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Abstract

The forecasting of future energy consumption and generation is now an essential part of
power system operation. In networks with high renewable power penetration, forecasts
are used to help maintain security of supply and to operate the system efficiently.
Historically, uncertainties have always been present in the demand side of the network,
they are now also present in the generation side with the growth of weather dependent
renewables. Here, we focus on forecasting for wind energy applications at the day(s)-
ahead scale. Most of the work developed is for power forecasting, although we also
identify an emerging opportunity in access forecasting for offshore operations. Power
forecasts are used by traders, power system operators, and asset owners to optimise
decision making based on future generation.

Several novel methodologies are presented based on post—processing Numerical
Weather Predictions (NWP) with measured data, using modern statistical learning
techniques; they are linked with the increasingly relevant challenge of dealing with
high-dimensional data. The term ‘high-dimensional’ means different things to different
people, depending on their background. To statisticians high dimensionaility occurs
when the dimensions of the problem are greater than the number of observations, i.e.
the classic p >> n problem, an example of which can be found in Chapter 7. In this
work we take the more general view that a high dimensional dataset is one with a
high number of attributes or features. In wind energy forecasting applications, this can
occur in the input and/or output variable space. For example, multivariate forecasting
of spatially distributed wind farms can be a potentially very-high dimensional problem,
but so is feature engineering using ultra-high resolution NWP in this framework.

Most of the work in this thesis is based on various forms of probabilistic forecasting.
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Probabilistic forecasts are essential for risk-management, but also to risk-neutral partic-
ipants in asymmetrically penalised electricity markets. Uncertainty is always present,
it is merely hidden in deterministic, i.e. point, forecasts. This aspect of forecasting has
been the subject of a concerted research effort over the last few years in the energy
forecasting literature. However, we identify and address gaps in the literature related to
dealing with high dimensional data in both the input and output side of the modelling
chain.

It is not necessarily given that increasing the resolution of the weather forecast
increases the skill, and therefore reduces errors associated with the forecast. In fact and
when regarding typical average scoring rules, they often perform worse than smoother
forecasts from lower-resolution models due to spatial and/or temporal displacement
errors. Here, we evaluate the potential of using ultra high resolution weather models
for offshore power forecasting, using feature engineering and modern statistical learning
techniques.

Two methods for creating improved probabilistic wind power forecasts through the
use of turbine-level data are proposed. Although standard resolution NWP data is
used, high dimensionality is now present in the output variable space; the two methods
scale by the number of turbines present in the wind farm, although to a different
extent. A methodology for regime-switching multivariate wind power forecasting is
also elaborated, with a case study demonstrated on 92 wind balancing mechanism
units connected to the GB network.

Finally, we look at an emerging topic in energy forecasting: offshore access forecast-
ing. Improving access is a priority in the offshore wind sector, driven by the opportunity
to increase revenues, reduce costs, and improve safety at operational wind farms. We
describe a novel methodology for producing probabilistic forecasts of access conditions

during crew transfers.
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Chapter 1

Introduction

Renewable energy sources contributed a third of UK electricity generation in 2018 [1].
This share has risen from a meagre 2.6% in 2000 [1], and if the UK is to meet it's
national and international climate targets should be expected to grow. Wind power,
both onshore and o shore, represents 51.8% of this total contribution, with an installed
capacity of 21.7 GW [1]. These gures show the seismic shift in the electricity landscape
due to renewable technology. An illustration of the accelerated development of wind
power in the UK in recent years is shown in Figure 1.1.

Looking globally, total wind power capacity in 2019 reached 650 GW, with 60 GW
added during the year. Countries such as as China (236.4 GW), the USA (105.5 GW),
Germany (61.4 GW), India (37.5 GW), and Spain ( 25 GW) lead the way in terms
of installed capacity [4], but it is Denmark (48%), Ireland (33%), and Portugal (27%),
that reported the highest percentages of demand serviced by wind energy in 2019 [5].

Along with the fast rise in installed capacity, there has been a sharp drop in the
cost-of-energy associated with both onshore and o shore wind. Encouraging results re-
cently have indicated that wind power is becoming the most economical option for new
generation units in several markets. Speci cally, in the UK the most recent auction
results for Contracts for Di erence (strike price) have been allocated, with Dogger-
bank A and Soa o shore wind farms both awarded a staggering $39.65/MWh [6],
which is cheaper than the average wholesale day-ahead electricity prices in 2018/19

($58.6MWh) [7]. These new CfD results shift the view of the function of the subsidy;
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(a) Installed Capacity (b) Energy Generation

Figure 1.1: Annual statistics for UK wind energy [1] until 2018. There has been
substantial growth in both installed capacity and energy generation over the last 24
years

these are now mainly a risk hedging strategy. Although, time will reveal the actual
viability of these cost savings o shore. Also, in Scotland SSE Renewables have recently
announced an extension to Gordonbush onshore wind farm, the rst subsidy free wind
farm in the UK [8].

