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Introduction

In the upcoming years, renewable energy sources (RES) are expected to play
an increasing role in the energy mix by replacing higher shares of conventional
generation. As regards FEurope, the European Commission has set a range
of targets that are to be fulfilled by 2020, that is to say a 20% reduction of
carbon emission, a 20% increase in energetic efficiency and an increase in the
share of renewables in the final energy consumption up to 20%. However, those
targets translate into a share of about 30%-40% of renewables in electricity
generation, as far as the other energy sectors give only few growth perspectives.
In particular, wind power is the fastest growing renewable energy source in
Europe in terms of MW and EU wind power capacity is expected to reach at
least 230 GWE| in 2020, while present capacity equals 84,278 GW (see Table 1).

Such a large-scale integration of wind energy in power systems raises the
challenge of managing large shares of wind power and increase the need for ac-
curate wind power output prediction. It also entails that a significant number
of new wind farms will be built across Europe. As the most windy sites are
already occupied in certain countries (e.g. in Spain [I8] and Germany [39]), it
will lead to deal with more and more complex terrains, which often have lower
predictability. That highlights the need for accurate wind resource assessment.
Wind resource assessment refers to the use of numerical tools and experimental
techniques in order to produce the wind field over a specific site topography,
with the final aim of estimating both technical and economical feasibility of a
new wind farm installation. Techniques for wind resource assessment experi-
enced significant developments during the last few years, due to the growing use
of ground-based remote sensing devices as a supplement to mast-based instru-
mentations and thanks to the development of mesoscale and microscale models.

In the early stages of wind power integration, wind power producers may
benefit from a feed-in tariff system, which purchase cost-based prices, long-term
contracts, guaranteed grid access and no need to care about predictability. But
wind generation is intrinsically intermittent, highly variable and has limited
dispatchability. When operating under market conditions, that results in penal-
izing power producers because electricity markets have been originally designed
for power producers that can control their power production, which in fact is
not the case of RES. Typically, power producers can participate in day-ahead
markets, where they propose their quantity-price bids prior to the delivery time
while having imperfect knowledge about what the future wind generation will
be. Market clearing price is determined by the interaction of the aggregated
supply and demand curves. Wind power producers are balance responsible par-

HNGW =103 MW = 108kW.



ties, as a result of which, they are charged for any imbalance between contracted
and delivered energy. This can lead to significant amounts of imbalance costs
that reduce wind power producers’ income.

EU-27 wind power capacity (GW) 2010 2020 (low) 2020 (high)

Onshore 81.332 190 210
Offshore 2.946 40 55
Total 84.278 230 265

Table 1: Evolution of wind power installed capacity in EU countries. Source:
EWEA, 2011.

Such a burden makes particularly challenging the estimation of predictability
right from the resource assessment phase, when predictability is understood as
the degree to which the wind power output can be given an accurate estimation.
The question is : having a set of pre-selected sites wind farms with similar
estimated yield, is it relevant to decide between those farms on the bases of their
predictability? How much is the additional benefit for high predictability? Until
now, the economical part of wind resource assessment processes has focused
on wind energy potential as the main criterion when deciding to set up a new
wind farm (especially the so-called Annual Energy Production criterion). When
taking into account wind predictability, one might better assess not only the
wind power potential, but also the market benefits that depend on asymmetric
effects due to the regulation state of the market. Predictability can thus be
considered as a system design parameter linked to the resource assessment phase,
where the aim is to take optimal decisions for the installation of a new wind
farm. This implies being able to provide rules for decision-makers.

The first objective of this report is to quantify, in terms of increased power
producer’s income, the effect of integrating predictability in the wind resource
assessment phase, when power producers participate in electricity markets. We
work with real-world production data from 182 Danish wind farms thus knowing
both the wind power production output and the value for predictability, which in
fact is not the case at the time of resource assessment. To validate this approach,
it has to be assessed whether the pre-construction estimation of predictability is
close to the predictability that is stated when the wind farm is operational. In
other words, we ought to know if they are of the same magnitude the difference
between the actual wind power and the predicted wind power from the moment
the wind farm is producing, on one hand, and between the estimated wind
power and the predicted wind power before the wind farm is constructed, on
the other hand. For the rest of this work, prediction refers to the forecast of
some variables using past power data, whereas estimation is only linked to the
wind resource assessment process.

The second objective is to define rules that one could refer to when facing
to a wind farm site choice decision-making problem, derived from the above-
mentioned relations that were found to be stable enough. The aim is to be able
to compose optimal portfolios that take advantage of the smoothing effect that
arises from aggregation in case of the simultaneous installation of multiple wind
farms. The present report is organized as follows:

e Chapter 1 gives an overview of the state of the art in wind resource as-
sessment. It secondly explains the market framework and the value of



predictability in terms of market revenue. Then, two distinct cases of the
installation of wind farms decision-making problem are defined.

Chapter 2 investigates the relation between predictability and market rev-
enue when installing a new wind farm. In particular, the influence of
hedging solutions is highlighted. The results are from a set of wind farms
spread over Denmark.

Chapter 3 is about evaluating the economical value of predictability when
aggregating several wind farms. Both the spatial smoothing effect and
the portfolio effect that arises from the aggregation of wind farms are
introduced. Aggregation is characterized by a set of parameters. Their
influence is investigated, with emphasis on the spatial parameters, in order
to derive optimal and sufficiently generic aggregation strategies.

Finally, the general conclusions of this work are drawn as well as some
perspectives.



Chapter 1

State of the art in wind
ressource assessment and
benefit from market
participation

This chapter investigates the merits of integrating wind power predictability
in the wind resource assessment phase. It first provides an overview of the
literature linked with wind resource assessment and the benefit from the partic-
ipation of wind farms in power exchange. Then the market pattern is concisely
introduced and both ordinary and advanced strategies for the participation in
electricity markets are described. The chapter finally distinguishes the case of
installing a single wind farm when no other wind farm from the case of installing
several wind farms when having already n in a specific pool.

1.1 Wind resource assessment versus predictabil-
ity

First, this section gives a short summary of the literature related to the wind

resource assessment process. Then it gives an overview of the papers related

to the integration of wind power predictability in this particular process. For

a far more exhaustive state of the art in wind resource assessment, we refer to

[36]. In [27], a typology of different wind resource assessment methods is given,

ranging from Folklore to advanced mesoscale and microscale modeling of wind
speed.

1.1.1 The wind ressource assessment process

Wind resource assessment is a matter of estimation under conditions of uncer-
tainty. It aims at giving an estimation of wind energy potential at a specific site,
more precisely the long-term kinetic energy that wind holds. The target variable
to define is the so-called Annual Energy Production (AEP), which measures the



expected annual wind energy production (e.g. in GWh) of the future power
plant. This estimation, as well as the associated uncertainty, is then used as
input in the study of economical feasibility of the project, which aims to assess
whether the investment is valuable in terms of expected discounted income.

Once a site has been selected based on site availability and regional wind
climate, wind resource assessment phase can take place. This process can be
divided into several stages, according to [7]:

Monitoring towers are installed and are fitted with cup anemometers or
wind vanes to conduct on-site measurements of wind speed. In addition to that,
ground-based remote sensing devices can be used, such as SODAR or LIDARIH
They are especially well-suited for flat terrain.

Then data are validated and corrections are made if needed. As the
measurement campaign at the site is quite short for economical reasons, it is
necessary to extrapolate wind speed time series for longer period that matches
with the life duration of a wind turbine, that is to say approximately 20 years at
onshore locations. This is done by correlating data with climatologically repre-
sentative time series, usually provided by a reference site (often a meteorological
station) standing nearby the measurement site. Then the long-term average
wind speed is extrapolated. This method is called Measure-Correlate-Predict
(MCP) and gives satisfactory results. Another way is to use more advanced
methods such as Numerical Weather Prediction (NWP) tools and then down-
scaling the results at the measurement site location. A review of the use of
NWP models in wind resource assessment is given by [37].

Wind shear extrapolation aims at taking into account of the difference
in wind speed between the wind speed measurement devices and the hub-height
of future wind turbines. This shearing effect normally results in an increase of
wind velocity at higher vertical locations (there can also be negative gain due
to complex terrain). Vertical extrapolation becomes more and more challenging
as taller masts are being installed.

Then the wind resource has to be simulated over the site of interest using
numerical models. Wind flow modeling includes the study of wake effects
and effective turbulence across the wind farm, taking into account local topog-
raphy. The most popular linear model is WAsP (Wind Atlas Application and
Analysis Program), which was developed at RisgNational Laboratory, DK. It is
used for resource assessment in flat to medium complex terrain, [20]. Compu-
tational Fluid Dynamics (CFD) non-linear models are well-suited for modeling
complex terrain flows, whereas classical methods express their limits. Wind flow
softwares fit input wind speed data with parametric distribution. In [I1], the
suitability of the Weibull and Rayleigh functions in modeling the wind speed
distribution is tested. Both are empirically performing and thus are widely
used among wind data analysts. A neural based approach is considered in [29],
which appears to overperform the Weibull approximation. The authors of [17]
enumerate several alternative techniques.

We can mention an additional stage, which consists in the determination of
extreme wind speed, where extreme wind speed is defined as the value of the
average highest wind speed over 10 min with a return period of 50 years. It is
a design parameter and it is calculated for design compliance purposes, using
either the so-called EWTSII method or extreme value analysis depending on

Irespectively Sonic Detection And Ranging and Light Detection And Ranging



the amount of available data [36].

Most of the ongoing researches in the field of wind resource assessment are
focusing on developing methodologies and improving wind speed modeling in
case of non-classical terrain types. For example, a methodology for offshore wind
resource assessment is proposed in [2], taking into account that roughness length
increases with wind speed at offshore locations. The most recent developments
in wind flow modeling in case of hilly and woody terrains are presented in [5].

