurements, leading to a
negative bias (c.f. figure 4.7). In contrast to this the majority of mean values for Fehmarn
(figure 6.4 (bottom)) is below the diagonal which corresponds to an overall positive bias.

Forupred,i > 2 m/s the mean values increase linearly withupred,i but with slopes different from
unity indicating that the predictions systematically underestimate or overestimate the measure-
ments. Within their error bars the mean values follow a line given by linear regression of all
data points except for largeupred,i where only few data points are available. Thus, the mean
values of the conditional pdfs behave as expected in that they reflect, on a bin-wise level, the
systematic errors of the complete time series.

The pdfs in figure 6.2 and 6.3 seem to become wider for increasingupred,i suggesting that the
deviations ofumeas from upred,i, i.e. the prediction errors, grow on average which is equivalent
to a decreasing forecast accuracy. This directly leads to the question if the accuracy of the
wind speed prediction depends on the magnitude of the wind speed. In this investigation no
final answer can be given as the behaviour for different sites and prediction times is rather
inconsistent.
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Figure 6.2: Conditional probability density functions of 36 h wind speed values at site with low
average wind speed (Rapshagen). The different pdf(umeas|upred,i) (shaded areas) are stacked
whereupred,i has been varied in steps of 1 m/s, i.e.∆u = 1 m/s. The vertical line in each plot
indicates the correspondingupred,i. For comparison a normal distribution having the same mean
and standard deviation as pdf(umeas|upred,i) is shown (solid lines). For pdfs with2.5 m/s ≤
upred,i ≤ 6.5 m/s the statistical tests indicate a Gaussian distribution. Note that conditional
pdfs for largeupred,i containing very few data points have been omitted.
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Figure 6.3: As figure 6.2 but for a high wind speed site (Fehmarn). Again the pdfs tend to
become similar to normal distributions with increasingupred,i which is confirmed by the tests
for pdfs with2.5 m/s ≤ upred,i ≤ 8.5 m/s. Note that the number of data points decreases for
larger upred,i. and conditional pdfs containing very few data points have been omitted.
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Figure 6.4: The mean of pdf(umeas|upred,i) versusupred,i together with the actual data points
(upred, umeas) for the 36 h prediction. Top: Rapshagen (cf. figure 6.2), bottom: Fehmarn (cf.
figure 6.3). In both cases the mean values are located on the linear regression line based on
the data points forupred > 2 m/s. Their deviation from the diagonal (dashed line) reflects the
systematic errors.
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Consider the two examples for Rapshagen (figure 6.5 (top)) and Fehmarn (figure 6.5 (bottom)).
While at Rapshagen (top) the relative standard deviation of the pdf(umeas|upred,i) has no apparent
trend and oscillates around the corresponding relative sde (see section 4.5), the pdf of Fehmarn
(bottom) seems to have an increasing standard deviation. But such a clear trend cannot be
detected for other prediction times at this site.
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Figure 6.5: The standard deviations of pdf(umeas|upred,i) normalised by the mean measured
wind speed versusupred,i for Rapshagen (top) and Fehmarn (bottom). The prediction time is
again 36 h. The solid line illustrates the unconditional relative standard deviation of the error
(cf. figure 4.8). The error bars provide the confidence intervals in calculating the standard
deviation of the conditional pdfs. While for Rapshagen no clear trend is detectable there seems
to be an increase of the relative standard deviations of the conditional pdfs with the predicted
wind speed for Fehmarn. However, this is not systematic, neither for this prediction time at
other sites nor for the other lead times at Fehmarn.
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Generally, most sites show some variation of the standard deviation of pdf(umeas|upred,i) over
upred,i with relative standard deviations that deviate of the order 0.1 from the unconditional
sde. The pdfs forupred,i ≤ 2 m/s are typically unsymmetric such that their standard deviation
cannot be interpreted as 68%-confidence interval. Due to the limitation of these pdfs at the
lower boundary their standard deviation is expected to be smaller compared to that one of the
symmetric pdfs.

These considerations lead to the result that there is only a weak, if any, systematic dependence
of the accuracy of the wind speed prediction on the wind speed.

6.4 Estimating the distribution of the power prediction error

In this section it is shown that the distribution of the power output can indeed be derived from
the conditional pdfs of the wind speed together with the power curve. Based on the empirical
pdfs of the wind speed found in the above section the unconditional distribution of the power
prediction error can be reconstructed.

First of all, the quality of the reconstruction procedure is tested against a synthetic error distri-
bution, denoted aspdftest(εP ), generated by usingεP := P (upred) − P (umeas), i.e. using the
theoretical power curve only. As figure 6.6 demonstrates for Rapshagen the reconstruction of
the error distribution that was calculated with equations (6.9) and (6.11) and the conditional
pdfs of the wind speed obtained in the last section (figures 6.2 and 6.3) almost exactly recov-
erspdftest(εP )). Thus, though the procedure of first decomposing the wind speed data into
conditional distributions, scaling them with the reciprocal derivative of the power curve and
reassembling everything again leaves some space for numerical artefacts and inaccuracies due
to small data sets it is robust enough to produce the expected results.

To be of practical use the more interesting test of the reconstruction is against the “real” dis-
tribution, pdfreal(εP ), of the prediction error. Figure 6.7 shows the estimatedpdfrec(εP ) for
Rapshagen (top) compared to the distribution,pdfreal(εP ), of the forecast error based on mea-
surements of the actual power output. The overall agreement between the two distributions is
rather good except for smallεP . The reconstructed pdf covers the typical features of the orig-
inal distribution in that it is unsymmetric in the same way and has the typical peak for small
deviations.

As the error bars ofpdfreal(εP ) indicate the reconstructed distribution does not perfectly match
the real one in all of the bins, in particular for Fehmarn (figure 6.7 (bottom)). This deviation
indicates additional sources of error that are not covered by considering the power curve effect
only.

The results so far explain how the power prediction errors are statistically distributed and why
the distribution has this special shape. If measured and predicted data of the power output are
available there is no point in putting any effort in calculating the reconstructedpdfrec(εP ) as
the error distribution is already available. However, if no data or only wind speed data is at
hand the reconstruction can be used to get an idea how the error distribution of the power might
look like. The minimum requirements to calculate this estimated distribution comprise four
important aspects: First, the reasonable assumption that the conditional pdfs of the wind speed
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Figure 6.6: Consistency check of the reconstruction procedure according to equations (6.9)
and (6.11) for the 36 h prediction at Rapshagen.εP is normalised to the rated power.
The reconstructedpdfrec(εP ) is compared topdftest(εP ) which is based on evaluatingεP :=

P (upred) − P (umeas). These two pdf should be identical. However, they show small deviations
for the bins aroundεP = 0.

are all Gaussian (as discussed in section 6.3) with the same standard deviation,σ(εu). Second,
a qualified guess concerning the value ofσ(εu), e.g. from the weather service, as in [55], or
nearby sites. Third, the distribution of the wind speeds at the desired site and, finally, the power
curve of the wind turbine has to be available.

With the considerations of this section the conditional pdfs, pdf(εP |Ppred), can in principle be
constructed and, hence, for each prediction valuePpred an individual estimate of the error dis-
tribution around this value could be supplied. However, the data sets that are used do not allow
for a proper verification of the individual pdf(εP |Ppred) with measured data as, in particular, for
medium and high power outputs the number of data points is rather small. Hence, the difficul-
ties in using statistical tests that already occurred for high wind speeds in section 6.3 are more
severe with regard to power. Thus, in this investigation only the unconditional distribution of
the power prediction error is reconstructed and compared to measurements because in this case
all available data points at a site for a specific prediction time can be used.

In the next section it is shown that under simplifying assumptions a good estimation of the
individual error bars of a specific wind power prediction can be derived.
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Figure 6.7: Comparison of reconstructedpdfrec(εP ) according to equation (6.11) to the dis-
tribution of the actual measured power outputpdfreal(εP ) as it was recorded for the 36 h pre-
diction at Rapshagen (top) and Fehmarn (bottom).εP is normalised to the rated power. As the
error bars of the real distribution indicate the agreement between the two pdfs for Rapshagen
is rather good withpdfrec covering the typical features ofpdfreal except the large peak for very
small εP . The two pdfs at Fehmarn show differences for small positiveεP which indicate that
the reconstruction model based on the power curve effect does not cover all error sources.
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6.5 Simple modelling of the power prediction error

Under the assumption that the prediction error of the underlying wind speed prediction does not
change much over the range of typical wind speeds as discussed in section 6.3 the accuracy of
the power forecast at a particular wind speed expressed as standard deviation of the error, sde,
can be described rather well with a very simple approach.

For small deviations between predicted and measured wind speed the sde of the power predic-
tion is linearised using a Taylor expansion at the predicted wind speedupred which leads to a
“conditional” wind speed dependent error estimate given by

σ(εP )|upred
=

∣∣∣∣
dP

du

∣∣∣∣
upred

σ(εu). (6.12)

This equation is very basic in the sense that it takes only the effect of the local derivative
dP/du(upred) of the power curve into account and uses the average sde,σ(εu), obtained from
pdf(umeas|upred,i) as accuracy for all wind speeds. The approach neglects that deviations be-
tween the certified, i.e. theoretical, power curve and the real power curve might occur which
can have a significant influence on the prediction error. But this source of error can only be elim-
inated by using the corresponding measurement data to correct for these systematic deviations
while equation (6.12) generally models the error amplification effect of the power curve.

In figure 6.8 the error of the power prediction where the corresponding predicted wind speed
is confined to intervals of width1 m/s for the two sites Rapshagen and Fehmarn is plotted
versus the predicted wind speed. The bars denote the bin-wise standard deviation of the power
prediction error,sde(εP ) = σ(εP )|upred

at a particular wind speed. Again one year of WMEP
data (see chapter 3) has been used. Obviously, the accuracy of the power prediction depends
on the predicted wind speed. This is mainly due to the power curve effect as the solid line
calculated from equation (6.12) indicates.

At Rapshagen this simple model describes rather precisely the behaviour of the actual power
prediction error as illustrated in figure 6.8 (top). However, at Fehmarn (figure 6.8 (bottom))
this modelling approach does not lead to an accurate description of the prediction uncertainty.
At this site the deviations between predicted and measured power output are not completely
explained by the linear amplification of small wind speed errors according to equation (6.12)
due to differences between the certified and the real power curve. But for many sites the model
provides a rather good estimation of the wind speed dependent power prediction error.

The amplification of the error caused by the local slope of the power curve is clearly detectable
in the sde of the power forecast and can be used to model the prediction error depending on
the wind speed. Figure 6.9 demonstrates how this can be implemented in a power prediction
system likePreviento. The specific uncertainty of each prediction given by equation (6.12) is
illustrated by the shaded area around the predicted value. It is calculated by using the derivative
of the certified power curve and theσ(εu) corresponding to each prediction time. Thus, to apply
equation (6.12) for prediction purposes historical data is needed to determine the statistical
error,σ(εu), of the underlying wind speed prediction.

This uncertainty interval provides additional information to the user and enables him to assess
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Figure 6.8: Standard deviation of bin-wise power prediction error versus wind speed for the
36 h prediction at Rapshagen (top) and Fehmarn (bottom). The bars denote the sde between
predicted and measured power output conditioned on wind speed intervals of width 1 m/s. For
medium wind speeds up to 12 m/s the forecast error increases. At Rapshagen this behaviour is
very good approximated by the product of the derivative of the power curve and the wind speed
error (solid line) according to equation (6.12) while at Fehmarn the simple modelling approach
underestimates the power prediction error for larger wind speeds which is due to effects not
covered by this model.
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Figure 6.9: Times series of prediction (“o”) and measurement (solid line) over a period of
18 days. The shaded area is the uncertainty estimate given by equation (6.12). Typically, the
uncertainty interval around the predicted value is small for low predictions, i.e. flat slope of
the power curve, and large for predictions between 20% to 80% of the rated power where the
power curve is steep. Of course, for power outputs near the rated power (not shown here) the
uncertainty again decreases.

the risk of a wrong prediction. Of course, this procedure has to be refined in the future by taking
the unsymmetric pdfs of the power error into account (see section 6.4).