Electricity is a challenging commodity to trade because of the lack of a viable in-
dustrial scale storage technology, meaning supply and demand of electricity must be
matched in real time. In the pre-renewables era this challenge was tackled by using
deterministic forecasts of demand to manage generation pro les and transmission con-
straints [9]. Modern-day power systems were originally built to accommodate large
centralised thermal power stations stoked with energy-dense fossil fuels, transferring
power via high voltage transmission to cities or industrial centres. Until recently, elec-
tricity markets were also geared toward accommodating these technologies.

Understandably, the shift in paradigm to decentralised and variable renewable en-
ergy sources throws up interesting challenges in transmission and distribution; un-
certainties in the power network are now present on the supply-side increasing the
di culty of balancing the network [10]. In order to manage the in uence of these
weather-dependant renewable sources, it is now necessary to use predictions of future
solar and wind generation. Furthermore, probabilistic forecasts are necessary for risk

minimisation in both market and operations applications, and for e ective economic
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participation in electricity markets with asymmetric penalties.

As important as security of supply is the economic operation of the network. Histor-
ically the network was operated by a single monopoly, a vertically integrated company
governing generation, transmission, distribution, and retail. These monolithic compa-
nies were broken-up and privatised during a period of liberalisation, which began with
the UK in 1989 [11]. The modern-day system comprises of regional monopolies operat-
ing distribution governed by a regulator (e.g. OFGEM), private companies competing
for generation and retail opportunities, and nally high voltage transmission managed
by a Transmission System Operator (TSO). NationalGridESO, the TSO in the UK,
currently cites energy forecasting as an innovation priority for 2020/21 [12].

To facilitate the new electricity landscape, markets such as the day-ahead, balanc-
ing, ancillary services, and capacity markets have been created to try and ensure the
economic and secure supply of electricity. All participants in these markets, regardless
of portfolio make-up, are therefore exposed to the risks involved with a high penetration
of variable renewable power, to some degree [10]. Financial penalties are incurred by
participants for failing to meet agreed generation levels, and also for over-producing.
However there are also nancial rewards available to shrewd participants for helping to
balance the grid at delivery | if the grid is short of supply then being able to step in
and increase generation levels, and vice versa.

Participants in these markets rely on energy forecasts, as well as forecasts of price
and demand, to make trading strategies, and given the high penetration of wind and
solar on the grid, are now looking toward probabilistic forecasts to hedge risk and
balance the generation pro le [10]. Within this challenging and substantial eld, this
thesis is focused on forecasting for wind energy applications. Applications include trad-
ing in balancing or day-ahead markets, balancing supply and demand, energy storage
management, and other developing research themes such as wind farm operation and

maintenance, and the role of predictability in investment decision making [13, 14].
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1.1 Forecasting in Wind Energy

Wind itself can be considered as the bulk ow of air particles in the atmosphere. Itis the
speed and direction of this ow is of most importance for wind energy applications [15].
The ow of air particles is driven by di erences in atmospheric pressure across the
globe. A simple example of this e ect on the local scale, and also important for wind
energy forecasting, is the diurnal patterns of sea breezes. During the day, the land
heats up to a much greater extent than the sea causing a temperature gradient, which
warms air directly above the land. This warm air becomes less dense than in the
surrounding area and rises, causing a region of low pressure over land and a more dense
high-pressure region at sea. This gradient begins to equalise and wind moves swiftly
inland. A similar but opposite e ect is observed at night.

Similarly on a global scale, temperature gradients between the hotter equator region
and the colder poles causes global wind circulation, which is then complicated by the
Coriolis e ect. This Coriolis e ect de ects the ow of the wind to the right from the
direction of travel in the northern hemisphere, which leads to the prevailing west/south-
westerly winds across the UK.

Numerical Weather Predictions (NWP) can be used to gain some foresight into the
characteristics of the wind (or atmosphere) for the next 10 days. NWP models are
computed on the global scale by many organisations around the world, notably the Met
O ce in the UK; the European Centre for Medium-Range Forecasts (ECMWF) based
in Reading; and the National Oceanic and Atmospheric Administration (NOAA) in
the USA. These vendors generate atmospheric forecasts on a three dimensional gridded
output covering regions of interest, or the entire globe. Often these organisations run a
higher resolution model (grid) around the region which constitute their main customer
base.