Finally, at the energy estimation stage, power production is predicted
using the wind turbine power curve, which provides the associated power rate
as a function of wind speed. The energy yield is then estimated by taking into
account the annual availability rate of wind turbine as well as the loss energy
rate. Once the mean energy yield has been estimated, the associated uncertainty
has to be quantified too.

1.1.2 Wind resource assessment and wind power predictabil-
ity

Here, and for the rest of this study, predictability is the degree to which a
correct prediction or estimation of wind and power data can be made. Prediction
concerns the mean behavior of wind power, as well as the occurrence of extreme
events. Predictability of market price also affects the income of wind power
producers but it has nothing to do with wind resource assessment, so it is out
of the scope of this work. A recent survey [36] pointed out that the integration
of wind power output predictability is a stake for 7% of researchers; although it
remains quite unconsidered among developers, manufacturers and consultants.
In order to understand why predictability is considered to be important, we
will have to clarify the links between wind variability, wind resource assessment
uncertainty and, at last, predictability.

First, variability refers to the degree to which a variable experiences changes
in its value, in time or within a set of data. Here (Fig. 1.1) are the standard
deviations of wind power in percentage of nominal power at different time scales
over year 2008, ranging from hour to month, for 182 transformation stations
grouping operational Danish wind farms. The value for 20-year inter-annual
wind power variability is also plotted. It is set to 0.1, which is consistent with
the value found in the few empirical study that were conducted, see [38].

Most of the wind farms have an hourly variability ranging from 25% to 30%
of their nominal power. Variability decreases as the time scale increases, thus
illustrating a temporal smoothing effect. The consequence is that the level of
future wind energy production is marred by uncertainty, at all horizons.

When estimating the wind resource of a candidate site, the literature as
considered as particularly relevant to analyze the uncertainty associated with
the annual level of wind energy production. In [25], a framework to assess the
wind resource of a wind turbine using uncertainty analysis is presented. An
overall 11% level of uncertainty associated with wind resource assessment is
found, which is consistent with the value we can find when glancing through
the literature (from 8% to 12% in average, often twofold for highly complex
terrain). Monte Carlo simulation is used in [3] to estimate the quantiles of AEP
for different time horizons. The authors find that the annual capacity factor
will lie within 1.50% of his long-term predicted average. Based on large cross-
country data, it is found in [4] that the computation of wind energy potential
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Figure 1.1: Wind power variability for different time scales over year 2008, for
182 transformation stations grouping operational Danish wind farms.

tends to underestimate the effective wind energy production by 6-7%.

According to [30], there exist four sources of errors in wind energy production
estimation: (1) wind speed measurement, (2) long-term resource estimation, (3)
wind resource variability and (4) site assessment. Each of the above-mentioned
wind resource assessment stages belongs to one of the (1), (2) and (4) uncertainty
sources. The authors of [7] gives interesting estimation of the uncertainty related
to some stages of wind resource assessment, as well as the associated costs,
based on their experience. The authors estimate that cumulating those errors
can result in a 24% error in energy yield estimation, which leads in his turn to a
2.5 million € error in annual revenue estimation for a 50 MW sample European
wind project, when assuming a 0.08€/kWh price. In [30], sensitivity factors are
used to combine these independent sources of uncertainty and to provide more
accurate estimation of the uncertainty in the site assessment process. Unless it
is not in the scope of this work to discuss the uncertainties associated to one or
another stage of the wind assessment process, knowing their magnitude could
help in assessing how important is to estimate predictability.

In the pre-cited work [7], tower sheltering effect is shown to potentially
induce a 1.8% error in energy yield estimation, while top anemometer speed-
up leads to a 7% error. Another main source of uncertainty is the wind speed
modeling which results in even higher uncertainty when translated into a power
production profile. The Weibull approximation is found to result in a 1.5%
error. A simplistic wind shear extrapolation could also induce a 1.8% error.
The most dramatic source of error is the equipment problems that can cause
an 11% error. Another interesting work is the one from [I], which investigate
the effect of missing data on wind resource estimation, mainly caused by icing
of equipment that occurs in colder months. The authors found that missing
data decrease predictability and result in significant bias for expected economic
revenue in case of low electricity price variability. They develop a seasonality-
based method to help remove this bias. It appears that the uncertainty is caused
either by the quality of the data, the number of years involved in estimation.



Apart from type (3), the uncertainty sources are partially reducible by improving
equipment selection, monitoring and modeling. E.g. it is noticed in [30] that
the use of ground-based remote sensing devices could potentially reduce the
uncertainty in wind power estimation of about 25%.

However, the estimation of annual energy production might be not sufficient
to assess whether a wind farm is economically valuable or better than another
one. One could consider as well the short-term predictability, which is at the
root of the economic valorization of wind energy. In fact, it is the discrepancy
between short-term wind power output and the associated prediction that de-
termine the producers’ income through market participation. The economic
value of accurate prediction is shown in [I6] and [33], among other works. In
a wind resource assessment perspective, the idea is that a candidate site could
have huge energy yield potential but limited short-term predictability, and thus
not so good economic value. It highlights the need for short-term uncertainty
quantification (and thus predictability) from the resource assessment stage, in
full accordance with the market time. In order to consider this economic value
of predictability, we will have to introduce the market framework under which
power producers operate.

1.2 The value of predictability related to elec-
tricity market participation

This section explains how the predictability of wind generation decisively im-
pacts the income of power producers when operating under market conditions.
It first introduces the characteristics of the market framework, before describing
the participation in day-ahead market, which is seen as the reference case, as
well as more advanced strategies for hedging imbalance settlements.

1.2.1 Electricity markets

Due to the ongoing liberalization processﬂ electricity has become a commodity
that is usually traded on physical markets where the demand from consumers
meets the offer from power producers. However, electricity has very special
characteristics, which may differentiate it from other tradable goods. Electricity
generation has to meet demand at all times in order to ensure system stability
despite being hardly subject to storage. On the side of demand, consumers
may react very smoothly to changes in price, which amounts to saying that
demand for electricity is quite inelastic. This is mainly due to the lack of any
substitutable good.

When trading their production at the market, wind power producers, as well
as conventional power producers, are economically responsible for any imbalance
between contracted and delivered energy. Market participants are said to be
balance responsible parties (BRPs). To avoid these regulations costs, power
producer have to make suitable decisions about their energy contracts before
delivery, while having no certainty about the future wind speed intensity and

2To get an overview on what are the pros and cons of liberalization, look at [10]. To know
how power market design could be shifted in order to fit onto the large-scale integration of
renewable energy sources in the electricity system, [22, [9]. About the Nordic Power Market,
1351



thus about wind power production. In other words, the limited predictability of
wind generation makes it particularly sensitive to regulation costs. Those costs
translates the wish of the Transmission System Operator (TSO)E| to provide
incentives to power producers for minimizing imbalances so the equilibrium
between generation and load can be maintained at all times and the system is
kept stable.

There exist bilateral markets, where buyers and sellers trade directly with
each other, and pool markets, where buyers and seller submit respectively their
offer and demand bids during the period between the gate opening and the
gate closure time. Bids consist in an amount of energy for a given price. Day-
ahead markets and intraday market are such markets. They also belong to the
physical markets category, as they permit to trade energy, which is a physical
commodity. On day-ahead markets, producers submit their quantity-price bids
on the day before delivery and a single market price is defined by matching the
aggregated offer and demand curves (see Figure 1.2). E.g. In the Nord Pool
Elspot day-ahead market, bids are to be settled before noon for every hour of
the following day.

Purchase

System /

price 4

Turnowver at MW
System price

Figure 1.2: Single market clearing process. Source: Nord Pool website, May
2011.

At the time of imbalance settlement, a posteriori to production and con-
sumption, the imbalance volume is measured and the imbalance penalty is ob-
tained by multiplying it with the imbalance price. The imbalance volume is the
amount of energy between delivered energy and net contracted energy. Positive
energy imbalance occurs in the case where delivered energy exceeds contracted
energy, while negative energy imbalance occurs when delivered energy is lower
than contracted energy. The sum of imbalance volumes from all the balance re-
sponsible parties determines the regulation state on the real-time market. The
TSO ensures the equilibrium between production and consumption at all times
by applying secondary reserves and tertiary reserves. If the real-time overall
imbalance is positive, we talk about down-regulation. If the opposite occurs,

3The TSO is mainly responsible for the secure and efficient operation of the network. It
manages transmission networks.



we talk about up-regulation. The imbalance prices are either fixed or market-
based, depending on the market. Sometimes, balance responsible parties are
only charged for imbalances opposite to the regulation state. When no overall
imbalance occurs, both up regulation and down regulation prices are equal to
the spot price(see Figure 1.3).
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Figure 1.3: Day-ahead electricity market price in the Elspot market for the

Western Denmark area, the 01/01/2008, and the associated up and down regu-
lation price for the same area.

1.2.2 The value of predictability related to day-ahead mar-
ket participation

Once the market mechanism has been introduced, it is obvious that increasing
predictability results in lower imbalance penalties and thus increases wind pro-
ducer’s income. We already said that power producers have to propose bids
before delivery time, thus having no precise idea about what the future power
production will be. The longer is the delay between gate closure time and de-
livery time, the lower is the predictability and the higher are the imbalance
volumes and penalties.

A lot of researches have been carried out on the field of the participation
of wind power producers in day-ahead markets. They all attach great value to
predictability as it permits to make optimal bids on the day-ahead market. The
authors of [19] use a Markov Process to model wind generation and simulate the
participation in the day-ahead market. A bidding strategy based on stochastic
programming is developed in [24]. In [34], the authors aim at demonstrate the
benefits of a quantile-based bidding strategy, while the authors of [I5] adopt a
risk-based approach. [§] is a case-study for an Italian wind farm operating in
the day-ahead market.

Finally, [6] formalizes the participation in the day-ahead market and pro-
poses a generic formulation for the loss function of a power producer, including
the possibility for hedging solutions. We will use this framework for the purpose
of this work.