6.6 Conclusion

This chapter contains a first approach towards a situation dependent assessment of the prediction
error where wind speed is the indicator that characterises the forecast situation.

Using wind speed as additional parameter a detailed analysis of the statistical properties of the
prediction error shows that the conditional probability distribution functions (pdf) of the wind
speed error are mainly Gaussian in the range of wind speeds that is important for wind power
applications. The mean values of these pdfs are as expected on the line given by linear regres-
sion of the scatter plot reflecting the systematic error in the prediction. The more interesting
question whether the prediction error expressed as standard deviation around these mean values
increases with increasing wind speed cannot finally be answered here as the data for the differ-
ent sites and prediction times does not show a consistent behaviour. However, the results of this
chapter suggest that there is only a weak, if any, systematic dependence of the prediction error
measured as the standard deviation of the differences between prediction and measurement on
the magnitude of the wind speed.
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A main result of this chapter is that the non-Gaussian distribution of the power prediction error
can be modelled. Understanding the mechanism that transforms initially Gaussian wind speed
error distributions into strongly non-Gaussian power error distributions allows to easily estimate
the pdf of the power prediction error for any wind farm without knowing the actual predictions
and measurements of the power output.

The approximated reconstruction of the pdf of the power forecast is based on three ingredients:
the pdf of the measured wind speed conditioned on the predicted wind speed, the frequency
distribution of the wind speed prediction and the power curve of the wind turbine. However, if
for practical purposes the conditional pdf of the wind speed at a site is not available it can be
estimated by assuming that the distribution is Gaussian with a standard deviation of the wind
speed error taken from a nearby site or from the publications of the Weather Service (e.g. [55]).
The exact frequency distribution of the predicted wind speed could be replaced by either the
distribution of the measurements or distributions from nearby synoptic stations. This means that
an estimate of the statistical distribution of the power prediction error at a site can be obtained
using information that is readily available for existing wind farms and can even be obtained
prior to the erection of the wind farm at the desired location. This is, for example, convenient
to assess the prediction error for future offshore wind farms.

Of course, the “real” distributions of the power prediction errors given by comparing predicted
and measured power output might look different. The method derived here does only consider
the effect of the power curve neglecting other sources of error. In particular, the power output
is modelled by plugging wind speeds into the certified power curve representing the average
behaviour of the wind turbine under standard conditions. However, experience shows that the
output of individual turbines can well deviate significantly from their certified power curves
for various reasons [42]. Thus, for practical use the limitation of this reconstruction is clearly
that it is oblivious to these additional error sources beyond wind speed. Nevertheless, it sheds
some light on the mechanism that produces the typical non-Gaussian distributions of the power
prediction error.

A very simple model that describes the dependence of the power prediction error on the wind
speed with a linearised approach is used. It shows that most of the error can be explained by the
influence of the power curve that amplifies the rather constant prediction error of the wind speed
according to its local derivative. This procedure can directly be implemented intoPrevientoto
provide situation dependent uncertainty estimates for each prediction time.

These uncertainty intervals are symmetric which is a major shortcoming of this simple model
because it is already clear that the distributions of the power prediction error are non-Gaussian
and unsymmetric. However, to provide good estimations of the conditional power distributions
around each prediction value a lot information has to be recorded concerning the statistics of
the specific site. Therefore, the simple model suggested here is only the first step towards a
comprehensive description of the situation based error statistics.

Parts of the results in this chapter have been published in [35, 33].
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7 Relating the forecast error to meteorological situations

Abstract

The investigation in this chapter focuses on the quantitative relation between the error of the wind speed

prediction and the corresponding specific meteorological situation. With methods from synoptic cli-

matology an automatic classification scheme is established using measurements of wind speed, wind

direction and pressure at mean sea level to characterise the local weather conditions at a site. The clas-

sification procedure involvesprincipal component analysisto efficiently reduce the data to the most

relevant modes.Cluster analysisis used to group days with similar meteorological conditions into com-

mon classes. A comparison of these clusters with large-scale weather maps shows that typical weather

situations are successfully captured by the classification scheme. The mean forecast error of the wind

speed prediction of the German Weather Service is calculated for each of the clusters. It is found that

different meteorological situations have indeed significant differences in the prediction error measured

by a daily rmse where the maximum rmse can be by a factor of 1.5 to 1.7 larger than the minimum rmse.

As expected, high uncertainties in the forecast are found in situations where rather dynamic low pressure

systems with fronts cross the area of interest while stationary high pressure situations have significantly

smaller prediction errors.

7.1 Introduction

The investigation in this chapter continues to follow the idea of evaluating the forecast error for
specific weather situations. But in contrast to the previous chapter the meteorological conditions
will now be described by a far larger set of variables than only wind speed to include more
details of the atmospheric state and its temporal evolution over one day. The aim is to really
distinguish different weather classes and relate them quantitatively to their typical prediction
errors.

It is a well-known fact that the performance of numerical weather prediction (NWP) systems
is not equally well for every meteorological situation and that their accuracy depends on the
situation that is to be forecast. In an overview of the prediction uncertainty of weather and
climate forecasts Palmer [49] points out that “certain types of atmospheric flow are known to
be rather stable and hence predictable, others to be unstable and unpredictable”. Thus, the
challenge is to know in advance how predictable the current meteorological situation is.

There are already different approaches how to include information about the changing reliability
of the numerical forecast into the prediction. A very popular one is the use of ensemble predic-
tions where the chaotic properties of the non-linear equations of motion of the meteorological
variables are exploited, e.g. described in [49, 23]. Lorenz [37] demonstrated that low dimen-
sional non-linear weather models are sensitive to small changes in the initial conditions which is
the typical indication of deterministic chaos. Hence, to get an overview over the possible range
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of weather situations that can evolve from a given situation the initial condition of the NWP is
perturbed. Then the NWP calculates separate predictions for each initial condition leading to an
ensemble of possible outcomes. Thus, ensemble forecasts provide a range of possible weather
situations that can occur with a certain probability. The difficult part is to generate suitable
ensembles allowing for a statistical interpretation of the results which might differ profoundly.

Ensemble forecasts are computationally expensive and, therefore, for operational use mainly
generated by large meteorological institutes such as the European Centre for Medium Range
Weather Forecasts (ECMWF). However, Landberg et al. [31] used a simpler version of ensem-
ble predictions in connection with wind power application which they denoted as “poor man’s
ensemble forecast”. The idea is to take the spread between different prediction runs, e.g. at
00 UTC and 12 UTC, calculated for the same points of time in the future. The larger the de-
viation between the prediction runs the greater the uncertainty of the prediction. This concept
has recently been enhanced by Pinson and Kariniotakis [50]. They established a continuous
risk index from the spread of several forecast runs of the wind speed prediction to derive the
corresponding degree of uncertainty connected to the power prediction.

The technique used in this chapter to assess the uncertainty of a specific prediction is different
from the ensemble approach as it is based on a classification scheme of the weather situation
which is not directly related to the prediction system. The approach here is to describe the
situation of each day by a suitable set of local meteorological variables, then sort it into a
certain category, and associate each of the categories with a typical prediction error derived
from historical data.

Intuitively, at least two types of meteorological situations over Northern Europe are expected to
show considerable differences in terms of the accuracy of the wind speed prediction. Weather
situations with strong low pressure systems coming in from the Atlantic Ocean are supposed
to be of the unstable type that is hard to predict. These situations can be very dynamic as the
advection speed of the low is typically rather large and, in addition, its frontal zones may cause
strong winds. In dynamic cases the real situation can evolve quite differently from the one
that had been predicted. In contrast to this high pressure systems with typically moderate wind
speeds are rather stationary and can persist for several days which should make it easier for the
NWP to provide a reliable prediction.

It is the purpose of this chapter to establish a method that automatically generates useful weather
classes and, hence, implicitly defines what a “strong low” or a “stationary high” is in terms of the
local conditions at different sites. Moreover, the investigation here aims to answer the question
how large the various prediction errors are and whether they differ significantly for different
meteorological conditions.

7.2 Methods from synoptic climatology

The techniques that are applied in this investigation are well established in synoptic climatology.
In a very good overview over the subject Yarnal [65] points out that “synoptic climatology re-
lates the atmospheric circulation to the surface environment”. Hence, this branch of climatology
explicitly aims at linking meteorological conditions to external variables, such as concentration
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of air pollutants, which is exactly the type of problem that is addressed in this work.

Quite a variety of powerful methods has been developed in this field and tested in numerous
applications [4, 65, 56]. The main principles are very similar. The first step is to identify
typical structures or patterns of the atmospheric circulation in order to develop a classification
scheme that is only based on meteorological variables. After the classification is established
the statistical or deterministic relationship between these structures and a surface variable of
interest is investigated. Normally, this variable is non-meteorological in the sense that it does
not describe the state of the atmospheric flow.

Regarding the classification scheme there are two main approaches. On the one hand manual
methods where a meteorologist evaluates the synoptic situation within a certain framework ac-
cording to his experience and on the other hand automatic schemes which use computer-based
algorithms to sort meteorological data into different classes. A well-known manual classifi-
cation scheme for Central Europe is the catalogue of “Grosswetterlagen” by Hess and Brez-
sowski [19]. It comprises 29 large scale weather situations which are distinguished by their
different spatial arrangement of the pressure systems. In contrast to this, automatic schemes
typically exploit correlations between patterns or use eigenvector techniques such as principal
component analysis (PCA) to extract synoptic weather classes from numerical data. Yarnal [65]
points out that both the manual and the automatic methods contain a certain degree of human
subjectivity because someone has to decide, e.g., on the set of variables and the number of
classes.

The method chosen in this work to analyse how the forecast error is related to the weather
type relies on computer-based classification techniques and follows in principle an investigation
carried out by Shahgedanova et al. [56]. They used principal component analysis in combina-
tion with cluster analysis of surface and upper air meteorological data to derive a classification
scheme of the synoptic situation in Moscow where PCA was used for data reduction and cluster
analysis to sort similar days into common groups. These weather types were then connected to
typical concentrations of air pollutants such as CO and NO2. It was found that certain weather
patterns result in significantly high levels of urban air pollution.

In contrast to Shahgedanova et al. the set of meteorological variables used here will be smaller
with no upper air data involved. The role of the pollutant will be played by the forecast error.
In the following the use of PCA and cluster analysis is explained.

7.2.1 Principal component analysis (PCA)

Principal component analysis (PCA) is used to extract the relevant eigenmodes from the me-
teorological data. This technique produces eigenmodes which can be ordered according to the
degree of variance they explain in the data. Hence, the modes that contribute most to the time
series can be selected for the further analysis which allows to effectively reduce the amount
of data. The weather situation of each day can then be approximately expressed as a linear
combination of these eigenmodes.

The variables used here are the horizontal wind vector~u = (u, v) and the atmospheric pressure
at mean sea level (pmsl). These are the natural candidates to start with as they are closely related
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to the wind field. To account for temporal variations over one day the variables are taken at 0, 6,
12, 18, 24 UTC. Several values of the wind vector per day resolve changes in wind direction and
speed, e.g. during the passage of a frontal system. This provides the possibility of separating
dynamic from static weather situations. The record of the temporal variations of pmsl can partly
compensate for the fact that spatial pressure gradients which are the main driving force of the
wind are not available in this investigation.

The temperature that is often included to find synoptic indices is not considered here. This is
done because absolute temperature is mainly used to determine the type of air mass, e.g. by
Shahgedanova et al. [56], but it is not directly related to the wind field. Moreover, temperature
tends to be a dominating variable that requires the data sets to be split into winter and summer
part. But doing so would leave only half the data points for the analysis which makes it difficult
to have significant results in the end. However, for further investigations it would be desirable to
include temperature and humidity to be able to detect fronts with more parameters than changes
in the wind vector. Of particular interest for further investigations are, of course, temperature
differences at different heights to assess atmospheric stratification (c.f. Focken [14]).