The wind to power conversion process is also a vital component of the problem.
The power available in a “chunk' of air is proportional to the velocity cubed. This
well known relationship can then be modi ed to include the mechanical and electrical

e ciency of a typical modern variable speed pitch regulated wind turbine to give the
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power equation
1

P
2

AC p(; W3 (1.1)

where is the density of air, A is the rotor swept area, C,, is the power coe cient, and
v is the wind speed. The power coe cient is related to the aerodynamic e ciency of
the speci ¢ turbine which depends on the tip speed ratio ( ) and the blade pitch angle
()

This cubic relationship is only part of the story in the full turbine power curve.
Turbines are typically designed to cut-out at low wind speeds (typically < 4m/s),
then as wind speed increases track the maximum possible aerodynamic e ciency curve
(Cp:max) until some maximum rated power, where pitching of the blades is used to
regulate the power output, to minimise generator and drive-train costs. At extreme
wind speeds & 25m/s) the turbine is designed to cut-out, by pitching the blades
out of the wind to protect the electrical and mechanical equipment [16]. Turbine
vendors rigorously test turbines to characterise this relationship, which is known as the
manufacturers power curve.

In the eld, mechanical wear, erosion, yaw misalignment, and general degradation
of turbine components can in uence the power curve. Therefore, for forecasting appli-
cations the empirical power curve is most relevant. An example wind farm empirical
power curve is shown on Figure 1.2a versus average wind speed, measured via a cup
anemometers on each turbine nacelle. Figure 1.2b also shows the same power data
plotted versus concurrent forecast wind speed at the site using ECMWF forecasts, ex-
tracted at the closest grid point and interpolated to the required time resolution. At
the basic level, it is a version of the latter relationship that is being tackled in the
forecasting problem at the day-ahead temporal scale, and the plot is an indicator of
why accounting for uncertainty in the power forecast is quite so essential.

Outwith the typical wind speed and power forecasting applications, other target
variables can be very important for wind energy applications. It is estimated that
20-30% of the total cost of energy for an o shore wind farm is due to Operations &
Maintenance (O&M) in the UK [17]. Since O&M savings can be achieved by operators

at any stage of the project life cycle and independently of turbine manufacturers there
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(a) Average measured wind speed (b) Forecast wind speed

Figure 1.2: The empirical power curves of an example wind farm, where Pn is the
nominal capacity of the wind farm. At the basic level, it is the relationship in (b)
learned by day-ahead forecasting models, which illustrates why accounting for forecast
uncertainty is important, especially in the cubic range of the power curve

is a great opportunity to reduce this percentage. Therefore, improving installation,
operations, and maintenance practices is a current focus in both industry and academia.
Day-ahead forecasting can play a role here for improving decision making around the
dispatch and schedule of vessels and technicians. Deterministic forecasts of signi cant
wave height are typically used to forecast turbine accessibility in practice; this is an
area which could bene t from probabilistic information as risk management is key for

these safety critical decisions.

1.2 High Dimensional Forecasting

There is no strict condition that de nes high dimensional data analysis. However, it is

generally interpreted as a dataset with a high number of attributes or features. In wind

energy forecasting applications, high dimensionality can enter the modelling chain in
both the input and output variable space. For the typical example of day-ahead power
forecasting, this means that high dimensionality can be present in the NWP feature
side and/or in the power variable side. An example of the former is the use of ultra-high
resolution NWP models, the research question is: how best to integrate the temporal

and spatial information content from the NWP to generate more accurate forecasts?
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and: is this high dimensional input feature space worthwhile?

In terms of the target variable side, high dimensionality can occur at multiple tem-
poral and spatial scales. A current research theme in the wider forecasting community
is hierarchical forecasting (see Section 2.4). Here, an imposed structure is applied on the
target variables such that the physical reality of the system being forecast is respected.
For a wind farm, this structure could mean that forecasts of the individual turbine
power should sum to the wind farm forecast, which is not guaranteed when modelling
components separately. Therefore, the dimensionality of the forecast problem scales
with the number of turbines.

Speci ¢ types of probabilistic forecasts are required when making time and/or
space dependent decisions, such as balancing national generation/demand and manag-
ing transmission constraints. These are termed trajectory forecasts and can be either
statistical or physically based trajectories. A familiar example of this type of forecast
is ensemble members from a NWP model [18]. This research is focused on statistical
trajectory (i.e scenario) forecasts. Continuing the wind power example, this problem
can be very high dimensional in nature; the method demands that the dependencies
in time and/or space are embedded in the forecasting model chain for potentially all
transmission connected wind farms.