10



1.2.3 Advanced strategies for hedging imbalance costs

Many solutions exist to manage imbalance penalties related to renewable gen-
eration in electricity markets. There are physical solutions, such as storage and
combining with conventional energy generators. Additional financial solutions
like participation in intraday markets can help reduce the imbalance penalties.
All those solutions are given a short description in this subsection. Note that
an exhaustive description of the strategies for hedging imbalance costs is given
in [6]. We assume that wind producers do not control generation, that is to say
they do not operate strategic reductions of wind power output.

Storage

Combining wind turbines with energy storage device (ESD) is a way to im-
prove dispatchability and to manage imbalances. The basic mechanism is the
following one: if wind generation is greater than contracted ESDs can store
the excess energy and make it available to manage latter shortage situations.
If wind generation is lower than contracted, ESDs can deliver the energy that
has previously been stored, if any. However, storage entails energy losses and
both investment and operational costs. According to [2I], the installation of
storage facilities is in the order of 40% of investment over 20 years for electricity
production systems and only become profitable if a certain quantity of energy
is supplied.

A simulation for the participation of a virtual power plant including wind
turbines and energy storage facilities is presented in [28]. The author of [6]
estimates that this situation leads to a reduction of 10%-15% of the imbalance
penalties if operating at the day-ahead market and assuming a 30 MW capacity
for the ESD and a round-trip efficiency of 0.85. In [I3], a risk-based strategy
is developed, including strategic coordination of pumped-hydro storage and the
participation in the intraday market.

Conventional generation

Another solution is to combine the wind power turbines with dispatchable con-
ventional generation units, such as gas turbines, diesel engines or tidal genera-
tors. Unlike storage, combining with conventional generation can only reduce
negative imbalances. If wind generation is lower than contracted, these units
can be switched on in order to fill the lack of wind generation.

In [32], an optimal bidding curve is developed for the participation of a mixed
portfolio made of RES and conventional fossil-fuelled plants in a dual-pricing
imbalance environment. In [23], the joint operation of hydro and wind power
on electricity spot market is considered. However, those works do not take
into account the additional cost for installing back-up conventional generation
units. It is done in [0], assuming a linear variation of the marginal cost for
any variation of the delivered energy. The sensitivity analysis reveals that the
imbalance penalty is at his lowest level when the marginal cost is low and the
conventional generation unit nominal power is 1.35 MW (for a 18 MW wind
farm).

11



Participation in intraday markets

The participation in intraday markets is a financial hedging solution but has
the same effects as physical solutions. The intraday market permits to trade
energy between the day-ahead gate closure time and the delivery time. Intraday
markets gate closure and opening times changes depending on the national or
international market that is considered. They permit to take advantage of more
recent (and thus more accurate) predictions to revise their production schedule
and to trade the difference between the day-ahead bid and the revised schedule.

The market clearing process is often different from the spot market one.
A pay-as-bid mechanism is used, that is to say market power producers are
remunerated at their bid price and the transaction occurs on a ”first come first
serve” basis : the first matching offer to a bid is rewarded and fixed into two
bilateral transactions between the seller and the buyer.

Such an advanced hedging strategy with sequential participation in both
day-ahead and intraday market is described in [I2]. The author finds that the
participation in intraday market can help reduce the imbalance penalties by up
to 18%. For the moment, very few actors are trading on the intraday markets
and the volume is quite low. E.g. For the Nordic Elbas intraday market and
year 2007, only 1.6 TWh were traded on this market, while the Elspot day-
ahead market and the regulation market traded volumes reached respectively
291 TWh and 13 TWh.

1.3 The stakes for integrating predictability in
wind resource assessment

This section formulates the two distinct problems that our work will cope with.
The case of the installation of a single wind farm is presented first. Then the
case of the simultaneous installation of multiple wind farms is presented. This
last case is more complicated, as it requires analyzing spatial effects.

1.3.1 The single case : ”got no wind farm, want 1”

A basic situation is the one of a new Independent Power Producer (IPP) entering
the market, who wishes to build a single wind farm or, it is the same for us, an
IPP who already owns one or several wind farms but does not take account of the
information provided by those wind farms in the installation choice. If energy
yield estimation is available for several candidate sites where a wind resource
assessment process was carried out, it could be useful not only to compare those
sites on the basis of energy yield, but also to consider short-term predictability
of wind power, which exposes producers to imbalance penalties. It is a basic
decision-making problem, which can involve a trade-off between wind power
yield and wind power predictability. If a higher energy yield results in lower
wind predictability, it is necessary to make the balance and to estimate what
the producer’s income could have been if the wind farms had been producing
energy. To our knowledge, no paper in the literature has dealed with the so
defined problem.

This situation, where only the installation of a single wind farm is consid-
ered is denoted as the single case. This basic case is studied first in order to
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investigate the relations between variability, predictability and market revenue
that does not rely on spatial effect. It can be coarsely resumed by the following
statement: ”got no wind farms, want 1”. It is the main object of chapter 2.

1.3.2 The aggregated case : ’got n wind farm, want k”

A more complex situation is the one of an Independent Power Producer who
wants to settle several wind farms in an optimal way. This IPP can already have
either several wind farms or none. If any, the initial number of wind farms is
assumed to be known and is thus considered as a parameter, whereas the number
of new wind farms to be settled is a variable we want to fix in an optimal way, or
at list being given boundaries. More generally, a power producer owning wind
turbines of a given capacity and spread over several locations wants to install
k more turbines of a given capacity into present wind farms (repowering) or at
new locations (installation strictly speaking).

The study of such a problem entails the investigation of the spatial and
temporal effects of the wind farms when being strewed. For example, the dis-
tance between wind farms, and the power capacity dispersion notably affects
predictability and the value from the market. This situation, where consider-
ing the output and market revenue of aggregated wind farms is denoted as the
aggregated case. It can be coarsely resumed by the following statement: ”got n
wind farms, want k”. It is the main object of chapter 3.

1.4 Conclusion

It appears that wind resource assessment is a multi-step process, which involves
many sources of uncertainty. Wind short-term variability is particularly high-
stake and has a dramatic impact on producers’ income as it affects wind pre-
dictability. Indeed, producers operate under market conditions and face imbal-
ance penalties when they make wrong predictions about the expected available
short-term wind power. Having an idea of wind power short-term predictabil-
ity at the stages of wind resource assessment could therefore be useful to take
optimal decisions when one wishes to install a new wind farm. We distinguish
two cases, the single case and the aggregated case, which implies spatial and
temporal effects. For each of them, we seek to evaluate the value of having an
idea of what predictability is before a wind farm is constructed.
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Chapter 2

Understanding the value of
predictability : a case study
over Denmark

This chapter makes explicit the value of predictability when looking at the in-
stallation of a single wind farm. It first formulates the decision-making problem
and brings to light a set of results for a case study over Denmark. Then the
influence on predictability and market revenue of hedging solutions is considered
and results are given for a set of Danish wind power plants.

2.1 The value of predictability when installing a
new wind farm

This section formulates the decision-making problem and the market penaliza-
tion functions. The data are also introduced.

2.1.1 Formulation of the decision-making problem

Given a finite set of pre-selected prospecting sites F = {A, B, C, ...}, the power
producer has to choose the most appropriate one to build a wind farm w* which
will maximize his revenue Ry, over a given period :

w* = argmaz,er Ry,

Prospecting sites are characterized by their location and area coverage and
we assume that sufficient wind data is available in order to estimate the wind
energy yield and the predictability of wind power generation at this location
(see Appendix A for estimating predictability).

We keep only the transformation stations that represent more than 1 MW
of installed power. Smaller ones often have a very specific behavior (very high
capacity factoﬂ low predictability, high prediction bias) and thus greatly influ-

1By capacity factor, we mean the actual energy output of a wind farm divided by the
theoretical maximum output, if the machine were running at its maximum rated power during
all the year.
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ence the results.

As we already said, the value of predictability is related to market partici-
pation. Consequently, we do need a model to express market participation and
characterize the penalization of energy imbalances. As we said, market partici-
pants are charged for the imbalance between their energy bids and their actual
wind production.

For each T; market time, the revenue (also referred to as the income) Ry, of
a market participant bidding an amount of energy Eg but actually generating
Er, can be formulated as the combination of the income from selling the actual
wind generation Er, at the spot price 7% minus the cost 7, (dr,) for regulatio
of imbalance dr,:

RTi:W%~ETi_5Ti(dTi)a Vizl,...,N
As the market participant is assumed to be price-taker and the actual wind
generation E7, is not controllable (i.e. wind input depends on meteorologi-
cal conditions and no strategic reduction of electricity generation occurs), the
decision problem can be rewritten as follows:

N

* . w w w

W = argmingerdi, S = 0%, (dr,),
i=1

where 07, (dr,) is the penalization function that given the imbalance cost
knowing the amount of imbalance energy dr,at time T; :

*,+
— T, dr; dr, 20
6Ti (dTi) - { 77r;;7.dTi, de, <0

dr, = Et, — B,

where 7T;~;_+ and 77, are the regulation unit costs for positive and negative
imbalances, and are given by :

*+ _ , C C,+
Tp =T, = g

*,— _ _C,— C
T‘-Ti = 7TT1 — TI'Ti7

with 71'% being the spot price, 71'%+ and ﬂ'g_’_ being, respectively, the positive

and negative imbalance prices. Finally, the market participant is supposed to
bid the amount of predicted energy for each hour. The quantity-price bid is
supposed to be accepted and is then equal to the contracted energy Eg , which

is determined by the power prediction PTi multiplied by the time step A7 at
time T; :

E§ = Pr, x A1, Pp, €[0,Pyom), Vi=1,....N

The aim of the next section is to evaluate by how wind power predictability
can be a valuable choice criterion when having such decision to make. In fact
the rest of the study will lie on real world data and so predictability will by

2We neglect the subscript w in the rest of this section, as the market design is the same
for all wind farms
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associated to a predictive model that takes real production data as input to
a series of measured prediction error. To draw conclusions with a resource
assessment point of view, it has to be verified that predictability estimation is
possible and give good enough results. This is done in Appendix A for a French
wind farm.