The measured data are written into a matrixM where the columns contain the different vari-
ables and each row corresponds to one day. The measurements at the various day times are
considered as separate variables. As wind vector and surface pressure have very different or-
ders of magnitude both are normalised with their standard deviation and pmsl is additionally
centralised by subtracting the mean value. Hence,M is given by:

M =




u1,0 · · · u1,24 v1,0 · · · v1,24 pmsl1,0 · · · pmsl1,24
...

...
u365,0 · · · u365,24 v365,0 · · · v365,24 pmsl365,0 · · · pmsl365,24


 (7.1)

where the subscripts denote the day of the year and the day time.M is the so-called data matrix
with dimension 365 by 15 having one row for each day of the year with 15 measurements per
day at the times 0 h, 6 h, 12 h, 18 h and 24 h UTC.

The PCA of matrixM is carried out numerically by diagonalising the so-called covariance
matrixC = M tM . The 15 eigenvectors,~pi, of C are the desired principal components (PC) of
M while the eigenvalues,λi, of C are the weightsλi of the different components that express
the degree of variance a particular PC contains. A full description of this procedure can be
found in Broomhead and King [9].

The set of principal components{~pi} with i = 1, . . . , 15 constitutes a new orthonormal basis
of the phase space of the full set of data points. The ordering of the PC according to the
eigenvalues,λi, allows to select only the first few PC spanning the subspace where most of
the relevant dynamics takes place. The number of relevant modes,N , to be considered for
further analysis is not precisely defined and has to be inferred from the spectrum of eigenvalues
and the corresponding PC. In this investigation the visual inspection of these quantities and
the cumulative variance

∑
λi of the firstN eigenvalues will be used as criteria to decide on

the number of modes to be used. Hence, by transforming to new coordinates and reducing
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the degrees of freedom PCA efficiently codes the information contained in the meteorological
raw-data and in that sense acts as a data reduction technique.

The use of PCA as a data reduction technique means that the eigenvalue spectrum is mainly
used to account for the degree of variance contained in each of the corresponding eigenmodes.
This is a statistical or climatological interpretation of the eigenspectrum and not a non-linear
systems approach. In the context of dynamic systems a similar technique, time-delay embed-
ding, is also applied as a tool to decompose phase space dynamics in different modes with the
aim of extracting the degrees of freedom of the non-linear system, e.g. described in detail by
Broomhead and King [9] or Kantz and Schreiber [27]. However, the approach used in this work
and in particular the construction of the data matrixM does not aim at providing a delay em-
bedding of the time series as the sampling intervals are not adapted for this purpose and the
number of data points is far too low. Hence, the number of eigenmodes provided in this context
cannot contribute to the question how many degrees of freedom the weather or climate system
has as discussed, e.g., by Nicholis and Nicholis [45] and Grassberger [21].

After a choice concerning the number of relevant PC is made, the data inM is transformed to
the reduced basis such that each day can be represented as a linear combination of the selected
PC. Let{~qi}, i = 1, . . . , N , be the basis chosen from the firstN PC of the full eigenvector basis,
{~pi}, of M . Then

Q := (~q1 . . . ~qN) (7.2)

is the transformation matrix that can be used to easily project the data inM on the new basis by
a multiplication from the right

X := MQ. (7.3)

The entries inX are the scalar productsxij = ~mi · ~qj where~mi is the i-th row ofM . In other
wordsxij is the contribution of the j-th PC to the i-th day. Consequently, each day~mi can be
approximately (because only aN -dimensional subspace is considered) expressed by

~mi ≈
N∑

j=1

xij~qj. (7.4)

Thus, the 365 byN matrix X is the reduced data matrix that is thought to contain most of
the relevant meteorological information of one year of data. However, so far nothing really
happened in terms of the classification scheme because the data has merely been recoded. The
next step applied to the reduced data set will be cluster analysis.

7.2.2 Cluster analysis

Cluster analysis is a standard method used to group objects with similar properties together. As
described in a concise overview by Everitt [13] it has a wide range of techniques and is often
applied in climatological investigations [65, 26, 56].

In this work the aim is to obtain a rather small number of clusters which contain days with
similar meteorological conditions being different from the days in the other clusters. Of course,
the clusters found are required to represent typical weather classes.
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The type of cluster analysis used here is called hierarchical or agglomerative. It acts iteratively
on the phase space by computing the distances between each pair of objects in the phase space
and then joining the closest two objects to a new cluster. After the new cluster is formed the
procedure is repeated. Starting point is a situation where all points in the phase space are
considered as separate clusters. As the final iteration merges all clusters into one group the
process has to be stopped when a certain number of clusters is reached. The criterion to stop
the iterations is derived from observing the growing distances between the clusters.

Though the basic concept is rather straightforward there are profound differences in the results
of various clustering procedures because the key point of this technique is how distances be-
tween clusters are defined and under which rule new clusters are formed. First of all, a metric
has to be chosen that evaluates distances between single points in the phase space. Here the
Euclidean metric (equation (7.5)) is applied as there is no apparent reason for a different one.
A more crucial point is the definition of distances between clusters. As the type of distance
measure implies which two clusters will be joined next it is referred to as “linkage method”.
Three typical linkage methods are briefly introduced using the following notations.

Let ~xi := (xi,1, . . . , xi,N) with i = 1, . . . , 365 denote the coordinate vector describing a point in
theN dimensional reduced phase space. The distanced(~xi, ~xj) between two states is given by
the Euclidean measure

d(~xi, ~xj) =

√√√√ 1

N

N∑
q=1

(xi,q − xj,q)2. (7.5)

After a number ofNA phase states has been joined into one cluster,CA, the members of this
cluster will be denoted as~xA

r wherer = 1, . . . , NA is the new index withinCA.

Complete linkage method

To evaluate the distance between two clustersCA andCB in the complete linkage method all
pairs of Euclidian distances between members ofCA andCB are computed. Then the maximum
distance that is found between the individual members is used as distance between the two
clusters. Hence,

dcomplete(CA, CB) := max
(
d(~xA

r , ~xB
p )

)
where (~xA

r , ~xB
p ) ∈ CA × CB. (7.6)

Average linkage method

Average linkage is a combination of complete linkage as described above and its complementary
definition, called single linkage, where the minimum of the distance between cluster members
is taken. In average linkage the mean value of the individual distances is used to define the
cluster distance between two clustersCA andCB, i.e.

daverage(CA, CB) :=
1

NANB

NA∑
r=1

NB∑
p=1

d(~xA
r , ~xB

p ) (7.7)

whereNA andNB are the respective numbers of elements inCA andCB.



7.2 Methods from synoptic climatology 81

Ward’s linkage method

Ward’s method is also referred to as minimum variance method [26] as it evaluates the change
of within-cluster variance if two clusters are merged.

d2
ward(CA, CB) :=

NA NB

NA + NB

d
(
~xA, ~xB

)2

(7.8)

where~xA =
∑NA

r=1 ~xA
r is the centre of mass of clusterCA and~xB the one ofCB.

Kalkstein et al. [26] thoroughly investigated average linkage, Ward’s linkage and a third tech-
nique, centroid linkage, that is not used here. They found that for weather classification pur-
poses average linkage produced the “most realistic synoptic groupings” as it provides rather
homogeneous groups of days with similar meteorological conditions and sorts extreme events
into separate clusters instead of combining them into a common class. In contrast to the other
techniques average linkage minimises the within-cluster variance, i.e. the mean variance among
the days within one cluster, and maximises the between-cluster variance, i.e. the mean variance
between the centres of mass of different clusters. Shahgedanova et al. [56] also confirmed the
usefulness of average linkage in their investigation.

Ward’s linkage on the other hand tends to produce clusters of equal size and, therefore, sorts
days with extreme weather conditions together with less extreme days which “blurs distinctions
between the types” [26]. Thus, this method was considered as inferior compared to average
linkage to produce meaningful synoptic classes. However, Yarnal [65] provides classification
problems which are quite comparable to those by Kalkstein et al. [26] and Shahgedanova et
al.[56] but where Ward’s method is superior to average linkage which leads the conclusion that
both methods should be tested.

In this work average and Ward’s linkage are used as they have been successfully applied in
previous investigations. Additionally, complete linkage is also applied.

7.2.3 Daily forecast error of wind speed

For the analysis of the forecast error a new error measure is introduced that evaluates the per-
formance of the prediction system over one day:

rmseday =

√
1

4

∑
tpred

(
upred,tpred

− umeas,tpred

)2
with tpred = 6h, 12h, 18h, 24h (7.9)

whereupred,t andumeas,t are predicted and measured wind speed.

It is, of course, desirable to also include predictions with horizons beyond 24 h into the error
measure. However, higher lead times have not been included so far because only two larger
prediction times, 36 h and 48 h, are available in the investigated data set which is only half
the number of data points for the analysis compared to the period 6 to 24 h. Hence, this first
approach is restricted to the earlier lead times.

This “daily error” assigns one single value to each day in a cluster which is analogous to using
the daily concentration of a pollutant by Shahgedanova et al. [56]. The characteristic property
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of this definition is that the point of time at which a deviation between prediction and measure-
ment occurs is not relevant. Moreover, with the definition in equation (7.9) errors caused by
coherent structures such as a wrongly predicted front are summarised in one error value, i.e. the
correlation between succeeding deviations is implicitly taken into account.

The idea behind choosingrmseday can be illustrated by an example. Imagine a low pressure
system approaches the domain of interest. It brings a rise in wind speeds that is predicted for
the late afternoon, say 18 h, but actually arrives a few hours earlier, say 12 h. In this case the
difference between predicted and measured values is rather large and negative at 12 h (because
the prediction did not foresee the low) and small and negative at 18 h (because the prediction
expected the wind speed to start increasing). Moreover, at 24 h the low has passed and the
wind speed actually decreases while the prediction still suggests high wind speeds leading to a
positive deviation. Now these situations can typically produce phase errors where the deviations
at a number of lead times in a row are coherently affected. Another important point is that in
terms of the daily error measure it should not matter whether the low is too fast as in this
example or is behind schedule, i.e. arrives later than predicted.

7.2.4 Tests of statistical significance

Resolving individual situations reduces the amount of data points available per cluster by about
a factor 10 and, thus, statistical significance becomes an important issue. Therefore, care has
to be taken not to be fooled by statistical artefacts such that in this chapter and the next one
tests for statistical relevance will again be applied. To check if the differences in the statistical
values of different clusters are not obtained by chance an F-test together with Scheffe’s multiple
comparisons are applied which are based on relating the within-cluster variance of the error
values to the variance of the error values in the remaining clusters. The details of the tests are
described in the appendix B.
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7.3 Results

The methods described above are applied to the data described in chapter 3. To develop a cli-
matological classification scheme measured data from one year is used. The horizontal wind
vector~u at a site is calculated by sine-cosine transformation of the measured wind speed and di-
rection at, preferably, 30 m to avoid artefacts from obstacles that might occur for lower heights.
However, if the 30 m measurement is not available 10 m data are also used. The corresponding
surface pressure is taken from the nearest synoptic station of the German Weather Service. It is
converted to mean sea level using the barometric height formula.

To avoid complications due to missing data points only sites with a high data availability in wind
speed, wind direction and surface pressure are chosen. This requirement limits the number of
suitable sites compared to the error evaluation in chapter 4. Hence, the investigation here will
focus on four locations (see map 3.1): Fehmarn, Hilkenbrook with 30 m wind data and Syke,
Rapshagen with 10 m wind data. Fehmarn is an island in the Baltic Sea close to the German
coast. The site that is investigated is near the island’s shore line and, hence, exposed to rather
inhomogeneous conditions. Northerly and north westerly winds approach the site over the sea
while easterly to south westerly winds arrive over land. In contrast to this Hilkenbrook is in the
north western part of Germany about 70 km south of the coast of the North Sea. The terrain is
very homogenous in terms of the surface roughness and no orographic effects are to be expected.
Syke is also located about 50 km east of Hilkenbrook in slightly hilly terrain. This also holds
for Rapshagen which is situated in the east of Germany about 100 km south of the Baltic Sea.