High dimensional analysis is an area of interest in the wider forecasting commu-
nity [19{21]. This is driven by the wealth of data now being collected across basically
all areas of modern life. Forecasting in such frameworks is computationally demanding
and a challenging prospect. Traditional methods for data visualisation, exploration, and
manipulation; tting robust models; and forecast evaluation all become more di cult
with the increased dimensions of the problem. In retail, a common high dimensional
problem is demand forecasting [22]; this is re ected in the recently completed "M5' fore-
casting competition [23]. There, the task is to forecast 40k time-series of hierarchical
sales data both expected sales and (optionally) uncertainty information.

Research in high dimensional statistics is ongoing outwith forecasting. Areas such
as image classi cation, social networking, online streaming, medicine, banking, en-

tertainment etc. are using high dimensional data to (for example) recommend new
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products to customers [24]. Regularisation is essential for regression, dependency, and
clustering algorithms using such volumes of data, i.e. sparse solutions help prevent
over- tting [25]. This a recurring theme throughout the chapters of this thesis where

boosted/penalised regression models and sparse/parametric dependency structures are

applied in the energy forecasting context.

1.3 Objectives of Research & Novelty

The objective of this research is to develop and improve novel forecasting methods for
wind energy applications, with a focus on high dimensional problems. This is carried out
at a variety of spatial scales, but more generally at the day-ahead temporal scale. Wind
power forecasting is the main focus, along with forecasting turbine accessibility, which
is an emerging research theme that incorporates metocean aspects. In this section, we
discuss the research aims which are explored in Chapters 4, 5, 6, and 7, and outline the
contributions to knowledge.

The pursuit of ultra-high resolution forecasts and appraising their value for wind
power forecasting is not a new topic and has been discussed in literature with varying
success [26,27]. The situation has evolved substantially over the last few years, thanks
to quantity of data being collected, increases in computational power, and advances in
data science. Consequently, this enables the novel forecasting framework in Chapter 4,
based on computationally demanding approaches to producing ultra high-resolution
weather forecasts at the wind farm, and post-processing via advanced statistical learn-
ing techniques. In this case, the research aim is simple: to ascertain if it is possible to
extract value from a high dimensional input NWP model in the context of wind power
forecasting.

The nature of wind power on the network is hierarchical; from the turbine, to the
farm, regional, and national level. Tackling the forecasting challenge with this in mind
is important when creating forecasts that are coherent (i.e. sum appropriately at all
levels of the system). Currently, the topic of combining hierarchicaland probabilistic

forecasting is lacking in literature. It is proposed in Chapter 5 that leveraging informa-
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tion from the turbine-level will enable improved wind-farm level forecast performance,
particularly since modern utility scale wind farms are often distributed over large ar-
eas of complex terrain and as a result, individual turbines can experience di erent
conditions from one another at any given time.

Furthermore, correlations in power forecast errors at the national scale are explored
in Chapter 7. Here, the research aim is to quantify the uncertainty in wind power
forecasts for the utility scale wind farms in the UK and importantly, exploit the forecast
error dependencies in space and time. There are numerous studies published in this
topic; however, these are normally based on a few renewable generators or regional
generation, and exhibit static or simple time-varying dependencies. Here, we develop
novel conditional dependency structures, applied over a substantial spatial scale across
large wind generators in the GB network.

Lastly, forecasting turbine accessibility is identi ed as an emerging opportunity to
aid decision making, and an area currently lacking in the literature. In Chapter 6
the aim is to provide a novel an end-to-end framework for generating access forecasts
based on vessel monition during transfer. Quantifying the uncertainty due to weather
conditions and using the temporal correlation structure of forecast errors is essential

for these multi-temporal decisions.

10



Chapter 2

Energy Forecasting: Wind
Energy Applications

This thesis is focused on short-term forecasting, where the prediction horizon is several
hours to days ahead. Numerical Weather Predictions are key inputs into wind power
forecasting models at such horizons [26]. Best practice in creating these models involves
mapping the relationship between meteorological forecasts and the corresponding target
variable via a statistical learning technique. Outwith the energy forecasting community
this process is more commonly known as statistical post-processing.

The statistical post-processing of raw weather forecasts to a specic location of
interest, using measured data from the site, gives signi cant improvement in forecast
performance [28,29]. In many cases, engineering additional explanatory features from
raw NWP data can signi cantly improve performance, a practice widely adopted in the
energy forecasting community [30{32]. Statistical learning tools that perform feature
selection and regularisation have been successful in international forecasting competi-
tions [33], improving out-of-sample performance, i.e. the ability of the model predict
well on unseen data. Gradient boosted regression trees in particular, which are an
ensemble of ‘weakly predictive' trees, have been used widely by the winning teams at
these competitions; brie y, feature selection and regularisation is achieved by penalis-
ing the e ect of each individual tree and by selecting only a few variables with high

explanatory power during the tting of each tree.
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This chapter summarises key components in energy forecasting including, forecast
lead time, NWP, the types of forecasts (i.e. deterministic, probabilistic, univariate,
multivariate), as well as a literature review of state-of-the art forecasting methodologies,

all with a focus on wind energy applications.