2.1.2 Scope of the study
The dataset

In the present study, we deal with Western Denmark data. Western Denmark
refers to the country part that is situated from the western side of the Great
Belt.

This area is characterized by high wind potential and flat landscape. It
has the world’s higher share of wind power in its electricity mix and therefore
represents a particularly interesting case study as it is advanced in the ongoing
process of wind power penetration in electricity systems.

Indeed, we do not deal with wind farms data directly. The data are grouped
by the nearest transformation station. That is to say that power generation
data are aggregated and that some variables in the database, like hub height,
are nothing but an average among wind farms. Among the 565 transforma-
tions stations available in the data, 361 were removed for having too poor data
availability or for having experienced a flagrant change in their installed power
during the period. 22 more were removed for representing too low installed
capacity (below 1 MW). The remaining 182 transformation stations still form
a substantial dataset and may be able to get us some meaningful results. From
now on, we will talk about wind farms even if data are from transformation
stations.

All power data were provided by the Danish TSO Energinet.dk, according
to the EU project Safewind’s data sharing program. Market data are available
on http://www.Energinet.dkl. Power data contain the hourly rated power of
each transformation station as well as their features (identifier, coordinates, hub
height, installed capacity).

Wind power production forecasts were made using the Random Forest non-
parametric estimation procedure, implemented in the RandomForest R package.
However it is outperformed by some state-of-the-art models, it gives satisfactory
results.

The Nord Pool power Exchange

Danish power producers operate under Nord Pool power Exchange rules. This
market gathers all power producers from the Nordic Country and is divided into
several areas. Western Denmark corresponds to the DK-1 territorial subdivision
of Nord Pool power Exchange.

The market participation simulation is conducted according to this market’s
specific rules. In particular, power producers are not charged with penalties
if their energy imbalance is opposite to market regulation state (dual pricing
mechanism). Typically, a power producer operating on this market and actually
producing less than contracted will be rewarded his energy at the spot price if
market is down-regulating, that is to say if the total amount of energy generated
among market participants is greater than consumption.
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We also make several other assumptions. Market participants are price-
takers, they are not big enough to influence the market price level. Only selling
bids are considered.

Elspot is the name of the day-ahead market, and Elbas is the one for the
intraday market. The last one was opened for trading on the first of March 2007
for the Western Denmark (DK-1) area.

2.1.3 Results and analysis

We are now able to run a simulation of the participation of those wind farms
to the market for the period ranging from the 18/11/2007 to the 29/09/2009,
which corresponds to 682 days of market participation. This period is deter-
mined according to the availability of both production and market data and is
quite large (almost two years). In this reference case, only the participation in
day-ahead market is considered. The simulation are made through a platform
developed at Ecole des Mines de Paris, Center for Energy and Processes and
implemented under MATLAB(C)software. It is described in [6].

Predictability is measured by the Normalized Mean Absolute Error (NMAE
for the rest of the study), where P is the nominal power capacity of wind
farm w:

N H=35 |Err
NMAE(Err®) 24NZZ Vi=1,...,N

i=1 h=12 "Om

w _ pw PHw
Erri,h_ iwh — 1ih

Knowing the historical wind power production data for 182 transformation
stations, having computed predictions, we can now simulate the participation
of those production units in the power market and being given an idea of what
are the magnitude of predictability and market revenue as well as the relation
between them. Table 2.1 summarizes the results for the dataset, reported for a
365-day year.

min ql q2 q3 max
Nominal power (MW) 1.030 3.044 5.662 10.950 34.121
NMAE(Em) (%) 082 1124 11.85 12.56  16.20
Perfect revenue (x1000€/MW) 73.1 828 874 97.6 147.4
Revenue (x1000€/MW) 69.9 79.0 83.1 93.1 142.1
Positive §(d) (x1000€/MW) 1.653 2.686 2.912 3.085  5.306
Negative 6(d) (x1000€/MW) 0.737 1.287 1.396 1.524  2.074

Imbalance penalty (x1000€/MW) 3.170 4.002 4.303 4.550  6.043

Table 2.1: Simulation results. Min, ql, q2, g3 and max respectively refer to the
minimum, the first quartile, the median, the third quartile and the maximum
that were found for each indicator.

The annual income for each wind farm through market participation lies
between 69,900 and 142,100€ per MW of installed power. That means that the
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wind farms that achieve the best results overperform by a factor of two those
who achieve poor results. The annual imbalance penalty lies between 3,170 and
6,043€ per MW of installed power. The total of imbalance penalties result-
ing from positive energy imbalances is twice bigger than those resulting from
negative energy imbalances. This is explain by the dissymmetry between the
regulation unit cost for positive energy imbalances w;’f and the one for negative

energy imbalances 7'(';;_. That makes the penalization function asymmetric. For
the considered period, we check that W}’f tends to be higher than w;’: :

mean(ny ") = 4.421€ /MWh
mean(ry ) = 2.917€/MWh

where € refer to the Euro currency unit.

All the wind farms achieve a level of income of at least 94.27% of the perfect
revenue, which is the income that producers would rake in if there were no
imbalance penalty, i.e. if they would make a perfect prediction about the level of
actual power generation. None of them reaches more than 96.65% of the perfect
revenue. We now consider the relation between predictability and imbalance
penalty by plotting the NMAE criterion versus the annual imbalance penalty.

(a) NMAE vs imbalance penalty (b) NMrhoE vs imbalance penalty
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annual imbalance penalty (per MW of installed power)
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annual imbalance penalty (per MW of installed power)
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(c) NMAE vs income
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Figure 2.1: Plot of predictability versus imbalance penalty and income for every
wind farm, market simulation from 18/11/2007 to 29/09/2009.
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Considering Figure 2.1 (a), it is obvious that predictability is strongly and
linearly related to the amount of imbalance penalty (Pearson’s correlation coeffi-
ciemﬂ is equal to 0.912 if predictability is measured by NMAE). More precisely,
a 1 point decrease in NMAE results in a 352.5€ reduction of the imbalance
penalty per year and per MW of installed power. Indeed, imbalance penalty is
proportional to the absolute deviation from contracted energy but not by the
same proportion whether imbalance is positive or negative; otherwise it would
be perfectly correlated.

§(d) x NMAE(Err), if 7T;’i+ =T

Note that we could avoid the market simulatiorﬁ by constructing a kind
of intertemporal penalization function, using the average unit regulation costs
for both positive and negative imbalances, and associating weights to these
imbalances to take account for the dual pricing mechanism. We thus create
a new indicator, the NMrhoE, which applies the p intertemporal penalization
function to the energy imbalance. It is an approximation of the mean hourly
imbalance penalty. Unlike §, p no more depends on the subscript 7;. NMrhoE is
even more correlated with the total amount of imbalance penalties than NMAE
(Pearson’s correlation coefficient is equal to 0.931), see Figure 2.1 (b). NMrhoE
can be interpreted as an approximation of the mean hourly imbalance penalty.
If multiplied by the length of the period of market participation, it gives an
approximation of the producer’s total amount of imbalance penalties.

H=35
1 Err h .
NMrhoE(Err®) = v > ol o ), Vi=1,...,N
i=1 h=12
where p(x) is as follows :
(z) = mean(wT’+).x, x>0
P = —mean(ry).x, x<0

What is more, the NMAE appears to be highly correlated with the producer’s
income, as seen on Figure 2.1 (¢). However it does not imply any direct causal
relation. As we will see, low predictability is associated to high yield, which in
its turn implies high income.

When mapping the results for the income against predictability, it confirms
that the wind farms that have less predictability get higher amounts of imbal-
ance penalties. On Figure 2.2, the points represents, respectively, (a) the income
and (b) the amount of imbalance penalties achieved by 182 Danish wind farms
and the value for entire Denmark is interpolated on a regular spatial grid by
kriging (fields R package was used for the implementation). Wind farms are
more likely to reach high imbalance penalty levels (i.e. to reach low predictabil-
ity levels) in the southwestern and northwestern parts of Denmark. The rest is
quite homogeneous. Wind farms are more likely to reach high income levels in
the northern and northwestern parts of Denmark, as well as in the south west
and in some eastern islands.

However, Figure 2.3 (a) shows that an even stronger relation exists between
capacity factor and the producer’s income. Pearson’s correlation coefficient is

3The formula for Pearson’s correlation coefficient is detailed in Appendix B.
4Even if it is very fast from a computational point of view.
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(a) annual income (b) annual imbalance penalty
(in EUR/MW of installed power) (in EUR/MW of installed power)
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Figure 2.2: Maps of annual income and imbalance penalties for every wind farm,
market simulation from the 18/11/2007 to the 29/09/2009.

equal to 0.998. More precisely, a 1 point increase in capacity factor results in
a 3,907€increase in the producer’s income per year and per MW of installed
power. The capacity factor potentially states the wind energy yield. Making
some assumptions (e.g. an homogeneous availability rate), the energy yield is
not more that the capacity factor multiplied by the time step A7, the length of
the period when the wind farm was operational and the nominal power of the
wind farm. In fact, this criterion appears to be sufficient if we are to explain
the market revenue and compare wind farms by means of this variable. When
considering only the wind farms whose capacity factor lies between 20% and
25% of the nominal power, it appears (Figure 2.3 (b)) that the income of some
wind farms differ from their expected income. This could be the result of a
relatively lower or greater predictability, given the capacity factor.

Looking at Figure 2.3 (c), it is not obvious that the NMAE impacts the level
of producers’ income for a given level of capacity factor. In other words, pre-
dictability does not seem to bring additional significant information on income,
when having previously accounted for the capacity factor, which represents the
energy yield.