The results are presented in the following way. First the modes extracted from the meteorologi-
cal variables with PCA are presented. Then cluster analysis is applied to the reduced data matrix
and the typical weather classes that are obtained by a straightforward approach are shown for
complete as well as Ward’s linkage and compared to large-scale weather maps. The average
forecast error of the wind speed for each cluster is provided and discussed for the different
linkage techniques.

7.3.1 Extraction of climatological modes

The PCA as described in section 7.2.1 is carried out numerically using routines from the stan-
dard software MATLAB. In figure 7.1 the eigenvalues,λi, of the PCA for Fehmarn, Hilkenbrook
and Rapshagen are shown. The eigenvalues are normalised with the total variance, i.e. the sum
of all eigenvalues. It can be clearly seen in figure 7.1 that the eigenvalues decay rapidly with
the first six eigenvalues already explaining about 90 % of the variance.

The spectra are surprisingly similar though the stations are in regions with distinct weather
regimes and different local conditions around the site. There are only minor deviations for the
first and most important eigenvalues, i.e. the distribution of variance among the corresponding
PC is very consistent. The eigenvalues for Syke are not shown as they are as expected almost
identical to those of the rather adjacent site Hilkenbrook.

The first six principal components (PC) in~u-space of Fehmarn and Hilkenbrook are shown
in figure 7.2. The temporal evolution of~u(t) = (ut, vt) at timest = 0, 6, 12, 18 and 24 h is
indicated by connecting the end points(ut, vt) with lines. Note that the wind vector, i.e. the
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Figure 7.1: PCA eigenvalue spectrum normalised by sum of the eigenvalues, i.e. the total vari-
ance, for three sites (Fehmarn, Hilkenbrook and Rapshagen). Though the sites have different
local wind characteristics the spectra are very similar.

direction in which the wind blows, is shown while the description of wind directions will refer
to the direction from which the wind comes. Hence, e.g. southerly winds refer to wind vectors
pointing to the north.

The corresponding PC of pmsl are illustrated in figure 7.3. Note that the PC do not necessarily
correspond to actual meteorological conditions at the location on a specific day. They constitute
the set of vectors whose linear combination can approximately reconstruct the current situation
(cf. equation (7.4)).

Typically, the first two PC are rather stationary in that they show little diurnal variation in terms
of wind direction and pressure. For all investigated sites the first PC describes moderate wind
speeds from east or north east with slightly higher wind speeds at noon and virtually no change
in wind direction over the day (see figs. 7.2 and 7.3). In addition, the pmsl is at a constantly
high level. PC 2 is also very consistent for different locations. It refers to north westerly wind
directions with increasing wind speeds at midday. The corresponding pmsl is slightly rising at a
high level. In terms of~u these first two PC can roughly be associated with the two most frequent
flow directions at the site.

The third PC is again similar for all sites although it occurs with different signs. As the sign of
the PC is arbitrary, those PC which only differ in their sign are regarded as identical climatolog-
ical modes. In half of the cases PC 3 refers to wind from the north with pmsl increasing from
low to medium level while for the other half it describes wind from the south in connection with
pmsl falling from high to medium level.
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Higher principal components are much more dynamic for all sites than the first three PC. As can
be seen in figs.7.2 and 7.3 the diurnal variations in all variables are profound. PC 4 to 6 typically
refer to changes in wind direction of about 180 deg up to 300 deg with rapidly changing wind
speeds and pmsl. Hence, these PC are needed to account for changing meteorological conditions
over one day.

For adjacent stations the PC are almost identical. However, even for sites that are supposed
to be located in different climatological conditions like Fehmarn and Hilkenbrook the sets of
relevant PC are surprisingly similar. This suggests that PCA extracts fundamental modes of the
climatology that are quite universal for the investigated area of northern Germany.

The inspection of the eigenvalue spectra in figure 7.1 reveals that the first four PC on average
contribute most to the meteorological signal. However, the structure of the PC as discussed
above showed that, in particular, the PC 4 to 6 describe the dynamic changes of the weather
condition occurring within 24 hours. Hence, these higher modes are expected to represent more
extreme meteorological situations which do not occur very often but are supposed to account
for larger forecast errors than more stationary modes. Consequently, the first six PC are chosen,
i.e.N = 6, as the orthogonal basis{~qi}, i = 1, . . . , 6, spanning the reduced state space.

Hence, the number of modes chosen here is slightly larger compared to what the eigenspectrum
suggests. Yarnal [65] points out that the use of too many eigenmodes does not necessarily
enhance the performance of the following cluster analysis which is quite understandable as the
additional variation introduced by including more modes might not contain useful information
but mainly noise. However, in the course of this investigation it will turn out that in particular
the PC which describe changes in the meteorological variables over one day are important. The
use of less than six PC has so far not been investigated.

According to equations (7.2) and (7.3) the data matrixM is projected onto the new basis and
the day-score matrixX is obtained that contains the contributions of the six PC to the meteoro-
logical situation of a specific day.
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Figure 7.2: First six principal components (PC) of~u space for Fehmarn (top) and Hilkenbrook
(bottom). The symbols denote the points(ut, vt) at timest=0, 6, 12, 18, 24 h where(u0, v0)

(t=0 h) is marked by “+”. The first three PC are stationary with slight wind speed variations
over the day. The higher PC describe changes in the meteorological situation.
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Figure 7.3: First six PC of pmsl space for Fehmarn (top) and Hilkenbrook (bottom). The first
two PC refer to rather constant high pressure while the higher PC describe changes in pmsl
which can be rather dramatic, e.g. PC 6.
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7.3.2 Meteorological situations and their forecast error

The 365 by 6 day-score matrixX is the basic element of the cluster analysis as its rows con-
stitute the phase space points that are to be grouped together. The three linkage techniques
average, complete and Ward’s linkage have been used in this investigation to define clusters. In
contrast to Shagedanova et al. [56] and Kalkstein et al. [26] average linkage as defined in equa-
tion (7.7) failed in producing meaningful synoptic classes as it sorted two thirds of the days
into one common group and divided the remaining days into a number of very small groups.
Complete linkage (equation (7.6)) and Ward’s linkage (equation (7.8)) produce clusters that can
be associated with typical weather situations and, hence, the classification schemes based on
these linkage types appear to be reasonable. In the following the results of complete and Ward’s
linkage are presented for the two sites Fehmarn and Hilkenbrook.

Complete linkage

The first step of the cluster analysis is to successively join the objects in the phase space starting
from 365 separate days up to one single cluster and record the distances according to equa-
tion (7.6) of the two clusters that have been formed in each step. The larger the distance the
greater the difference between the clusters in terms of the chosen linkage method. Hence, the
clustering process should be interrupted if the distances between the clusters become too large
which is often indicated by a “jump” in the series of distances.

Figures 7.4 and 7.5 show the distances of the final 15 clustering steps using complete linkage at
the two sites. In both cases there are several jumps in the distances that suggest the unification
of two clusters that are quite distinct. For Fehmarn two crucial points can be identified at the
transition from seven to six and from five to four clusters. At Hilkenbrook detectable steps in
the cluster distances occur at the transition from eight to seven and also five to four clusters.

In this investigation it turns out that the classification scheme is quite robust in the sense that
useful classification results can be obtained for different cluster numbers. The behaviour of
the cluster distances suggests a range of possible cluster numbers that should be considered
for further investigations rather than providing just one optimal number. Which number of
clusters is selected depends on the detailed purpose of the investigation. In order to interprete
clusters in terms of weather classes and to compare clusters found at different sites it is useful to
choose a number of six to eight clusters because the synoptic situations are more homogeneous.
However, using more clusters means that a smaller proportion of the 365 days per year are
grouped together in a common cluster. This can lead to less significant results with regard to
the average forecast error. As a consequence, it seems advisable to vary the number of clusters
in the range indicated by the discontinuities in the cluster distances and to carefully consider
the results in terms of the corresponding weather class on the one hand and the forecast error
on the other hand. As the clustering technique has the very convenient property that only two
clusters are joined at each step without affecting the remaining groups it is easy two follow what
actually happens if the number of clusters is varied.
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Figure 7.4: Distance between clusters using complete linkage at Fehmarn. As clusters are
successively joined “jumps” in the distances start to occur at the transitions from seven to
six and five to four clusters. This defines the range of cluster numbers considered for further
analysis.
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Figure 7.5: Distance between clusters using complete linkage at Hilkenbrook. The discontinu-
ities at the transitions from eight to seven and five to four.
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Complete linkage at Fehmarn

Following this approach six clusters are used for Fehmarn to see how they can be connected to
the overall weather situation. After the clusters are defined the corresponding meteorological
situation is considered in terms of the mean values of “real”~u and pmsl for each cluster. Fig-
ure 7.6 shows the mean values of the meteorological variables of Fehmarn’s six clusters. Note
that~u denotes the wind vector and points in the direction in which the wind blows whereas wind
directions, as usual in meteorology, refer to the direction from which the wind blows. In terms
of pmsl (fig.7.6 (bottom)) the clusters show three different regimes: low pressure (clusters 1, 2
and 5), moderately high pmsl (clusters 3 and 6) and very high pmsl (cluster 4).

The low pressure situations differ considerably with respect to wind speed and direction (fig.7.6
(top)). Typically, cluster 1 has moderate winds from south west and slightly decreasing pressure
caused by a low pressure system approaching from the west or north west together with a high
south of the site. The large-scale weather map of a typical day of cluster 1 is shown in figure 7.7
(top). Cluster 2 refers to a strong low that passes north of the site as illustrated in figure 7.7
(middle). The pmsl drops on average to a low level around 1000 mbar and recovers again at the
end of the day. The wind speeds are very high with wind direction changing from south west
to west north west and then back to south west. Cluster 5 is related to a situation where the low
passes west of the site, e.g.over Britain and France, with high pressure gradients over the Baltic
Sea (figure 7.7 (bottom)). Wind speeds are quite considerable turning from south east to north
east.

The two clusters with moderately high pmsl around 1020 mbar correspond to different flow
situations. Cluster 3 is related to moderate wind speeds from easterly directions. This typically
occurs if a stable high pressure area persists over western Russia and a rather strong low is
located west of the site leading to considerable pressure gradients over Fehmarn (figure 7.8
(top)). Days in cluster 6 are characterised by almost the same mean pressure as cluster 3 but
with north westerly wind directions. In this case central Europe is influenced by a high or ridge
located west or north west of the site (figure 7.8 (middle)).

Cluster 4 summarises mainly days from the winter period with very high pmsl around 1030 mbar
and easterly winds. The corresponding weather situation is typically associated with high pres-
sure over Scandinavia extending over Central Europe as shown in figure 7.8 (bottom).

Comparing the large-scale weather maps of days within one cluster shows that the overall
weather situation for most of the days is rather coherent. Hence, the classification scheme
that is based on local data at the site can be related to the overall weather situation. This is not
totally surprising as the local meteorological situation described by wind speed, direction and
pressure is caused by the atmospheric circulation on a larger scale. Of course, for some days the
weather situations are not very precisely described by the mean values of the cluster. If more
classes are used clusters typically split into new clusters which are in itself more homogeneous
than before. But with regard to the investigation in this work a small number of clusters is
desired and sufficient even though the division might be too rough for other purposes. On the
whole, the synoptic classification using six clusters with complete linkage for Fehmarn appears
to be reasonable.
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Figure 7.6: Means of~u (top) and pmsl (bottom) for six clusters at Fehmarn constructed with
complete linkage. For~u the symbols denote the points(ut, vt) at timest=0, 6, 12, 18, 24 h
where(u0, v0) (t=0 h) is marked by “+”. The corresponding weather situations are shown in
figures 7.7 and 7.8.
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Figure 7.7: Large-scale Weather maps of days inside a specific cluster representing typical
weather classes derived by complete linkage at Fehmarn located at 54 deg N, 12 deg E. Top:
Low pressure approaching from North West (cluster 1). Middle: Strong low passes north of
Germany (cluster 2). Bottom: Low passing west of Fehmarn over Britain and France (cluster 5).
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Figure 7.8: Same as figure 7.7 but for different weather classes. Top: Stationary high pressure
over western Russia (cluster 3). Middle: High pressure area north west of Germany with low
over western Russia (cluster 6). Bottom: Strong high pressure system over Scandinavia with
low influencing west of Europe (cluster 4).
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Complete linkage at Hilkenbrook

Hilkenbrook is about 250 km west of Fehmarn and, therefore, expected to be exposed to dif-
ferent wind conditions, in particular, less influenced by continental high pressure systems over
Scandinavia and Russia but more affected by lows approaching from the Atlantic Ocean. How-
ever, there should be a number of weather situations which are comparable to Fehmarn as the
size of the overall circulation patters is much larger than the distance between the sites. This is
confirmed by considering the means of the meteorological variables in the seven clusters cre-
ated by complete linkage for Hilkenbrook in figure 7.9. Again the clusters are roughly ordered
according to low pressure (clusters 5 and 6), moderate pmsl (clusters 3 and 4), and high pmsl
(clusters 1, 2 and 7).