2.1 Forecast Lead Time

The lead time of the forecast determines the suitability of methods and data for creating
an informative model. Very short term forecasts | 0 to (approximately) 6 hours ahead

| are usually built from purely statistical time-series models using information from
individual or spatially distributed power time series [29]. Looking further ahead in the
future | greater than approximately 6 hours ahead | the use of Numerical Weather
Prediction (NWP) has shown to give higher forecasting skill [26]. This nding extends
outwith the typical power forecasting example, such as forecasting signi cant wave
height [34].

Using the output of a NWP it is possible to use a data-driven approach to the
short-term forecasting problem. This avoids any assumption of the physical phenomena
governing the wind-to-power process. Supervised learning techniques map the input
variables (NWP, historical and lagged power measurements, time-of-day, season) to
the output wind power variable, and can include diverse techniques such as boosted
regression trees, support vector machines, neural networks, time-series models, and
regularised linear models among others [35].

Another important consideration is extracting the most amount of value from avail-
able resources such as the NWP | called feature engineering | and how to e ciently
incorporate and process high dimensional data [31]. This general methodology im-
plicitly accounts for site-speci c e ects such as turbine degradation, as well as any
systematic NWP biases present and is therefore recommended best practice [36]. Tur-
bine availability can also be accounted for using an appropriate normalisation of the
power measurements or by using seasonal features in the regression, since most planned
maintenance occurs during the summer months.

The superiority of purely statistical models within the very short lead times is due

12
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to a number of factors; the most recent input measurements to a NWP model, used
to initialise the physical model, may be several hours old by the time the forecast is
issued, and errors introduced by the forecast wind to power process. Therefore, an
ideal operational forecasting tool would include a blend of purely statistical and post-

processed NWP models for improved accuracy across di erent lead times.

2.2 Numerical Weather Prediction

NWP models are initialised using the most recent available measurements of the at-
mosphere around the globe, from satellites and other sources, to estimate the current
condition of the atmosphere and oceans. Possible future states of the atmosphere can
then be computed at a speci ¢c temporal and spatial scale. Typically the spatial scales
range from 1-25km, the temporal resolution of 1-3 hours, and forecasts can be issued
multiple times each day [18]; the necessary elements of wind speed and direction can
then be extracted for a speci ¢ region of interest.

Chaos theory plays a signi cant role in weather forecasting systems [37], mean-
ing small changes in the underlying measurements that initialise the model can lead
to signi cant di erences in the resulting forecasts. Ensemble forecasts are used to
quantify this uncertainty, where each ensemble member represents a NWP simulation
initialised with a perturbed initialised state, or alternatively via multi-model ensem-
bles with di erent physical representations. The former results in a number of equally
likely scenarios of the future weather system, and forms the basis of global probabilis-
tic weather forecasting. These are a type of physically-based scenario forecast, but
the underlying structure of the uncertainty is very di erent to the statistically based
counterparts, and they can capture di erent characteristics of the weather; ensemble
forecasts can capture new events that may be present in a weather system, but are
typically under-dispersed for a given location.

NWP models have been steadily improving over the last 40 years in terms of both
forecast skill and temporal/spatial resolution due to advances in scienti ¢ research,
computing capability, and the expansion of available observations used to initialise

atmospheric models [18]. Currently, ECMWF o ers global weather forecasts at a spatial
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resolution of 9km (0.1 x0.1 grid) at 1-6 hour intervals within the high resolution 10-

day forecast model. Wind speed forecasts retrieved directly from the ECMWF elds
therefore have no resolved variance below these spatial and temporal scales. A common
strategy to improve global weather forecasts is to downscale them using NWP models
that cover only a limited area and are referred to as Limited Area Models (LAM)

or mesoscale models. Mesoscale models have the advantage of representing the earth's
surface in higher detail and resolve physical processes in higher temporal detail, but the
formulation of physical processes like turbulence and (cloudy) convection is essentially
the same as those of the global NWP models.

A purely physical approach to the wind power forecasting problem aims to improve
the weather predictions by describing the ow inside the wind farm, by downscaling via
a mesoscale model or CFD simulations. The improved description of the ow around the
site can then be used with a manufacturer's power curve to estimate the power output
of a farm. However, it is typically necessary to post-process systematic errors in such a
model via Model Output Statistics (MOS) [35]. This forecasting method is most useful
when there isn't historical data available at the site, for instance after commissioning
and more so in the past when global models were more coarse in resolution.