In fact, Figure 2.3 (d) shows that the residuals of the linear fitting are
negatively related with NMAE. This is quite logical, as negative deviation from
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Figure 2.3: Plot of annual income versus capacity factor. (¢) Points are colored
by income, refer to the right scale (in € per MW of installed power) (d) Points
are colored by capacity, refer to the right scale (in %).

the expected income are more likely to occur when predictability is low (i.e.
NMAE is high), and positive ones when predictability is high (i.e. NMAE
is low). Wind farms n°84 and n°183 are exceptionally underperforming with
regard to their capacity factor. The linear fit (green curve) is rather coarse
but the coefficient associated to NMAE is significant (p-value is equals to le-
03). The dashed black line represents the 95% confidence interval around the
fitted value. The wind farms that reach for NMAE lower than 12% tend to
overperform in terms of income and the others tend to underperform. Here
is the table giving the value for a range of NMAE values and the associated
prediction interval bounds:

When predictability is very high, e.g. with NMAE equal to 0.1, the total
income is expected to be greater by 387.63€ per year and per MW of installed
power, which represents a relative gain of about 0.5% (the few wind farms with
NMAE close to 0.1 have a capacity factor close to 20% and an annual income
close to 80k€). When predictability is low, e.g. with NMAE equal to 0.14,
the total income is expected to be lower by 489.94€ per year and per MW of
installed power, which represents a relative loss of about 0.5% (when assuming
a 100k€ annual income). In fact, these cases are limit cases and, most of the
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NMAE(Err) (%) lower bound  fitted  upper bound

10 -1071.00 387.63 1846.26
11 -1290.39 168.24 1626.87
12 -1509.78 -561.15 1407.47
13 -1729.17 -270.55 1188.08
14 -1948.57 -489.94 968.69

Table 2.2: Predictability versus the deviation from the expected income when
having considered the capacity factor. Fitted values and associated prediction
interval bounds for a range of predictability values.

time, the explained deviation from expected revenue is even more negligible.
Anyway, the confidence intervals are very large so it is difficult to draw robust
conclusions.

The low contribution of predictability is highlighted when carrying an anal-
ysis of variance on the income. NMAE explains 0.02% of its variance, whereas
the capacity factor share is 99,59%. In other words, NMAE explains only 4.5%
of the variance of the revenue that is not yet explained by the capacity factor.

Finally we can take a look at Figure 2.4. It tells us about the variability
of the hourly normalized income achieved by each wind farm for the period
from the 18/11/2007 to the 29/09/2009. The mean deviation from the average
normalized income lies between 8.92 and 16.95€. Variability is higher in coastal
regions, whether we consider western or eastern Denmark.

2.2 Investigating the influence of hedging solu-
tions on the value of predictability

Hedging solutions refer to either physical or financial ways to cope with the un-
certainty that arises from market participation. Three of them were introduced
in Chapter 1: adding storage facilities, combining with conventional genera-
tion and intraday market participation. The impact of each method on both
predictability and determination of imbalance penalty will be discussed in this
section. The additional costs of hedging solution are taken into account.

2.2.1 Formulation of the imbalance penalty resulting from
hedging solutions

It was shown in [6] that hedging solutions can be introduced in the market
model by a modification of the reference penalization function. According to
the author, the imbalance penalty related to the participation in intraday market
can be written as (from now on, we neglect the subscript T; because the total of
either income or imbalance penalties is no more than their sum over each time
unit):

6 (E,EC) = X + 6"/ (B, E€ 4 )

where X and z are the additional cost and energy contract volume relative
to the intraday solution. When developing the formula:
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(c) Income variability
(standard deviation of hourly income, in EUR)
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Figure 2.4: Standard deviation of hourly income

9 (B, E) = E'P x (x — «'P) 1 57/ (B, EC + E'P)

In a very similar way, the imbalance penalty related to physical solutions
can be written as:

0§r.06(E,EY) =Y + 8"N(E +y, EY)

where Y and y are the additional cost and the energy volume associated
with the physical solution (ST for storage and CG for conventional generation).
When developing the formula:

057 (B, EC) = |Esr| x 7° x T'sy + 0"/ (E + Egr, E°)

where I'gr is a dimensionless quantity that represent the cost structure of
storage.

5gG(E,EC) =ecag X (7TC — ch) + 5ref(E + eca, EC)

where ecg is the adjustment energy volume delivered by the conventional
unit.
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Basically, hedging solutions have two effects on the shape of the penalization
function. They relocate the curve upward by adding additional cost (X and Y)
and from left to right by permitting the adjustment of E (physical solutions) or
the revision of contracted energy E€ (financial solutions).

2.2.2 Results and analysis

We propose a measure Imp,.r,ms to quantify the relative improvement in rev-
enue and predictability we can obtain with hedging solutions with regard to the
reference case :

w o RY
W ref HS
ImpR,HS = T 5w
Rref
y NMAE%,; - NMAE%
ImpNvag s = NMAES
ref

where Imp% y ¢ refer to the improvement in producer’s income for wind farm
w thanks to the hedging solution HS. Impfap yg refer to the improvement
in predictability (measured by the NMAE criterion for wind farm w thanks to
the hedging solution HS).

What is more, we assume a storage capacity equal to the energy that the
wind power plants that are represented by each transformation station could
produce in one hour when working at full capacity. It is then proportional to the
installed capacity in order to allow comparison. Similarly, the installed power
capacity of the convention generation unit is set to 5% of the transformation
station represented installed power capacity and the marginal cost is set to
45€ /MWh, close to the average day-ahead market price. It has to be noticed
that conventional generation is used only for the purpose of reducing the energy
imbalance of the reference unit.

The result for each hedging solution is computed and the improvement in
market revenue and predictability is resumed in Table 2.2.

min ql q2 q3 max
Storage Impnaag,sr(d) (%) 15.7 277 291 304 34.6
Conventional generation Impnyap,ca(d) (%) 1.1 9.1 9.7 104 148
Intraday ImpNMAE,ID(d) (%) -0.2 0.5 0.9 1.2 2.1
Storage Impg st(d) (%) -83 26 -06 1.1 84
Conventional generation Impg ca(d) (%) -29.8 -20.1 -16.8 -14.3 -2.7
Intraday ImpR,ID(d) (%) -2.6 -1.4 -1.0 -0.5 0.9

Table 2.3: Relative improvement for each strategy. Min, ql, q2, g3 and max
respectively refer to the minimum, the first quartile, the median, the third
quartile and the maximum that were found for each indicator.

It appears that combining with conventional generation is the less interesting
solution in that case as it increases the amount imbalance penalty of more than
14.3% for 75% of the transformation stations, and at least of 2.7% for any
of them. Storage is sometimes beneficial and sometimes not, but even if the
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reduction of imbalance penalty is positive, it remains under 10% compared to
the reference case. Intraday participation mostly brings negative results, as only
a few transformation stations benefits from it. Maximum increase in imbalance
penalty is equal to 2.1 %, which represents a quite negligible reduction of the
total income.

The poor results for intraday participation can be given several explanations.
First, minimum size for Elbas contract is IMW /h, which automatically prevents
the class of medium-size wind farms from participating most of the time. In fact,
25% of transformation stations represent less than 3 MW of installed power. In
real world, only big energy producers participate in the intraday market in the
DK-1 zone and no exchange takes place most of the time.

When looking at the relative penalty reduction and predictability improve-
ment for each strategy, we can see that the improvement in NMAE is quite
homogeneous among transformation stations, while the reduction of imbalance
penalty is not. One reason for that is that the imbalance penalty is no more
proportional to the energy imbalance due to the addition of the X and Y term
in the expression of dr,. Those terms express the additional cost for using such
strategies.

(a) Storage (b) Conventional generation
(imbalance penalty reduction in %) (imbalance penalty reduction in %)

-1c
-18
-2¢

28

(c) Intraday
(imbalance penalty reduction in %)

Figure 2.5: Reduction of imbalance penalty for each strategy, from the
18/11/2007 to the 29/09/2009.

The mapping of results (see Figure 2.5) leads to a few additional obser-

25



vations concerning this three hedging strategies. First of all, the imbalance
penalty reduction Imp% ;g seems to have spatial patterns. In particular, the
use of storage facilities has a positive impact in west central Denmark and is
globally negative everywhere else. The combination of wind energy production
with conventional generation is penalizing everywhere, but seems to bring even
higher penalties in northern Denmark and Fyn Island. On the contrary, the
participation in intraday markets is beneficial only in east central Denmark and
particularly unfavorable in the south-eastern coastal region.

This result leads us to neglect those three solutions as for the rest of the
study, as it doesn’t bring any additional information while having a resource
assessment perspective in mind. In fact, Spearman’s rank-correlation coeffi-
ciemEI between reference income and the new income obtained by each hedging
solution is almost equal to 1. That is to say that the hierarchy between wind
farms has remained the same. By the light of those results, we can say that
the possibility to resort neither to physical solutions nor financial solutions is
not liable to influence the power producer’s decision of installing a new wind
farm because it does not significantly change wind farm’s hierarchy in terms of
revenue.

2.3 Conclusion

The study of the participation of 182 wind power plant (or more precisely of
transformation stations which represent several wind power plants) in the Nordic
power market during the period ranging from the 18/11/2007 to the 29/09/2009
brings us some meaningful results.

Predictability appears to be strongly and linearly correlated with the amount
of imbalance penalties, when predictability is measured by the Normalized Mean
Absolute Error. A 1 point decrease in NMAE results in a 352.5€ reduction of
imbalance penalties per year and per MW of installed power, at best 0.5% of
the total income.

However, the capacity factor, and thus the energy yield, is so strongly cor-
related with the producer’s income that predictability does not seem to bring
much additional information for the decision to make when installing a single
wind farm. The part of the income that is not explained by capacity factor is
partly explained by predictability. When predictability is low (resp. high), the
deviation from the expected income is expected to be 0.5% lower (resp. higher).
In addition to that, the uncertainty on the value of the capacity factor is lower
than the one on the estimated predictability at the point of site resource as-
sessment. According to the case-study presented in [3], the estimated capacity
factor will be within 5.55 per cent of the long-term average band for a period
of one year and a confidence interval of 90%.