The two low pressure classes both refer to rather dynamic situations with pmsl varying over the
day (figure 7.9). Cluster 5 has high wind speeds from the south with pmsl dropping from about
1005 mbar to 995 mbar due to a low pressure system approaching from the north or north west.
Cluster 6 is related to a strong low passing north of the site. The wind blows rather strongly and
turns from south west to west and back to south west indicating the passage of a front.

Moderate pmsl around 1010 mbar occurs at Hilkenbrook mainly in two different weather
regimes. Cluster 3 shows rather high wind speeds from the east and slightly increasing pressure
typically related to a high pressure system east or north east of the site, e.g.over western Russia,
and low pressure in the west or south west. Cluster 4 contains quite a number of days which
have pmsl around 1010 mbar and very low wind speeds. The weather class is not as clear as in
all the other clusters but mainly characterised by the fact that the centres of the pressure areas
are far away with small pressure gradients at the location of the site.

The three high pressure clusters at Hilkenbrook show quite pronounced differences concerning
their mean wind directions. Cluster 1 has on average the highest pmsl of about 1023 mbar.
Note that this is more than 5 mbar lower compared to the highest pmsl at Fehmarn. The wind
directions are from the east with moderate speeds. The overall weather situation is typically
dominated by a stationary high pressure system over Scandinavia and, hence, north east of the
site. In contrast to this, cluster 2 refers to a weather situation where the high pressure area is
located in the west of the site leading to northerly wind directions. Finally, cluster 7 is related
to south westerly winds caused by high pressure south west or south of the site and at the same
time low pressure in the north.

Hence, also for Hilkenbrook the classification of meteorological situations based on complete
linkage appears to be useful.

The typical weather classes found for the two sites seem to be rather similar in terms of the
general description of the meteorological situations. In order to further test the consistency
of the classification scheme the days that simultaneously appear in clusters from Fehmarn and
Hilkenbrook are counted. The result is shown in table 7.1 where the rows refer to Fehmarn’s
clusters and the columns to those from Hilkenbrook.

Some clusters share a rather profound number of days. For example, cluster 2 of Fehmarn is,
except of two days, completely contained in Hilkenbrook’s cluster 6. Hence, on these 15 days
the classification at both sites records a weather situation dominated by a strong low pressure
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Figure 7.9: Means of~u (top) and pmsl (bottom) for seven clusters found for Hilkenbrook with
complete linkage. For~u the symbols denote the points(ut, vt) at timest=0, 6, 12, 18, 24 h
where(u0, v0) (t=0 h) is marked by “+”.
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Table 7.1: Comparison of equal days in clusters for Fehmarn and Hilkenbrook.

Hilkenbrook
cluster 1 cluster 2 cluster 3 cluster 4 cluster 5 cluster 6 cluster 7

∑
Fehmarn
cluster 1 0 0 0 29 12 6 3 50
cluster 2 0 0 0 0 0 15 2 17
cluster 3 30 16 15 51 2 0 7 121
cluster 4 35 0 0 0 0 0 0 35
cluster 5 0 0 3 16 1 1 0 21
cluster 6 4 43 0 38 0 0 36 121

∑
69 59 18 134 15 22 48 365

system that is centred north of Germany and moves quickly to the north east. However, the exact
path and the advection time of the low decides whether both sites are affected simultaneously
or only one of them. If the low takes a more southern route only Hilkenbrook classifies this
situation as cluster 6 while Fehmarn has a smaller pressure drop and lower wind speeds as it is
located further in the east and, hence, might not to affected by the fronts. Fehmarn labels this
situation as cluster 1.

Another example is cluster 4 of Fehmarn which is totally absorbed by cluster 1 of Hilkenbrook.
These 35 days are typically related to a high pressure system over Scandinavia or Western
Russia with extremely high pmsl over north eastern Germany. However, Hilkenbrook’s cluster 1
contains more days than that which overlap with cluster 3 of Fehmarn. At these days the high
pressure system is located further in the east leading to similar wind directions from the east
and pmsl around 1020 mbar at both sites.

On the other hand, certain weather situations lead to very different classification results at both
stations, e.g. cluster 3 of Fehmarn is distributed over six different clusters of Hilkenbrook. This
occurs if the two sites are influenced by distinct weather regimes. In this case Fehmarn is dom-
inated by rather high pressure located over western Russia while at the same time Hilkenbrook
can experience a variety of high or lower pressure situations.

The result of this comparison is that the consistency between the classifications at the two sites
seems to be very high. For the majority of cases common days in clusters can be plausibly
explained by the overall weather situation that either shows that the two sites are affected in the
same way or why they simultaneously record different local conditions.

Relation to forecast error using complete linkage

For each of the clusters the mean forecast error is determined by averaging the rmse values
calculated for each day with equation (7.9). As described in chapter 3 the wind speed prediction
at 10 m is provided by the “Deutschlandmodell” of the German Weather Service while the
corresponding wind speed measurements are from the WMEP programme. Thus, the errors
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are determined based on the same data that has been used in chapter 4 to evaluate the overall
performance of the wind speed forecast.

The means of the daily rmse values per cluster normalised to the annual average of the wind
speed are shown in figure 7.10 for Fehmarn and figure 7.11 for Hilkenbrook found with com-
plete linkage. In both cases there are considerable differences between the forecast errors of the
different clusters. The error bars illustrate the 95% confidence intervals of the mean values sug-
gesting that the clusters with minimum and maximum rmse are indeed significantly separated
(detailed results of the statistical tests on this matter can be found in appendix B).
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Figure 7.10: Means of daily rmse of wind speed prediction normalised with annual mean of
wind speed for the six clusters found with complete linkage at the site Fehmarn. The error bars
illustrate the 95% confidence intervals of the mean. Clusters 1, 2 and 5 show the largest error.
In both cases the corresponding weather situation is dominated by a low pressure system. All
three clusters have significantly larger forecast errors than cluster 4 which typically refers to a
stationary high pressure situation and has a significantly lower rmse compared to clusters 1, 2
and 5 (see table B.2).

In particular, Fehmarn’s clusters 1, 2 and 5 are related to very high relative rmse values around
0.38 corresponding to about 2.1 m/s absolute rmse. As described before (fig. 7.6) these three
clusters are related to different low pressure situations. Cluster 2 corresponds to situations
where a strong low passes north of the site and has on average the highest forecast error. In
contrast to this cluster 4 representing the weather type with the largest pressure has the smallest
rmse of about 0.23 relative and 1.3 m/s absolute. A statistical F-test (with confidence level 0.05)
confirms that this is significantly lower compared to the above mentioned classes 1, 2 and 5 (see
table B.2). The ratio between the largest and the smallest rmse is 1.7 which is very profound.

At Hilkenbrook cluster 6 has the highest rmse with 1.8 m/s absolute and 0.51 relative. The
corresponding weather situation is related to a low pressure system passing north of the site.
The cluster with the smallest average forecast error is cluster 1 related to a rather stationary
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Figure 7.11: Same as figure 7.10 but for the seven clusters found with complete linkage at
Hilkenbrook. Cluster 6 has the maximum forecast error which is significantly different from
clusters 1, 2, 4 and 7. Cluster 6 is related to a low pressure system passing north of the site.
Cluster 1 with the smallest rmse corresponds to a situation where a stationary high pressure
dominates the local weather conditions. Its error is significantly lower compared to clusters 4
and 6 (see table B.4).

high pressure situation where the rmse is 1.0 m/s absolute and 0.29 relative to the mean wind
speed. The ratio between the maximum and minimum rmse is 1.8. It is also interesting to note
that the forecast error in cluster 4 is on a medium level of 0.39 relative rmse (1.4 m/s) which
is roughly half way in between the smallest and largest error values and significantly different
from both of them. The days in this cluster are related to medium pmsl with small pressure
gradients and, hence, low wind speeds.

Again the average forecast errors found for the typical weather situations at the two sites show
a very good consistency. For Fehmarn as well as for Hilkenbrook large rmse values occur for
the clusters that are related to a rather fast moving low pressure system that passes north of
the site (cluster 2 for Fehmarn, 6 for Hilkenbrook). The local meteorological conditions are
characterised by pmsl on a very low level further decreasing around midday but recovering at
the end of the day. Wind speeds are fairly high with wind directions turning from south west to
west and back to south west indicating the passage of a front. Depending on the path of the low
this situation simultaneously occurs at both sites or only at Hilkenbrook (see table 7.1).

In addition, for Fehmarn the passage of low pressure areas in the west or south west of the site
with strong easterly winds (cluster 5) is also related to large forecast errors. At Hilkenbrook
these days are recorded in cluster 4 which additionally contains more situations with on average
smaller wind speeds and slightly higher pmsl compared to Fehmarn. The corresponding forecast
error is the second largest at Hilkenbrook but significantly lower than the largest one. Thus, at
Fehmarn there are higher wind speeds caused by larger pressure gradients while at the same
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time at Hilkenbrook more moderate conditions prevail.

In contrast to this, both sites have the smallest forecast error in situations where a high pressure
area lies rather stationary over Scandinavia or the Baltic Sea with relatively high wind speeds
from the east. For Fehmarn the mean rmse in this case is 17% to 39% smaller than those of the
other weather classes. For Hilkenbrook the minimum rmse is 13% to 42% smaller than in the
other clusters.

Hence, using complete linkage leads to a reasonable synoptic classification of the meteorologi-
cal data (30 m wind data and pmsl of nearby synop station) at these two sites in the sense that the
clusters can be associated with typical large-scale weather classes. The number of classes found
by considering the interval of clustering steps given by “jumps” in the distances between the
clusters as criterion to stop the clustering process already provides a good choice. Moreover, the
mean forecast errors related to the clusters show significant differences where the maximum and
minimum rmse are as expected related to dynamic low pressure and stationary high pressure,
respectively.

Ward’s linkage

For most of the investigated sites Ward’s linkage produced clusters which are in principle com-
parable to those found by complete linkage. But the alterations between the groups of days
generated by the two methods can make important differences in terms of the grouping of days
and, thus, the related forecast errors. This is now illustrated for Fehmarn where typical differ-
ences between the methods occur.

As figure 7.12 shows the distances between the clusters at the final 15 steps of the clustering
procedure behave very similar to complete linkage. There are discontinuities at the transitions
from eight to seven and five to four clusters. Again choosing a number of clusters from this
interval leads to a classification that allows to relate the clusters to large-scale weather situations
and to find significant differences between the average forecast errors per cluster.

The results of the classification based on six clusters with Ward’s linkage for Fehmarn are
shown in figures 7.13. With regard to these mean values of~u and pmsl the classes are generally
comparable to those found by complete linkage in figures 7.6. But it is obvious by comparing
the means of the pressure that there are differences in particular for the low to medium range
with pmsl between 1005 mbar and 1015 mbar. Moreover, in terms of the mean wind vectors
Ward’s cluster 1 appears to constitute a new class which does not appear under complete linkage.