Large-eddy simulations (LES) have a typical resolution of 10m-100m or less and
directly resolve turbulence and boundary layer clouds. Furthermore, because a typical
LES resolution allows for wind turbine resolving simulations, the use of LES to study
ows through wind farms has received a lot of attention in the scientic literature
lately [38{40]. Until recently though, the high spatial and temporal (roughly 5-10
seconds) resolution of LES prohibited their use in an operational forecast setting due
to their high computational cost and excessively long run-times.

The pursuit of high resolution forecasts and appraising their value for wind power
forecasting is not a new topic and has been discussed in literature with varying suc-
cess [26,27]. Advances in computing, like the use of GPUs to accelerate LES computa-
tions, have drastically shortened the run-times and have paved the way for operational
weather forecasting using LES [41,42]. A turbine resolving operational weather fore-

cast on wind farm scale is currently possible and raises the research question of how to
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integrate this high dimensional input feature space by statistical post-processing into
a power forecasting tool.

In general, statistical post-processing is a common tool used in the wider weather
forecasting community; the goal is to remove systematic bias present in the global
NWP model for improved predictions at a speci ¢ location [43]. This process is typ-
ically carried out using Model Output Statistics, mentioned previously, via multiple
linear regression [44], using historical NWP (of varying resolution and skill) and mete-
orological observations [45]. More recent applications include using machine learning
for the regression [46] with varying success, post-processing ensembles for site specic
calibration [47, 48], and using multiple forecast source information [28,49]. Conven-
tional post-processing techniques are di cult to apply to wind power directly because
of the non-linear power curve and bounded nature of the time series [50]; this motivates
the use of non-linear statistical learning technigues in this thesis.

Importantly, increasing the resolution of the NWP model does not immediately
translate to improvements in forecast skill, which is usually measured on the average
performance, e.g. root mean square error and mean absolute error | see Section 3. A
forecast which may represent better the inherent behaviour of the underlying processes,
can then be heavily penalised due to phase and location errors where the exact timing
or placement of any particular weather event is missed. As a result, high resolution
forecasts can often perform worse in terms of skill scores when compared to low reso-
lution forecasts. This leaves anopen research question : is possible to extract value
from an ultra-high resolution NWP model in the context of wind power forecasting

using advanced statistical learning techniques? This is explored in Section 4.

2.3 Types of Forecasts

There are a variety of types of forecast available to decision makers depending on the
application and personal preference [35]. Ubiquitous in industry is the deterministic
forecast which is simply a "best guess' forecast involving a single number for a time
horizon ahead. Deterministic forecasts for continuous variables are typically either

optimised for the expected value or median value; accomplished simply by changing
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the loss function in the regression task. The former are generated by minimising the
squared loss and the latter the absolute loss. This is an important subtlety, as the
loss function should be chosen appropriately for the end-use case [51]. For example, in
wind power trading the nancial penalty for over/under producing is typically based

on absolute di erences. Additionally, the type of loss function used dictates the most
appropriate error metric for model development.

There are also probabilistic forecasts which quantify the uncertainty around this
central "best guess' in the form of intervals, quantiles, or full density forecasts. Scenario
forecasts are a more academic topic for now, but are arguably the most useful for many
applications and can be used for time/space dependent decision making [10]. Crucially,
they contain information on the spatial-temporal correlations of forecast uncertainty.

It is also important to note that forecasts are available commercially at di erent levels
of aggregation: at the wind farm, regional, portfolio, and national scale.

In recent years, academic research has been focused on quantifying the uncertainty
associated with energy forecasts due to the underlying chaotic weather systems driving
the energy generation [52]. These uncertainty forecasts are useful for applications such
operating reserve management [53] and de ning optimal bidding strategies [54]. How-
ever, currently practitioners prefer deterministic (point) forecasts of future generation
which comprise of single valued best estimates. This is due to the ease of interpretation
and incorporation into existing decision making systems, as well poor communication
of the underlying information content of an uncertainty forecast [36]. Therefore, im-
proving point forecasts is still a relevant research pursuit. For comprehensive reviews
of short-term wind power forecasting please refer to [26, 35].