Nevertheless, those results are to be put in perspective with the relatively
small size of Denmark, which does not allow a large range of wind power output
predictabilities and makes Danish wind farms no sot heterogeneous from this
point of view. Secondly, market rules are designed so that imbalance penalties
are not that high (more or less 5% of the income for wind power producers).
Changes in the market design could lead us to revise those conclusions. At
last, predictability might become a relevant criterion when we will consider

5The formula for Spearman’s correlation coefficient is detailed in Appendix B
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aggregation, which will allow to significantly reduce imbalances penalties by
increasing predictability, while the average energy yield will decrease as the
most productive sites will be occupied. In addition, the financial benefit of
predictability, from the producer’s point of view, can also be obtained by a
reduction of operation and maintenance costs, especially offshore, where lack
of predictability leads not only to market imbalance costs but also to loss of
availability (reduction of AEP) due to downtime periods.

Finally, the possibility to resort to hedging solutions does not seem to have
any influence on the decision-making problem, as it does not overturn the rank of
wind farms in income’s hierarchy, even if it sometimes permits to achieve better
results in terms of predictability and income revenue. This should lead us to
neglect those solutions when we will deal with wind farms aggregation. However,
it has to be noticed that results are highly dependent on the assumptions we
made about the technical characteristics of the devices involved in physical
hedging solutions.

27



Chapter 3

The economical value of
predictability in case of
aggregated wind farms

This chapter presents the relations between aggregation, predictability and mar-
ket revenue in case of aggregated wind farms. First, both spatial smoothing
effect and portfolio effect are described. Then we investigate the role of the
aggregation parameter on predictability and market revenue, especially spatial
ones, and we define strategies for the aggregation of wind farms. Results are
given for Denmark.

3.1 The spatial smoothing effect and the reduc-
tion of imbalance penalties

As previously said, wind is an intermittent energy source, which makes chal-
lenging the prediction of wind power production output. However, spatially
distributed wind power plants can take advantage of a smoothing effect and
thus reduce the uncertainty and the cost from it.

3.1.1 The spatial smoothing effect from aggregating wind
farms

Spatially dispersed wind power plant can take advantage of the fact that, if the
area is large enough, wind may be blowing at some locations although not in
at a specific site. This makes the wind power production output less variable
at a region size and thus more predictable. Consequently, prediction errors at
one specific site are likely to be compensated by opposite prediction errors from
other sites, which may reduce the energy imbalances when participating in the
electricity market, and thus reduce the imbalance penalties.

This phenomenon has been widely studied in the literature, for limited to
wide regions. For example, see [20] for getting european scale results. In turn, we
calculated the Normalized Mean Absolute Deviation of wind power production
for every possible combination {2 among a set of 16 Danish wind farms, where:
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Wind power production variability asymptotically decreases as the region
size increases. This is shown in Figure 3.1. The points are colored by aggregation
cardinality, card(Q).
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Figure 3.1: NMAD and region size. Points are colored by aggregation cardi-
nality, refer to the right scale. The orange curve represents a local polynomial
fit.

In [31], the limits of wind farm grouping for prediction error compensa-
tion are explored. It appears that the maximum reduction in the Error Index

Q) _ N [P -P] . . .
EI(Err®) =31, s occurs when aggregating the third wind farm. The

aggregation of more wind farms brings quite negligible improvement as regards
to this indicator. However, the EI is not a suitable criterion in the context of
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market participation as it gives different weights to the absolute deviation from
the power output measure.

3.1.2 The portfolio effect : benefits from the market par-
ticipation of aggregated wind farms

The smoothing of benefits due to lower variability is known as the portfolio
effect. This is basic concept in finance and can be extended to the management
of wind power plants portfolios. In our case, the portfolio effect refers to the
mitigation of imbalance penalty within a portfolio of operating wind farms with
regard to the case of those wind farms taken individually.

There exist several quantifications of the portfolio effect in the literature,
when portfolio effect is studied for the power production output. Yet few studies
have dealt with the portfolio effect understood as a mitigation of imbalance
penalty.

For example, [14] simulates the participation of all the possible combinations
among 20 Danish wind farm and find that the averaged imbalance penalty
reduction is 7.58% for cardinality 2, 15.05% for cardinality 5 and reaches a
20.90% reduction level for cardinality 20. None of the combination allows a
reduction greater than 25%.

In [41], a method is proposed to operate an optimal distribution of a given
number of wind turbines over a given number of pre-selected sites, in terms of
lowest wind power output variability.

3.2 The economical value of predictability when
aggregating several wind farms

This section examines the value of predictability when wind farms are aggre-
gated on the basis of highest yield. In this case, we seek to quantify the benefit
for integrating predictability in this decision-making process. The idea is that
the capacity factor decreases as wind farm with lower yield are aggregated while
predictability tends to increase due to the smoothing effect.

3.2.1 Identifying the most relevant parameters of aggre-
gation

The problem of aggregation characterization rapidly increases as the size of
aggregation increases. Consequently, we are interested in selecting some partic-
ularly relevant variables that could characterize the inertia of aggregation and
that appear to be key variables that perform well in explaining the income of a
particular wind farms pool and that we could make use of it in an aggregation
strategy. We distinguish three types of those parameters: technical parameters,
spatial parameters and production-related parameters. Aggregation cardinality,
total installed power and dispersion of nominal rated power belong to the first
type. The distance between wind farms (whatever the metrics) belong to the
second type. Wind power variability, wind power predictability, capacity factor
and the correlation of prediction errors belong to the third type.

Here are some variable that could be considered to characterize the aggre-
gation of wind farms.
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e Technical parameters:

— Aggregation cardinality is the number of wind farms within the wind
farm pool, i.e. card(f2).

— Total installed power is the sum of installed powers within the wind
farm pool, i.e. > o Py

— Dispersion of nominal rated power is the standard deviation of indi-
vidual nominal rated powers within the wind farm pool, i.e. std(P< ),

Q.
e Spatial parameters:

— Region size is the maximum of pairwise distances within the wind
farm pool, i.e. max(distance(w;,w;)),w; # w;andw € L.

— Mean distance is the mean of pairwise distances within the wind farm
pool, i.e. mean(distance(w;,w;)),w; # wjandw € Q.

— Standard deviation of distance is the standard deviation of pairwise
distances within the wind farm pool, i.e. std(distance(w;,w;)),w; #
wjandw € ).

e Production-related parameters:

— Minimum of correlations is the minimum of pairwise prediction errors
correlation within the pool, i.e. min(corr(w;,w;)),w; # w;, where
corr(w;,wj) is the correlation of prediction errors between wind farm
w; and wind farm w;.

— Mean of correlations is the mean of pairwise prediction errors corre-
lation within the pool, i.e. mean(corr(w;,w;)),w; # w;.

— Wind power variability, when measured by NMAD, expresses the dis-
persion of normalized aggregated wind power output from its median.
The formula is given in 3.1.1.

— Wind power predictability when measured by NMAE, expresses the
normalized mean absolute wind power prediction error. The formula
is given in 2.1.3.

— Capacity factor is the mean rated power over a period, i.e. mean(PP;—Q).

nom

As a first approach, we compute a market participation simulation for each of
the possible combinations among a sample of 16 wind farms. The total number
of simulations, Ng;m, is then the sum for each cardinality i of the number of
permutation of ¢ among 16 :

16
Nsimu—z< . )_216—1_65535
i=1

Then, as suggested in [I4], we conduct a normed PCA (Principal Component
Analysis) of this aggregation data in order to identify the variables that most
characterize data’s dispersion. Excluding normalized imbalance penalties and
producer’s income from the set of data, and keeping them as illustrative vari-
ables, we can first compute the plot of the eigenvalue of each PCA dimension.
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Figure 3.2: Plot of eigenvalues, for each PCA dimension

It appears that the first four axes explain 90% of the total inertia, which is
quite satisfactory. To interpret the signification of the first four dimensions, we
take a look at the dimension versus variables correlation graph.

eigenvalue inertia cumulative inertia

comp 1 4.42 40.14 40.14
comp 2 2.59 23.51 63.65
comp 3 2.04 18.53 82.18
comp 4 0.86 7.83 90.01

Table 3.1: Table of eigenvalues, for each PCA dimension

It appears that the first component of PCA have a 40% part in the expla-
nation of total inertia. It seems to characterize the magnitude of the smoothing
effect as it is highly positively correlated with region size (i.e. maximum of
distance between the aggregated wind farms) and negatively correlated with
both minimum prediction error correlation among wind farms and predictabil-
ity. Minimum prediction error is exactly opposite to region size so both variables
bring the same information. With a wind resource assessment perspective, we
should prefer to deal the region size because it is controllable, while correlation
of prediction error is not known before wind farms are constructed. The second
axe also contributes to explain the total inertia by almost a quarter. Wind
farms groups which have positive coordinates along the second axes tend to
have higher yield, higher power output variability and lower predictability. Not
surprisingly, the normalized imbalance penalty, taken as illustrative variable, is
well resumed by predictability. Similarly, the normalized income is well resumed

32



by the yield, measured by the capacity factor. Logically, the sum of nominal
power and the cardinality of aggregation have opposite coordinates on this axe,
which shows that the aggregation of more and more wind farms is associated to
a lower average yield.

Variables factor map (PCA)
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0.5

Dim 2 (23.51%)
0.0
|
173

—| meanCoxr stdNomPower |

-0.5

nb
nomPower

-1.0
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-1.0 -0.5 0.0 0.5 1.0

Dim 1 (40.14%)

Figure 3.3: Correlation of variables with PCA components axes 1 and 2. Here
are the signification of the variable labels: NMAE is for NMAE criterion,
NMAD for NMAD criterion, minCorr and meanCorr, respectively for the
minimum and the mean correlation of prediction errors between pairs of wind
farms, nomPower and stdNomPower, respectively for the nominal power and
the standard deviation of nominal powers among every combination of wind
farms, nb for aggregation cardinality, and stdDist, meanDist and maxDist
respectively for standard deviation, mean and maximum of pairwise distances
between wind farms. Illustrative variable are reported in blue.