A more detailed comparison of the overlaps between the clusters reveals that some days are
grouped rather differently by the two methods. Table 7.2 shows that the only two clusters that
are nearly identical are number 2 of complete and 5 of Ward’s which share 16 common days
related to the well-known weather situation of the passing low in the north. Hence, these seldom
but rather extreme days are consistently classified by both methods.

Another interesting weather class is the high over Scandinavia or the Baltic Sea detected by
complete linkage as cluster 4. Under Ward’s linkage these 33 days with very high pressure
are almost totally contained in cluster 2. But this cluster contains additional days from situ-
ations with slightly lower pmsl and lower wind speeds. Hence, Ward’s cluster 2 joins days
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Figure 7.12: Distance between clusters using Ward’s linkage at Fehmarn. “Jumps” in the
distances occur at the transitions from eight to seven and five to four clusters. This is very
similar to complete linkage (fig.7.4).

into one class that are separately classified under complete linkage, i.e. clusters 3 (pmsl around
1020 mbar) and 4 (very high pmsl≈ 1030 mbar). This tendency of Ward’s linkage to group
extreme together with less extreme situations though they should remain distinct has already
been described in earlier investigations, e.g. by Kalkstein et al. [26]. Another typical feature of
Ward’s method is to create rather equally sized groups which can also be observed in table 7.2.
The distribution of days on the clusters is more balanced compared to complete linkage.

Table 7.2: Comparison of equal days in clusters complete and Ward’s linkage for Fehmarn.
Though the means of the clusters are rather similar to complete linkage there are differences in
the actual grouping.

Ward
cluster 1 cluster 2 cluster 3 cluster 4 cluster 5 cluster 6

∑
Complete
cluster 1 0 0 30 0 4 16 50
cluster 2 0 0 1 0 16 0 17
cluster 3 10 24 32 0 0 55 121
cluster 4 0 33 0 2 0 0 35
cluster 5 0 0 0 0 1 20 21
cluster 6 22 0 41 55 3 0 121

∑
32 57 104 57 24 91 365
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Figure 7.13: Means of~u (top) and pmsl (bottom) for six clusters with found by Ward’s linkage
at Fehmarn. For~u the symbols denote the points(ut, vt) at timest=0, 6, 12, 18, 24 h where
(u0, v0) (t=0 h) is marked by “+”. Some of the clusters are comparable with those provided by
complete linkage (figure 7.6), in particular cluster 5 with cluster 2 by complete linkage.
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Relation to forecast error using Ward’s linkage

The mean daily forecast error per cluster for Ward’s linkage is shown in figure 7.14. Compared
to the rmse of the complete linkage clusters in figure 7.10 the differences between the classes
are less pronounced. The statistical F-test reveals that cluster 2 with the lowest rmse is signifi-
cantly different from clusters 3 and 6 with the highest rmse (c.f. table B.3 in the appendix). But
in contrast to this, complete linkage results in a higher number of significantly different clusters,
in particular the cluster with the smallest prediction error has a significantly lower rmse than
three of the other clusters. Thus, at this site Ward’s clusters have rather equalised error levels
with smaller differences between the clusters. This is considered as a disadvantage compared to
complete linkage as the classification scheme that provides a better distinction between the fore-
cast errors is more useful. Of course, under the condition that it produces rather homogeneous
clusters which can be associated with certain weather types.
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Figure 7.14: Means of daily rmse for the six clusters found with Ward’s linkage at Fehmarn.
The differences between the forecast errors are not as pronounced as for complete linkage (fig-
ure 7.10 and table B.3).

For the sites in this investigation the clusters constructed by Ward’s linkage provided a clas-
sification scheme that appears to correspond to typical weather situations. But compared to
complete linkage the grouping of days can be different with a slight trend to join distinct me-
teorological situations into common classes and to form equally sized groups. However, in
contrast to the findings by Kalkstein et al. [26] Ward’s linkage does not appear “to blur distinc-
tions between types”. In terms of the related prediction error complete linkage performs better
than Ward’s linkage at Fehmarn and Hilkenbrook as it provides sharper distinctions between
the clusters.
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Results for other sites

The site Syke is about 50 km west of Hilkenbrook still in the north western part of Germany. The
results based on complete linkage using of measurements of wind data at 10 m height instead of
30 m as before are rather similar to Hilkenbrook. Here the passage of the low centred in the north
is also related to the maximum forecast error. The minimum rmse also occurs for a high pressure
situation but in contrast to the two sites above the high is west of the site. The Scandinavian high
that leads to the minimum forecast errors for the sites above still has a relatively small rmse.
At Syke the performance of Ward’s technique is comparable to the complete method. The
behaviour of the forecast error for the different weather classes, particularly, the systematically
larger rmse for dynamic low pressure situations is also confirmed under Ward’s linkage.

At Rapshagen complete linkage (also 10 m wind data) provides clusters whose interpretation
in terms of large-scale weather classes is not as clear as for the other sites. At this site Ward’s
linkage seems to be superior and leads to a classification that is easier to relate to weather pat-
terns. The forecast errors per cluster again show that the well-known low pressure passage has
a rather high rmse but certain high pressure conditions also have. However, this site should be
treated with care as local effects seem to strongly influence the flow conditions locally though
the orography is only slightly complex. In terms of the relation between meteorological con-
ditions and the forecast error this leads to an overlap between the overall predictability of the
weather situation by the NWP and local effects on the wind field due to the specific on-site
conditions.

Regarding local effects, e.g.due to orography causing speed up effects over hills and channeling
effects in valleys, it has to be points out that the classification method works with on-site infor-
mation and is, therefore, unable to tell local flow distortion from global circulation. Hence, local
effects are implicitly taken into account and there might be an overlap between the two effects.
Among the investigated sites only one site (Rapshagen) obviously shows this phenomenom and
makes it difficult to draw definite conclusions while the other sites do not show strong signs of
local effects in the course of the analysis.

As a summary the results for all investigated sites are given in table 7.3 where the relative rmse
for the three weather classes “low passes in the north”, “Scandinavian high” and “high centred
in north west” having the most distinct differences in terms of the forecast error are shown. The
rather dynamic passage of the low leads to large prediction errors at all sites with the relative
rmse ranging from 0.31 to 0.51. Compared to this the two high pressure situations are related
to significantly smaller forecast errors. The high over Scandinavia causes an average rmse from
0.23 to 0.29 with the exception of the very unusual error value of 0.43 at Rapshagen presumably
related to orographic effects. A high pressure area centred north west or west of the sites has
also rather small relative rmse between 0.22 and 0.36. To express the difference between the
weather classes in terms of the forecast error the ratio between the maximum rmse of the low
pressure situation and minimum rmse of the high pressure is used. It ranges from 1.5 to 1.7
where again Rapshagen is not considered. Hence, the differences are very profound and the
weather type appears to be an important criterion to distinguish different error regimes.
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Table 7.3: Overview of relation between average forecast error and meteorological situation
for the investigated sites using complete linkage for Fehmarn, Hilkenbrook and Syke and Ward’s
linkage for Rapshagen. The number of clusters is determined by inspection of cluster distances.
The relative rmse of those weather classes are shown that typically have high (“low passes
in the north”) or low (“Scandinavian high”, “high pressure north west”) forecast errors. At
Rapshagen the flow situation corresponding to high pressure with easterly winds seems to be
influenced by local effects and produces a very unusual large forecast error marked by∗.

number of relative rmse relative rmse relative rmse rmse ratio
clusters “Low passes ” “Scandinavian “High centred in max./min.

north of site” high” north west”
Fehmarn 6 0.39 0.23 0.29 1.7
Hilkenbrook 7 0.51 0.29 0.36 1.8
Rapshagen 7 0.31 0.43∗ 0.22 2.0∗

Syke 7 0.36 0.29 0.24 1.5

7.4 Conclusion

In this chapter the quantitative relation between the actual weather situation and the error of
the corresponding wind speed prediction has been investigated with methods from synoptic
climatology using local measurements of meteorological variables. The main result is that in
this framework significant differences in the forecast error for distinct weather situations can be
observed. In particular, the expectation can be confirmed that dynamic low pressure situations
with fronts are related to considerably larger prediction errors than weather types that are mainly
influenced by rather stationary high pressure systems. The ratio between the maximum and the
minimum error in terms of the average rmse for these situations is between 1.5 and 1.7 which
is quite profound.

A classification scheme based on principal component analysis and cluster analysis is success-
fully applied to automatically divide meteorological situations into different classes. Although
the classification procedure uses local information of wind speed, wind direction and atmo-
spheric pressure the derived classes can be associated with the overall weather situation in most
cases by comparing typical days from the clusters with large-scale weather maps. It is important
to include information about changing weather conditions by using several measurements of the
variables a day. The classification results for the different sites that have been investigated are
very consistent.

However, care has to be taken if local effects at the site have a strong influence on the flow,
e.g. due to orography causing speed up effects over hills and channeling effects in valleys. As
the classification method works with on-site information it is unable to tell local flow distortion
from global circulation. Hence, local effects are implicitly taken into account and the results
may reflect an overlap between the two effects. In this investigation the classification procedure
seems to be robust enough to deal with the degree of local inhomogeneity that occurs for sites
in northern Germany including an island site. To exclude local effects it is advisable to prefer
wind data measured at 30 m height or higher to 10 m data. For further use of this type of
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classification scheme it is necessary to systematically evaluate the performance for sites in more
complex terrain.

Moreover, it is important to note that this investigation only confirms that there is a relation
between the prevailing weather situation and the forecast error of the wind speed for historical
data of one year. So far, only the 00 UTC prediction run with the lead times 6, 12, 18 and 24 h
has been used to assess the daily forecast error because of the limited availability of high quality
data in all variables at all times. Hence, it is desirable for future investigations to shed some
light on the behaviour of the prediction horizons beyond 24 hours and to confirm the results
found here with data from longer periods of time.

With regard to practical applications the advantage of this method is clearly that it works on
a rather small set of standard meteorological variables such that on-line measurements can be
obtained quite easily and cost effectively. This is, together with the fact that the classification
scheme is automatic rather than manual, a major pre-requisite for a possible operational use of
the classification scheme.

So far measurements of the meteorological variables have been used to determine the weather
class. In order to exploit these findings for an estimation of the uncertainty of a wind power
prediction basically two steps are necessary. First of all the predictability of the weather classes
themselves has to be evaluated. For prediction purposes it is required to determine the weather
type in advance in terms of the predicted wind speed, wind direction and atmospheric pres-
sure. As the forecast quality of pressure and wind direction (e.g. shown by Mönnich [42]) is
considerably better than that of wind speed the prospects are very good to accurately predict
the meteorological class. This step is non-trivial because the uncertainty of the wind speed
prediction which should be provided dependent on the weather class is also involved in predict-
ing this weather class. Hence, it must be shown that there is still some advantage in doing so.
In a second step the uncertainty of the wind speed forecast has to be transferred to the power
forecast. The simplest approach in this direction is to consider the error propagation as applied
in section 6.5 where it was shown that the power uncertainty can rather well be estimated by
the product of wind speed uncertainty and the derivative of the power curve. The innovative
step in terms of the results of this chapter would then be to replace the constant wind speed
uncertainties by weather type dependent ones.

Parts of the results in this chapter have been published in [34].
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8 Overall conclusions and outlook

In this work the uncertainty related to short-term predictions of the power output of wind farms
is investigated in detail where uncertainty refers to the interval in which deviations between
predicted value and real value are likely to occur. The main idea is to assess the overall pre-
diction uncertainty not only in terms of annual averages and for individual wind farms but to
introduce a new situation dependent approach to the uncertainty and, in addition, analyse the
benefits of predicting the aggregated power output of many wind farms. As forecast errors are
hardly avoidable this work aims at predicting the individual uncertainty of wind power forecasts
under consideration of the specific meteorological situation.