The proceeding two subsections are intended to introduce the dierent types of
forecasts available, touch on general methods available to generate the forecasts, and
explore applications. For a detailed review of the state-of-the-art, the reader is referred
to Section 2.4. All the example forecasts shown in the proceeding subsections are
generated for the west coast o shore wind portfolio in GB using NWP data from

ECMWF.
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Figure 2.1: Example deterministic forecast, where estCap. is the estimated capac-
ity. Deterministic forecasts provide a “best guess' at each forecast lead time, although
uncertainty information is essentially hidden

2.3.1 Deterministic

Wind power prediction was initially approached as a deterministic problem with re-
search and early commercial products focusing on providing single-valued best estimates
of future generation [55]. The ease of interpretation and incorporation into decision
making models are clear advantages of this type of forecast. An example determinis-
tic forecast is shown in Figure 2.1. Clearly, these are intuitive and provide moderate
insight for end-users. Deterministic forecasting is approaching technological maturity
following a concerted research e ort reviewed comprehensively in [35,56]. At present
there are many commercial providers o ering deterministic wind power forecasts.

In the 1990s, as wind energy capacity started to reach a noticeable penetration on
the grid, one of the rst examples of an on-line power prediction tool was developed by
Landberg [57]. The method used a high resolution NWP, known as the High Resolution
Limited Area Model (HIRLAM), and transformed the wind direction and speed to
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the surface height. A downscaling process was then employed to incorporate local
e ects such as obstacles and surface roughness. Following this a power curve and farm
losses model transforms the local forecast wind speed to power predictions. Finally,

systematic errors are reduced using MOS. This model averaged mean absolute error
metrics of around 15% of installed capacity during a case study in Denmark, and was

shown to be most useful in prediction lengths greater than 6 hours ahead.

Also commercially available is WindFor (formerly known as the Wind Power Pre-
diction Tool - WPPT) which was developed at the Danish Technical University (DTU).
This tool provides point (and optionally) uncertainty forecasts for a single wind farm,
portfolios, or regions. This is done using time-adaptive estimation of conditional para-
metric models to relate NWP wind speeds with measured power for each lead time.
The process has the advantage of being able to cope with a non-stationary process as
old information is discounted by down-weighting with a forgetting factor [58]. There
are various other commercial vendors of deterministic wind power forecasts, for more
information please refer to [35]. The key argument for using probabilistic forecasts is

that forecast uncertainty is only hidden using this type of forecast; it is always present.

2.3.2 Probabilistic

Uncertainty information associated with a forecast is essential for risk management and
pro t maximisation. For example: for a risk-neutral trader operating in a market with
asymmetric penalties for over/under providing on wind generation, the optimal bidding
strategy will not be the expected generation or deterministic forecast; rather it will be a
speci ¢ quantile forecast derived from a predictive distribution [54]. Risk-averse traders
and those with a risk-appetite require probabilistic forecasts regardless of the nature of
the penalty in these markets. Probabilistic forecasts are also useful as inputs to unit-
commitment problems, reserve holding, and managing power ows, among others [52].
Probabilistic information is also highly relevant to wind farm operations & maintenance
(O&M) practices; risk management is important for vessel dispatch decisions because of
the aim of maintaining high levels of crew safety whilst minimising turbine downtime.

However, these decisions are typically based on deterministic forecasts of sea-state
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(a) Interval forecast (b) Quantile forecast

Figure 2.2: Example probabilistic forecasts, where estCap. is the estimated capacity.
Here, the full distribution is not communicated, although users can see that the uncer-

tainty grows as wind speed forecasts move into the cubic region of the power curve, for
the proceeding two days. Figure 1.2b shows the dominant e ect of the cubic region of
the power curve at the medium range wind speeds

conditions, live measurements, and accrued experience of marine coordinators.

Univariate

Univariate probabilistic forecasts, those issued independently on a per lead time and
per location basis, can be represented in a number of ways, the three most common
variations are the quantile, interval, and density forecast. The quantile forecast is any
speci ¢ quantile of the future predictive distribution and represents the probability that
an observation will fall under a certain value. An example of a quantile forecast is given
in Figure 2.2b. A prediction interval interval is a range in which future observations
will lie with a speci c coverage probability, shown in Figure 2.2a. Full information
relating to the predictive distribution can be found in a full density forecast, which
can be obtained from a predictive Probability Density Function (PDF) or Cumulative
Density Function (CDF). It is important to note that quantile and interval forecasts
can be obtained from predictive PDFs and CDFs and they therefore provide the most
versatile framework for forecasting.