Axes 3 and 4 are less informative. Wind farms groups with positive coordi-
nates along axe 3 have high power output variability but high capacity factor
and thus high income and rather high cardinality. In axe 4, only the standard
deviation of nominal power has a significant positive coordinate in the unit
circle.

To sum up, and according to the PCA analysis we conducted, the main
parameters of aggregation are:

e The distance between wind farms, understood as the maximum of distance
between pairs of wind farms (i.e. region size).

The aggregation cardinality.

The dispersion of wind farms’ nominal power.

e The sum of nominal power.

Predictability and wind power output variability.
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Figure 3.4: Correlation of variables with PCA components, axes 3 and 4.

From those parameters, we can first examine the influence of aggregation
cardinality on predictability, imbalance penalties and market revenue. As pre-
viously been stated, the benefits from aggregation asymptotically decrease when
cardinality increases and a large share of the potential benefit in terms of in-
creased predictability and reduced imbalance penalty is reached at a relatively
low cardinality. Exactly, the best combination of wind farms with respect to
predictability (NMAE = 0.088) has a cardinality of 4 and the expected pre-
dictability show no significant gain after the aggregation of 10 wind farms. It
seems that we have to focus on the results for low dimension aggregation of
wind farms.

Expected income and capacity factor are not dependent on aggregation car-
dinality. This highlights a kind of decoupling in the relation we had stated
between capacity factor and NMAE. The reason is the NMAE is now the sum
of two terms. The first term is the average predictability of aggregated wind
farms and the second term correspond to the smoothing effect.

3.2.2 Spatial analysis of the effect of aggregation on pre-
dictability and market revenue

We have seen from the previous analysis that spatial parameters are key, espe-
cially the region size of aggregation.

As previously been stated in [40], the main parameter of aggregation are the
spatial extension and the number of wind farms. Figure 3.2.4 shows pairwise
hourly prediction error correlations with respect to the distance between wind
farms. The red curve is an exponential fit of shape exp(%) and the
orange curve is a local polynomial fit. The decay parameter § is equal to 210
and expresses the size of the region where the maximum smoothing effect has
already occurred.
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Figure 3.5: Annual income, annual imbalance penalty and NMAE with respect
to aggregation cardinality.

We see that nearness not necessarily implies high correlation. Many pairs wind
farms that are not farther than 50 kms have a correlation coefficient below 0.6,
which is not that high. This highlights the possibility for smart aggregation
strategies based on spatial criteria.

What is more, one should take care, not only on the distance between the
initial pool and the wind farm to aggregate, but also the aggregation direction.
When distance is fixed, some directions may be more favorable to the compen-
sation of prediction errors, and thus to the reduction of imbalance penalties. In
fact, there is prevailing wind speed directions. The compensation of errors will
not be homogeneous at each direction. It is said to be anisotropic. This means
that adding a wind farm to the pool is likely to be more or less interesting in
terms of income depending on its relative position from the pool. To illustrate
this, let’s consider the case of one wind farm when wanting to aggregate another
one. We can clearly see that direction matters. Correlations between actual pre-
diction errors of wind farm n°59 and prediction errors of the others one hour
ago are very small because it takes less than an hour for weather patterns to
cross Denmark.

One can also consider the direction of aggregation. The rationale behind that
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Figure 3.6: Annual income, annual imbalance penalty and NMAE with respect
to region size.

is that the propagation of wind power prediction error is anisotropic because of
the existence of prevailing wind direction. This means that adding a wind farm
to the pool is likely to be more or less interesting in terms of income depending
on its relative position from the pool.

According to Figure 3.7, there exists a prevailing west to east wind speed
direction which makes the power output prediction errors between wind farms
more correlated along this particular direction. So aggregation is likely to be
more beneficial if the second wind farm’s location is somewhere in the south
of Denmark, while wind farm n°59 is located in the northeastern part of the
country, in order to take advantage from the decorrelation of prediction errors.

3.2.3 Results and analysis

We can study the link between annual income, predictability and capacity factor,
for the aggregation case (see Figure 3.10).

Not surprisingly, (a) income and capacity factor are still highly correlated
(Pearson’s correlation coefficient equals 0.998) ; (b) When considering medium-
range capacity factor, some combination of wind farms appear to differ slightly
from the average behavior. However, we can’t see state clearly on graph (c)
if there is gain to get from higher predictability when comparing combination
of similar capacity factor. Graph (d) shows a negative relation between the
residuals of the linear fit (red curve on graph (a)) and the NMAE criterion.
There is no gain from predictability being exceptionally high (NMAE = 10%)
but very low predictability (NMAE = 13%) is associated to an annual expected
loss of 605€by MW of installed power, more or less 0.6% of the total income.
When carrying an analysis of variance on the income, and considering both
NMAE and capacity factor in the model, the NMAE appears to explain only
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Figure 3.7: Cross-correlation for every pair of wind farms with respect to dis-
tance (lag=0hours).

0.04% of the overall variance.

3.3 Strategies for the aggregation of wind farms

3.3.1 Definition of different aggregation strategies

We need to investigate the ways that could provide optimal aggregation of wind
farms. Many studies have dealt with this decision problem, for the optimization
targets differ with one another: smoothest aggregate output, maximum benefit,
maximum predictability, maximum reliability, maximum output.

Our aim is to find optimal solutions in terms of mazimum income without
explicitly evaluating every possible combination, while computational capabil-
ities are limited. In fact, if considering the whole set of 182 wind farms, the
total number of combination is the sum for each cardinality ¢ of the number of
permutation of ¢ wind farms among 182:

182
Nsimu =2 -1

Using a greedy forward algorithm which aggregates farms on the basis of
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Figure 3.8: (a) Correlation between prediction errors of wind farm n°59 and
prediction errors of the others (b) Correlation between actual prediction errors
of wind farm n°59 and prediction errors of the others one hour ago. The black
lozenge represents wind farm n°59.

the highest predictability, over a quite wide region including 17 representative
wind farms from Ireland, France and Spain, the authors of [26], found that
predictability rapidly increases as cardinality goes up. Up to 10 wind farms, the
gain is small and the highest predictability level is reached when 14 wind farms
are grouped. Consequently, the imbalance penalties are divided by two and the
ratio of producer’s income over reference income is 97.59%. In other words, the
value of the increase in predictability due to the smoothing effect is close to
2.5% of the reference income. On the Danish data, we expect to find a lower
value because the magnitude of the smoothing effect should be lower as the
region is narrower. However, the absolute value for economic assessment is not
reported and, by the light of the results of chapter 2, one should not construct
an aggregation strategy which relies only on predictability. In fact, aggregation
on the basis of predictability means that incremental wind farms are likely to
have smaller and smaller capacity factors and thus provide a smaller income.
Imbalance penalties may decrease in percentage but not in absolute value.

We saw in chapter 2 that the level of income that the producer can expect
to earn is mainly explained by the energy yield of the specific site, that is to say
by the capacity factor. Consequently, every aggregation strategy, from a power
producer’s point of view, should rely on the maximization of this target variable.
There exist simple algorithms to construct wind farm aggregation. A first ap-
proach is to consider greedy forward selection. To consider which wind farm is
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Figure 3.9: Correlation of prediction errors with respect to relative geographical
coordinates. Each point represent the correlation for a pair of wind farms and
delta longitude (latitude) refers to the difference in longitude (latitude) between
those two wind farms.

to be aggregated to the pool, we consider alternatively three variable: capacity
factor, mean of pairwise distances between wind farms and predictability. Here
is the pseudo-code:

Algorithm 1 Greedy forward selection, by capacity factor

while iter > mazIter do
for i in pre-selected sites do
aggregate 7 to the pool
evaluate capacity factor
end for
select ¢ such that the new combination has maximum capacity factor
add wind farm 7 to aggregation
end while
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Figure 3.10: Plot of annual income versus capacity factor, aggregation case.

Algorithm 2 Greedy forward selection, by distance

while iter > maxIter do
for i in pre-selected sites do
aggregate ¢ to the pool
evaluate distance
end for
select ¢ such that the new combination has maximum mean pairwise dis-
tances
add wind farm ¢ to aggregation
end while

3.3.2 Results and analysis

Let us consider a single wind farm, n°59. We seek to evaluate each aggregation
strategy in terms of improved revenue and reduced imbalance penalties. Here
are the features of wind farm n°59 (Table 3.2):

When computing and [3| we obtain the following results (Table 3.3):
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Algorithm 3 Greedy forward selection, by predictability

while iter > maxIter do
for i in pre-selected sites do
aggregate i to the pool
evaluate predictability
end for
select ¢ such that the new combination has maximum predictability
add wind farm ¢ to aggregation
end while

Wind farm n°59

Latitude 56°39°'N
Longitude 9°02’E
Nominal power (MW) 8.355
Capacity factor 19.58
NMAE(Err) (%) 10.8
Revenue (x1000€/MW) 74.5
Imbalance penalty (x1000€/MW) 4.0
Revenue (in % of perfect revenue) 94.9

Table 3.2: Characteristics of wind farm n°59.

The aggregation of wind farms by the capacity factor performs well and
permits to reach a normalized income that is 66% higher than the initial income
at cardinality 10. Imbalance penalties decrease slightly. Between the two other
strategies, the one using mean distance performs best.