The investigations focus on contributions to the forecast uncertainty due to two important com-
ponents that are basic ingredients of a number of today’s wind power forecasting systems: on
the one hand, the non-linear power curve that translates a given wind speed into the power
output of a wind turbine, and on the other hand the wind forecast of the numerical weather
prediction system (NWP) that typically serves as input to generate the power prediction. In
order to concentrate on fundamental effects a rather basic physical method to calculate power
predictions from wind speed predictions is used. Depending on data quality and availability
all investigations are carried out at several locations to distinguish local effects that are charac-
teristic for the specific site from global properties that are experienced by all sites in a similar
way.

A major result with respect to the overall prediction accuracy is that due to the power curve the
relative error of the power forecast increases by a factor 2 to 2.5 compared to the wind speed
forecast. This factor can be considered as an effective non-linearity factor that inherently occurs
by converting wind speed to power output. This factor would be around 3 if the power curve was
proportional tou3. Moreover, it is shown that an appropriate decomposition of the root mean
square error (rmse) is useful to separate amplitude from phase errors. While amplitude errors of
the wind speed prediction are mainly influenced by on-site conditions such as orography or local
roughness, phase errors primarily reflect the overall forecast accuracy of the NWP prediction as
the relative phase errors at different sites are very similar. The initial phase errors of the wind
speed prediction are directly transferred to the power prediction in the sense that the cross-
correlation between prediction and measurement does not change in this process. In contrast to
amplitude errors phase errors which are related to wrongly scheduled predictions cannot easily
be calibrated out by typical linear correction schemes and, hence, constitute the real challenge
for further improvements of the prediction accuracy.

The considerable reduction of the relative prediction error of the aggregated power of many
wind farms due to statistical smoothing effects mainly depends on the size of the region. It is
found that for a given region a rather small number of sites is sufficient to include smoothing
effects in the prediction where a larger number does not lead to a further reduction of the pre-
diction error. A quantitative relationship between region size and error reduction is derived.
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For a region having the size of Germany the relative prediction error is less than half of that
of a single site. These results are important as in practice the regional power output of many
spatially dispersed wind farms is of greater interest compared to a single site prediction.

A situation dependent approach to the uncertainty assessment is introduced where in a first step
wind speed is used to describe the forecast situation. The results suggest that there is only
a weak if any systematic relation between the accuracy of the wind speed prediction and the
magnitude of the wind speed. The transformation of the Gaussian distributions of wind speed
prediction errors into strongly non-Gaussian and unsymmetric distributions of power prediction
errors is explained in terms of the basic effect of the power curve which amplifies initial errors
in the wind speed prediction according to its local derivative at a certain wind speed. This ef-
fect is modeled to reconstruct the distribution of the power prediction error from the Gaussian
distributions of the wind speed prediction error which is very convenient in order to estimate
the statistics of the power prediction error for future sites or sites where no measurement data
is available. By linearising the power prediction error a rather basic method to model the situ-
ation dependent uncertainty of specific power predictions is developed and it is shown that this
approach explains most of the prediction uncertainty.

The relationship between the current wind speed and the corresponding power output of a wind
turbine is in principle non-linear. Hence, the consequences for the forecast error due to this fact
are comparable for all power prediction systems, no matter if the power curve is used explicitly
as an analytic function or is represented implicitly by some kind of statistical procedure. In
particular, the mechanism that amplifies initial errors in the wind speed prediction due to the
local slope of the power curve is universal and leads to the unsymmetric and non-Gaussian
distributions of the forecast errors that are typically observed in different wind power prediction
systems. In this sense the results found in the investigations here concerning the statistical
behaviour of the power prediction error are valid in general and not restricted to the specific
prediction method that has been used. However, the explicit use of the derivative in modelling
these effects is, of course, restricted to those systems that involve an analytic form of the power
curve.

One major result of this work is that the accuracy of the wind speed prediction of the NWP does
indeed depend on the prevailing weather situation and that this effect can be described quantita-
tively. In particular, it is confirmed that dynamic low pressure situations are on average related
to a significantly larger forecast error compared to rather stationary high pressure situations.
The ratio between the maximum and the minimum error in terms of the average rmse for these
situations is between 1.5 and 1.7, i.e. the average forecast error in a low pressure situation can be
up to 70% larger than in a high pressure situation. The results show that for the purpose of this
work methods from synoptic climatology can successfully be applied to classify the weather
situation based on local measurements of wind speed, wind direction and atmospheric pressure.

The influence of the prevailing weather situation on the accuracy of the wind speed prediction
that has been investigated here for the first time in this context is important to any wind power
prediction system based on NWP input. Methods from synoptic climatology can be applied
very generally to classify weather situations in terms of meteorological variables such that this
approach allows in principle to evaluate the situation dependent performance of any meteoro-
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logical prediction. Hence, the methods used in this work seem to be a very useful supplement
to the rather well-known ensemble predictions. While ensemble predictions determine the un-
certainty of a specific NWP prediction by evaluating the results of different prediction runs with
perturbed initial conditions, the climatological method provides the uncertainty by sorting the
predicted weather situation into a certain class and relates it to the average forecast error that
really occurred for similar situations in the past.

Hence, the results of this work show that it is reasonable and possible to assess typical forecast
errors on a situation based level. Modelling the power curve effect together with a weather
dependent estimate of the uncertainty of the underlying wind speed prediction opens the pos-
sibility to actually predict the expected forecast uncertainty of each individual prediction. This
allows to provide users with additional information concerning the risk of relying on the pre-
diction.

Outlook

The situation based assessment of the prediction error has been investigated in a first approach
which has the usual shortcomings of first approaches as the results have to be confirmed by fur-
ther investigations with more data from more stations. In particular, the methods from synoptic
climatology that have been used here are naturally more reliable if long-term time series over
several years of both predictions and measurements are used. Hence, future work is required to
improve the statistical significance of the results. In order to exploit the results of the meteo-
rological classification for practical purposes the predictability of the weather classes has to be
tested which is a very important step not addressed here.

This work is mainly concerned with the detailed assessment of the prediction errors as they typ-
ically occur but not with improving the prediction system to obtain better forecasts. However,
the analysis showed that the uncertainty of the NWP input has a dominating influence on the
uncertainty of the power prediction. This leads to the conclusion that major improvements in
the quality of wind power forecasts could be achieved by optimising the numerical wind speed
prediction to have a better input. It appears that the quality of the wind speed forecast has so
far not obtained an equally high attention by the NWP developers as other variables such as
precipitation or temperature may be because the commercial pressure was not focused on wind
speed. Hence, there seems to be space for further improvements of the wind prediction in the
NWP which has to be explored in the near future.

Several investigations showed that accurate wind power prediction systems require a lot more
input from the NWP than just wind speed and direction to adequately model the local wind con-
ditions. It is, therefore, quite natural to include the wind power prediction directly into the NWP
to benefit from all meteorological variables and the high temporal resolution of the numerical
model. This would not only improve the forecast quality but also provide more possibilities to
predict the individual uncertainty of the forecasts either by using ensemble predictions or by
automatically determining weather classes. So future progress in forecasts of the power output
of wind farms can be expected from merging NWP models and wind power predictions.
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Appendix A Definition of statistical quantities

A.1 General statistical quantities

Let {xi} with i = 1, . . . , N be a given discrete time series of lengthN . {xi} is regarded as a
finite sample from a continuous, infinite and stationary time seriesx(t).

Mean

The true meanµ of x(t) is estimated by the mean valuex of {xi} which is defined by

x =
1

N

N∑
i=1

xi (A.1)

Standard deviation

The standard deviationσ(x) of x(t) is estimated by the standard deviationσx of the sample,
hence,

σx =

√√√√ 1

N − 1

N∑
i=1

(xi − x)2 (A.2)

wherex denotes the mean according to equation (A.1).σ2
x will be referred to as variance.

Cross-correlation coefficient

The cross-correlation measures the degree of linear dependence between two times seriesx(t)

andy(t). It is defined by

rxy =
1

σx σy

1

N

N∑
i=1

(xi − x) (yi − y) . (A.3)

A.2 Error measures

Error measures describe the average behaviour of deviations between predicted and measured
values. The time series to be analysed is the difference between prediction,xpred, and measure-
ment,xmeas, i.e. the pointwise error at timei defined by

εi = xpred,i − xmeas,i. (A.4)
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Root mean square error (rmse)

The root mean square error evaluates the squared difference betweenxpred andxmeas, hence,

rmse =

√√√√ 1

N

N∑
i=1

(xpred,i − xmeas,i)
2 =

√
ε2. (A.5)

Bias

The bias is the difference between the mean values ofxpred andxmeas, i.e.

bias = xpred − xmeas = ε. (A.6)

Standard deviation of error (sde) and its decomposition

The standard deviation of the error is given by

sde = σ(ε) =
√

ε2 − ε2. (A.7)

By using simple algebra the variance of the error, i.e.sde2, can be split into two parts, namely
the sdbias defined by the difference between the standard deviations ofxpred andxmeas and the
dispersion, disp:

sde2 = σ2(ε)

= (ε− ε)2

= (xpred − xpred − (xmeas − xmeas))
2

= (xpred − xpred)
2 + (xmeas − xmeas)

2 − 2(xpred − xpred) (xmeas − xmeas)

= σ2(xpred) + σ2(xmeas)− 2σ(xpred) σ(xmeas) r(xpred, xmeas)

=
(
σ2(xpred) + σ2(xmeas)− 2σ(xpred) σ(xmeas)

)

+ 2σ(xpred) σ(xmeas)− 2σ(xpred) σ(xmeas) r(xpred, xmeas)

= (σ(xpred)− σ(xmeas))
2

︸ ︷︷ ︸
sdbias2

+ 2σ(xpred) σ(xmeas)(1− r(xpred, xmeas))︸ ︷︷ ︸
disp2

(A.8)

Using equations (A.5), (A.6), (A.7) and (A.8) the rmse can be written as

rmse =

√
bias2 + sdbias2 + disp2 (A.9)
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The type of probability distribution of the variables plays an important role for the interpretation
of the results, in particular in connection with confidence intervals. In some cases an assumption
concerning the distribution of the variable in question can be made, e.g. the deviations between
prediction and measurement are commonly expected to be normally distributed. Hypotheses of
that kind can be tested with statistical methods. The idea is to formulate a hypothesisH0 like:
H0=”A given sample{xi} is drawn from a distribution of type Y”. Then a confidence level1−α

is set whereα is the probability of rejecting the hypothesis although it is true. The outcome of
the test is either thatH0 is rejected or it is not rejected at the given confidence level. So the
crucial point is that a statistical test cannot prove the hypothesis, i.e. even if the hypothesis
is not falsified by the test it can still be wrong. The value of these tests is to add some more
confidence to the statement of the hypothesis.

B.1 Theχ2-test

The χ2-test is a very popular form of hypothesis testing and described in standard books on
statistics, e.g. [64]. The test is used in this work as a so-called “goodness of fit test” to check
whether a sample could have been drawn from a normal distribution. Hence, the null hypothesis
is: H0=”The given random sample{xi} is drawn from a normal distribution with meanx and
varianceσ2”. The basic idea of theχ2-test is to compare observed frequencies,hj, with the
theoretically expected probabilities,pj, and provide criteria to decide if they show significant
differences.

First of all theN sample values{xi} are divided intok bins of equal width∆e. Let ej be
the upper boundary of bin j, then the theoretical probability, assuming that the distribution was
Gaussian, is given bypj = F (ej) − F (ej−1) whereF (ej) = Φ ((ej − x)/σ)) is the cumulated
distribution function of a Gaussian distribution. Then the random variable

χ2
s =

k∑
j

(hj −N pj)
2

N pj

(B.1)

is defined which compares the empirically found frequencies,hj, with the expected Gaussian
probabilities,pj. The variableχ2

s is approximatelyχ2 distributed withk−1 degrees of freedom.
A pre-requisite for this approximation isN pj >= 5. The χ2 distribution is defined as the
distribution of the sum of the squares of independent standard normal variables and its values
are usually tabulated, e.g. in [64].