3.4 Conclusion

When considering the installation of several wind farms, some parameters were
shown to characterize aggregation. Among them, distance between wind farms
and cardinality are key. Low cardinality, below 10, is sufficient to cause increased
revenue and reduced imbalance penalties. The producer’s income depends so
highly on the capacity factor that no other variable was found to bring big addi-
tional information. This is illustrated by the results obtained when aggregating
several wind farms with regard to different criterion.
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Cardinality 2 5 10 15 20
Algorithm 1

Capacity factor (%) 31.68 32.32 31.76 30.97 30.31
Revenue (x1000€/MW) 1227 125.6 123.6 120.6 118.1
Imbalance penalty (x1000€/MW) 4.2 4.0 3.9 3.7 3.6
Revenue (in % of perfect revenue) 96.7 969 97.0 970 97.0
Algorithm 2

Mean of pairwise distances (in kms) 232.6 328.4 330.3 330.3 330.3
Revenue (x 1000€/MW) 974 934 968 971  95.8
Imbalance penalty (x1000€/MW) 3.4 3.1 3.1 3.1 3.1
Revenue (in % of perfect revenue) 96.6 96.8 969 969  96.9
Algorithm 3

NMAE (Err) (%) 89 76 73 73 74
Revenue (x1000€/MW) 783 81.3 8.0 820 816
Imbalance penalty (x10006/MW) 3.1 27 2.6 2.7 2.8
Revenue (in % of perfect revenue) 96.1 96.8 969 969  96.8

Table 3.3: Value of predictability for some cardinalities.
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Conclusion and
Perspectives

From our study, it appears that predictability is not likely to be a relevant
parameter to consider when having to choose the best-suited location among
two pre-selected sites to build a wind farm in terms of producer’s income. The
gain from including predictability is very small compared to that explained by
capacity factor but it is still significant. As stated in chapter 2, a particularly
high (resp. low) level of predictability can only cause an additional gain (resp.
loss) of 0.5% of the reference income. But the imbalance penalties represent a
small share of the revenue and making the market rule more penalizing would
cause high predictability to represent 5% of the reference income. That could
be important when comparing with the producer’s profit margin.

Wind farm capacity is the main parameter to consider.

When considering wind farm aggregation, differences in predictability be-
tween several combinations only explain a marginal part of the discrepancy in
terms of producer’s income. The additional gain from high predictability is low
so that the arbitrage window between two different combinations of wind farms
with similar capacity factor is very narrow. Highly beneficial wind farm pools
are characterized by low cardinality, and maximum coverage of Denmark (i.e.
region size). They also group the most performing wind farms in terms of ca-
pacity factor (i.e. energy yield). Simple aggregation strategies lying on other
parameters than capacity factor perform poorly.

Considering the aggregation benefits on predictability it is clear that the
Danish test case is not the most suitable to put it in evidence due to the cor-
relation of the wind climate and predictability over the area of study. This is
stated in the last chapter. More significant figures are obtained when consid-
ering a portfolio of wind farms across Europe or in countries with high wind
climate spatial variability like Spain or France. In these areas a large wind farm
owner can improve predictability substantially by aggregation, reducing imbal-
ance costs quite appreciably. In line with previous comments, it is not part
of the decision making process for the developer since AEP will always lead.
However, it can be an important aspect when considering a EU-wide electricity
market where aggregation from distant wind farms can be a common trading
strategy.

If we were to draw some perspectives, two directions arise for further work:

e One might carry a study on the relevance of predictability as a wind
resource estimation parameter, not with a power producer’s point of view,
but through the eyes of a utility which aims at balancing electricity supply
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and demand. Our work could be adapt to account for the utility specific
requirements which are different from market benefit.

Our results can be used to set up market rules that create incentives for
higher predictability, which is desirable from the electric system point
of view. It would be easy to increase this gain by changing the market
rules. If multiplied by 10, the penalty would raise predictability to an
important level hence creating incentives for the high predictability. This
type of penalty transformation would certainly have drawback and more
sophisticated changes in the market rules will be the purposes of further
studies during the end of my training period.
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Appendix A

Estimating predictability

The aim of this appendix is to provide evidences that the predictability of wind
power output can be estimated and to quantify the incertitude that goes with
this estimation, in the light of a French case-study.

Predictability is measured by the Normalized Mean Absolute Error. Here is
the formula for NMAE for a prediction run at noon (h = 0):

1 = | Errs|
NMAE(Err®) = — =k
35 ; P

Err§ = PP — Py

Another predictability criterion was considered, i.e. the Normalized Root
Mean Square Error, but this did not change the results. Here is the formula for
NRMSE:

w
Erry

NRMSE(Err*) = % )2

A.1 Methodology for estimating predictability

We propose a methodology in order to estimate predictability before the wind
farm is installed. This requires historical wind speed data from the prospecting
site, i.e. one or more anemometers have been recording enough wind speed data.

Then, wind speed data are converted to power output by passing through
the power curve. The power curve is provided by the wind turbine manufacturer
and it describes the relation between the wind speed (usually in m/s) and the
rated power of the turbine. Once having this ”extrapolated” wind power output
measurements, we set it as input in a Random forest regression model. Wind
speed and direction predictions are also incorporated in the model as predictors.
When comparing this prediction with the real wind power output measurements,
we obtain the prediction errors of the model and we are able to compute the
NMAE criterion for each prediction run. We call this result the measured vs
estimated predictability.
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In order to compare with the predictability that is recorded when the wind
farm is constructed and operational, we work with data from an operational
French wind farms where two masts were installed, thus having both historical
wind power output and historical wind speed and direction time series. This
time, we run the Random forest regression model on this real-world wind power
output data. We obtain prediction errors and we are able to compute the
NMAE criterion for each run. We call this result the measured vs predicted
predictability.

Figure A.1 describes this methodology. Green boxes refer to the provided
data. Blue (resp. orange) boxes refer to the case where real power production
data are used (resp. where only wind speed data are available, i.e. when no
wind farm is constructed yet).

Wind speed E> Power curve

measurements

. Wind speed extrapolated
Wind power . . .
+ and direction + Wind power
measurements .
predictions measurements

; Random forest
o = = —_—e e = = = _—

"predicted” "estimated”

Wind power Wind power

Prediction <: E> Prediction
errors errors

Figure A.1: Proposed methodology for estimating predictability.

A.2 Results for a French wind farm

We were supplied with the hourly power output data of a 9-turbines 9.720MW
French wind farm, for a period ranging from February 2004 to September 2007.
Two mast-based anemometers were recording the wind speed on the site during
this period and we also got wind speed predictions. Wind speed and wind
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power output times series were provided by the wind farm operator and the
wind speed and direction predictions data were provided by Météo France, the
French national meteorological service.

Consequently, we have two different measured vs estimated predictabilities,
i.e. one per mast and nine different measured vs predicted predictabilities, i.e.
one per turbine. We can first take a look at Figure A.2, which shows the two
times series (for mast 1 and turbine 1). We can notice that the estimated
predictability have difficulties in predicting relatively low or high values of real
predictability. The discontinuity in both curves corresponds to missing data.

daily NMAE measured vs estimated
and NMAE measured vs predicted

NMAE 'measured vs predicted'
—— NMAE 'measured vs estimated'

0.4 0.5
1

NMAE (% of Pnom)
03

0.2

0.1

T T T T T T T T 1T T T T T T T T T T

déc. 032005 mai 01 2006 oct. 012006 mars 01 2007  aodt 01 2007
Date

Figure A.2: Daily predictability, for mast 1 (black curve) and turbine 1 (blue
curve).

However, the results are highly dependent on the turbine/mast that is con-
sidered. Figure A.3 (a) and A.3 (b) makes evident that not all turbines have
the same predictability and that mast 1 performs better that mast 2 when es-
timating wind power output. Not surprisingly, predictability gets down when
the look-ahead time increases, except between hours 18 and 27, approximately.
It may be explained by some weather patterns.

If we focus on turbine 1 (turbine 1 has medium predictability), an interesting
thing is to consider the two types of prediction errors, measured vs predicted
and measured vs estimated. Figure A.4 shows for some look-ahead times. It is
obvious that predictability is skewed to the right, whatever the horizon.

To make the discrepancy between the measured vs predicted prediction error
distribution and the measured vs estimated prediction error distribution clearer,
we can compare the quantiles of the first with those of the latter. This is done
in Figure A.5 for horizons 12, 24 and 36. The empirical distribution estimation
errors from mast 2 are skewed to the left compare with the empirical distribu-
tion of real errors, whatever the horizon that is considered. The distribution
estimation errors from mast 1 better fits with the distribution of real errors.
However, the estimations from both masts are less likely to produce high pos-
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Figure A.3: Predictability h-hours ahead, (a) for each turbine (b) for each mast.

itive estimation errors than the model based on real power output data from
turbine 1 does.

As regard to the quantification of NMAE uncertainty, we can compute the
time series of NMAE errors, i.e. the difference between the real measured vs
predicted NMAE and the measured vs estimated NMAE. For mast 2, this daily
error is within [—4.9, 4.2] points of percentage 80% of the time, within [—6.3, 5.4]
points of percentage 90% of the time and within [—7.7,8.0] points of percentage
95% of the time. The overall real NMAE (for all horizons and all prediction runs)
is equal to 15.8%, and the estimated NMAE is slightly higher when considering
mast 1 (16.3%) and much higher when considering mast 2 (18.3%).

An additional approach could have been tested. It consists in fitting a para-
metric distribution for wind data from a close wind farm/meteorological station
(usually the Weibull distribution) and to generate hourly wind data according to
this estimated distribution, transpose this data into power output data through
the power curve, compute predictability and see how much the results differ
from the both known and estimated predictability. The aim is to demonstrate
whether it is possible to estimate predictability even if no on-site wind data is
available.
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Figure A.4: Histogram of measured vs estimated prediction errors (black and red
lines), compared to the histogram of measured vs estimated prediction errors.
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QQ-plot (rugosity=0.05, turbine 1)
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Appendix B

Pearson’s and Spearman’s
correlation formulas

B.1 Linear correlation coefficient

Pearson’s correlation coefficient between N realizations of two random variables
X(X1,...,Xn) and Y(Y1,...,Yn), is defined as follows:

P SN (X - X)(Y - Y)
X,y

VEN (X - X2 YN (v - V)2

B.2 Rank coefficient correlation

Spearman’s rank correlation coefficient is defined as the linear coefficient corre-
lation between the ranked variables z(z1,...,zx) and y(y1,...,yn) associated
to variables X, Y:

oS = Sisa (@i — %)(ys — 9)
| \/Zf\;(% — 222, (v — 9)?
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