The probability of wrong rejectionα is selected. It implicitly defines the interval in which
realizations ofχ2

s according to equation (B.1) are rejected. Hence, the condition

Fχ2(χ2 ≥ χ2
α,k−1) = α (B.2)
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whereFχ2 is the cumulatedχ2-distribution gives a critical pointχ2
α,k−1 and the probability to

find values beyond this point isα. Typically, α is set to 0.10, 0.05 or 0.01 and is called the
significance level. The corresponding valuesχ2

α,k−1 are tabulated.

After χ2
α,k−1 is determined the last step is to check whether the realization ofχ2

s is smaller then
this critical point, i.e. if

χ2
s ≤ χ2

α,k−1 (B.3)

there is no objection to the assumption that the sample stems from a Gaussian distribution.

B.2 The Lilliefors test

The Lilliefors test is also a goodness-of-fit test used to test a given distribution for normality.
The test compares the empirical cumulative distribution of the sample{xi} with a normal cu-
mulative distribution having the same mean and variance as{xi}. Compared to theχ2-test it
has the advantage that the sample size is allowed to be relatively small.

The test statistic of the Lilliefors test is defined as

D = max
j
|Pj −Hj| (B.4)

wherePj = Φ ((xj − x)/σ)) is the cumulative distribution of the normal standard distribution
andHj the empirical frequency of events withx ≤ xj. D according to equation (B.4) is tested
against a critical valueDα at the desired confidence levelα obtained from a table. IfD > Dα

the hypothesis that the distribution is normal will be rejected.

The known limitations of the Lilliefors test (which is similar to a test called Kolmogorov-
Smirnov test) is that it tends to be more sensitive near the centre of the distribution than at
the tails.

B.3 The F-test

In order to test several sample means whether they show statistically significant differences the
so-called F-test is used (described e.g. in [64]). The idea of this test is to compare the within-
variance among the members of one sample to the in-between-variance among the means of
the different samples. The variance between the sample means is “explained” by the fact that
the samples might come from different populations while the variance within one sample is
“unexplained” in the sense that it is due to random fluctuations around the mean. Hence, the
F-test is based on evaluating the ratio

F =
explained variance

unexplained variance
. (B.5)

Typically, the hypothesis to be tested is formulated as: “H0=The sample means belong to the
same distribution.”

To comparer different means derived from samples of unequal size the following notation is
used: let{xj

i} with i = 1, . . . , Nj andj = 1, . . . , r denote thejth sample, e.g. in chapter 7 the
daily error values of one cluster, thenxj is the sample mean.
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The average variance of the different samples from their respective mean values is called pooled
variance and is defined by

σ2
p =

∑r
j=1

∑Nj

i=1(x
j
i − xj)2

∑r
j=1(Nj − 1)

(B.6)

The variance between the sample means is defined by

σ2
m =

∑r
j=1 Nj(x

j − x)2

r − 1
(B.7)

wherex denotes the mean of allxj
i , i.e.

x =

∑r
j=1 Njx

j

∑r
j=1 Nj

. (B.8)

Now the average within-variance of the individual samples is compared to the variance of the
sample means defining the F-ratio in equation (B.5) by

F =
σ2

m

σ2
p

. (B.9)

The F-ratio is determined for the given samples. IfH0 is true and the sample means are the
same thenF is around 1. If the mean values are from different distributions and, hence,H0

is not true, the variance among the mean values,σ2
m, will be larger compared with the within-

sample variance,σ2
p, andF in equation (B.9) is expected to be larger than 1. TheF -distribution

determines how largeF is allowed to be under the assumption thatH0 is true. Hence, for a pre-
defined significance levelα, i.e. the probability thatH0 is rejected though it is true, the critical
valueFα can be inferred from a tabulatedF -distribution with the suitable degree of freedom. If
the condition

F ≤ Fα (B.10)

holdsH0 is not rejected.

Note that the hypothesisH0 is “the means are equal” and, thus, ifH0 is rejected the alterna-
tive hypothesisH1: “the means are NOT equal” is confirmed. However, this is only the first
step because this test does not tell which pairs of mean values are different. This has to be
tested by constructing simultaneous confidence intervals around each of the mean values. Us-
ing Scheffe’s multiple comparisons[64] the differences between all pairs of sample means can
be evaluated and with 95% confidence the following statement is true for all sample pairs(k, j)

simultaneously:

µk − µj = (xk − xj) ±
√

(r − 1) F0.05 σp

√
1

Nk

+
1

Nj

(B.11)

whereµk−µj is the difference between the true means of the two underlying populations,xk−xj

the difference between the sample means,r is the number of different samples,F0.05 is the value
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of theF -distribution at the significance level 0.05,σ2
p the pooled variance (equation B.6) and

Nk,Nj are the sample sizes.

Thus, if the differencexk − xj exceeds the confidence range given by equation (B.11) the two
samples{xk

i } and{xj
i} are believed to originate from two different distributions and the mean

valuesxk andxj are regarded as significantly different.

B.4 F-test results from chapter 7

Table B.1: F-ratios (equation B.9) of investigated stations (see chapter 7).

number of clusters linkage type F-ratio
Fehmarn 6 complete 7.73

6 Ward’s 5.65
Hilkenbrook 7 complete 6.23
Rapshagen 7 Ward’s 13.71
Syke 7 complete 7.37
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Table B.2: Results of Scheffe’s multiple comparison for daily rmse for Fehmarn clustering with
complete linkage. The standard software SPSS has been used. The star (*) denotes that the
difference between the means is significant at the levelα = 0.05. Clusteri and clusterj refer to
the cluster numbers used in section 7.3. If “significance” is smaller thanα = 0.05 the mean
values of the two clusters i and j are regarded as significantly different. Lower bound. and
upper bound. refer to the boundaries of the 95%-confidence interval given by equation B.11.
This interval does not contain the origin if the clusters are significantly different.

clusteri clusterj difference of meansij significance lower bound. upper bound.
1 2 -0.0709 1.000 -0.7788 0.6371

3 0.4120 0.063 -0.0119 0.8360
4 0.7619(*) 0.001 0.2061 1.3176
5 -0.0875 0.999 -0.7433 0.5682
6 0.4930(*) 0.011 0.0690 0.9169

2 1 0.0709 1.000 -0.6371 0.7788
3 0.4829 0.297 -0.1702 1.1360
4 0.8327(*) 0.017 0.0873 1.5782
5 -0.0167 1.000 -0.8394 0.8060
6 0.5638 0.141 -0.0893 1.2170

3 1 -0.4120 0.063 -0.8360 0.0119
2 -0.4829 0.297 -1.1360 0.1702
4 0.3498 0.323 -0.1341 0.8338
5 -0.4996 0.167 -1.0957 0.0965
6 0.0809 0.983 -0.2433 0.4051

4 1 -0.7619(*) 0.001 -1.3176 -0.2061
2 -0.8327(*) 0.017 -1.5782 -0.0873
3 -0.3498 0.323 -0.8338 0.1341
5 -0.8494(*) 0.006 -1.5455 -0.1534
6 -0.2689 0.630 -0.7529 0.2151

5 1 0.0875 0.999 -0.5682 0.7433
2 0.0167 1.000 -0.8060 0.8394
3 0.4996 0.167 -0.0965 1.0957
4 0.8494(*) 0.006 0.1534 1.5455
6 0.5805 0.062 -0.0156 1.1766

6 1 -0.4930(*) 0.011 -0.9169 -0.0690
2 -0.5638 0.141 -1.2170 0.0893
3 -0.0809 0.983 -0.4051 0.2433
4 0.2689 0.630 -0.2151 0.7529
5 -0.5805 0.062 -1.1766 0.0156
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Table B.3: Same as table B.2.2 but for Fehmarn with Ward’s linkage.

clusteri clusterj difference of meansij significance lower bound. upper bound.
1 2 0.1725 0.959 -0.3920 0.7369

3 -0.2504 0.757 -0.7669 0.2662
4 -0.0253 1.000 -0.5898 0.5391
5 -0.3974 0.592 -1.087 0.2926
6 -0.4223 0.206 -0.9474 0.1029

2 1 -0.1725 0.959 -0.7369 0.3920
3 -0.4228(*) 0.048 -0.8439 -0.0017
4 -0.1978 0.861 -0.6764 0.2809
5 -0.5699 0.097 -1.191 0.0519
6 -0.5947(*) 0.001 -1.026 -0.1631

3 1 0.2504 0.757 -0.2662 0.7669
2 0.4228(*) 0.048 0.0017 0.8439
4 0.2250 0.670 -0.1961 0.6462
5 -0.1471 0.982 -0.7258 0.4316
6 -0.1719 0.782 -0.5387 0.1949

4 1 0.0253 1.000 -0.5391 0.5898
2 0.1978 0.861 -0.2809 0.6764
3 -0.2250 0.670 -0.6462 0.1961
5 -0.3721 0.549 -0.9939 0.2497
6 -0.3969 0.095 -0.8286 0.0347

5 1 0.3974 0.592 -0.2926 1.0875
2 0.5699 0.097 -0.0519 1.1917
3 0.1471 0.982 -0.4316 0.7258
4 0.3721 0.549 -0.2497 0.9939
6 -0.0248 1.000 -0.6112 0.5616

6 1 0.4223 0.206 -0.1029 0.9474
2 0.5947(*) 0.001 0.1631 1.0264
3 0.1719 0.782 -0.1949 0.5387
4 0.3969 0.095 -0.0347 0.8286
5 0.0248 1.000 -0.5616 0.6112
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Table B.4: Same as table B.2.2 but for Hilkenbrook with linkage.

clusteri clusterj difference of meansij significance lower bound. upper bound.
1 2 -0.2309 0.372 -0.5544 0.0925

3 -0.1616 0.964 -0.6443 0.3212
4 -0.2806(*) 0.035 -0.5509 -0.0104
5 -0.2365 0.852 -0.7561 0.2831
6 -0.7372(*) 0.000 -1.1838 -0.2906
7 -0.2088 0.580 -0.5516 0.1341

2 1 0.2309 0.372 -0.0925 0.5544
3 0.0694 1.000 -0.4218 0.5605
4 -0.0497 0.999 -0.3347 0.2353
5 -0.0055 1.000 -0.5330 0.5219
6 -0.5063(*) 0.017 -0.9619 -0.0506
7 0.0222 1.000 -0.3324 0.3767

3 1 0.1616 0.964 -0.3212 0.6443
2 -0.0694 1.000 -0.5605 0.4218
4 -0.1191 0.990 -0.5769 0.3388
5 -0.0749 1.000 -0.7126 0.5628
6 -0.5756 0.053 -1.1553 0.0041
7 -0.0472 1.000 -0.5513 0.4569

4 1 0.2806(*) 0.035 0.0104 0.5509
2 0.0497 0.999 -0.2353 0.3347
3 0.1191 0.990 -0.3388 0.5769
5 0.0442 1.000 -0.4525 0.5408
6 -0.4566(*) 0.021 -0.8761 -0.0370
7 0.0719 0.994 -0.2349 0.3787

5 1 0.2365 0.852 -0.2831 0.7561
2 0.0055 1.000 -0.5219 0.5330
3 0.0749 1.000 -0.5628 0.7126
4 -0.0442 1.000 -0.5408 0.4525
6 -0.5007 0.203 -1.1115 0.1100
7 0.0277 1.000 -0.5118 0.5672

6 1 0.7372(*) 0.000 0.2906 1.1838
2 0.5063(*) 0.017 0.0506 0.9619
3 0.5756 0.053 -0.0041 1.1553
4 0.4566(*) 0.021 0.0370 0.8761
5 0.5007 0.203 -0.1100 1.1115
7 0.5284(*) 0.014 0.0588 0.9980

7 1 0.2088 0.580 -0.1341 0.5516
2 -0.0222 1.000 -0.3767 0.3324
3 0.0472 1.000 -0.4569 0.5513
4 -0.0719 0.994 -0.3787 0.2349
5 -0.0277 1.000 -0.5672 0.5118
6 -0.5284(*) 0.014 -0.9980 -0.0588
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