Constructing the predictive distribution can be done using a parametric assump-

tion of the conditional distribution shape, or by using a non-parametric data driven
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approach. Parametric approaches have advantage in terms of computational e ciency,
however certain assumptions have signi cant drawbacks in terms of fully character-
ising the uncertainty around a wind power forecast. A Gaussian assumption of the
forecast uncertainty has been shown to be not applicable because the shape of the pre-
dictive density changes with time, the uncertainty is highly dependent on the forecast
wind speed transformation using a non-linear power curve, and it is a bounded process
between cut-in and rated power [59,60]. Therefore, parametric approaches to the prob-
lem have been proposed using the bounded Beta distribution [60], the censored normal
distribution [50], and using a mixture of generalized logit{normal distributions distri-
butions with two probability masses at the process boundaries [61]. These approaches
have the advantage that it is often only one or two parameters that are needed to be
predicted to characterise the full predictive distribution.

A more exible approach is 0 ered using a non-parametric, distribution free method.
This requires more data and is typically more computationally expensive, but enable
a completely data driven prediction of the forecast uncertainty. Quantile regression
(QR) and kernel density estimation, are often used to tackle this problem. QR based
methods can be used to calculate the full predictive distribution using a number of
discrete quantiles and interpolation. The explanatory variables used to train the models
(e.g. NWP and historical power data) are crucially important and feature engineering
and selection is often tested rigorously via cross-validation [30]. An example density
forecast obtained via multiple QR is shown on Figure 2.3, visualised via a fan plot
(2.3a) and as a CDF at four lead times in Figure 2.3b with quantiles prediction points
indicated.

Rather than using a deterministic NWP input to a univariate probabilistic fore-
casting model, it is also possible to use probabilistic weather forecasts (NWP ensemble
members). Importantly, ensemble weather forecasts can be post-processed for improve-
ments in reliability [62]; they therefore require calibration to match observed proba-
bilities of occurrence for wind power [63]. Typically this method involves converting
ensemble wind speeds to power and then adding a calibration stage [64], although di-

rect quantile regression is equally applicable. In [48], an inverse power curve method,

20



Chapter 2. Energy Forecasting: Wind Energy Applications

(a) Density forecast as a fan plot (b) CDF at four lead times from Figure 2.3a

Figure 2.3: Example density forecasts, where estCap. is the estimated capacity. Here,
the density forecast is constructed with multiple quantile forecasts and monotonic spline
interpolation at each lead time; a more complete view of the uncertainty is shown

where power observations are transformed into the wind speed domain, is used for both
parametric and non-parametric regression with ensemble wind speed data. For more

information regarding ensemble post-processing for wind power, please refer to [65].

Multivariate

Speci c types of uncertainty forecasts are required to inform multi-temporal and spatial
decision making, such as stochastic unit commitment and reserve holding [66{68]. These
are termed scenario (or trajectory) forecasts, which maintain the dependency structure
between variables and over time [69]. This type of forecast is motivated by the fact
univariate energy forecasts are issued on a per-horizon and per-location basis, without
accounting for spatio-temporal dependencies that exist between the locations and/or
lead times. Intuitively, consider that distributed wind farms can experience the same
weather pattern over a number of days as it develops; forecast errors from NWPs
are then highly structured [70]. Generating statistical scenario forecasts requires the
dependency between the marginal distributions of each lead time to be modelled. The
most common method to model the dependency is to use copulas [69].

Pinson et. al [69] describe a method whereby from the marginal predictive distri-
butions of a reliable forecast, forecast errors are transformed to a normally distributed

random variable. From this normally transformed variable, the forecast dependency
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Figure 2.4: Example temporal covariance matrix of ‘forecast errors' which characterises
the dependence structure of the multivariate Gaussian copula and permits the genera-
tion of scenario forecasts. Here, the errors persist for longer as the lead time develops,
due to degradation of the NWP skill at longer lead times

structures in space and time can then be fully described by a single covariance matrix.
An example temporal covriance matrix is shown on Figure 2.4. Statistical ensembles
can then be generated via sampling from the covariance matrix and transforming the
samples into the original power domain. An example of a scenario forecast is plotted in
Figure 2.5 with 100 scenarios, again generated for the west coast o shore wind portfolio
in GB.

The above approach is essentially modelling a multivariate predictive distribution
using a Gaussian copula. Copulas are a tool widely used in, e.g. quantitative nance,
which provide a framework for describing the joint distribution of random variables

and the inter-dependencies from the individual marginal distributions. The advantages
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Figure 2.5: Example statistically based scenario forecast as a spaghetti plot, where
estCap. is the estimated capacity. The uncertainty information can be dicult to
interpret in this visualisation, but the scenarios are useful for simulations or further
processing

of this methodology are that it is capable of producing as many scenarios as necessary
(as, opposed to physical ensemble methods), it can be based on a single NWP deter-
ministic input, and it is possible to condition the copula on external processes such as
weather conditions; however, the process does require large datasets to fully charac-
terise the dependency and it is notoriously di cult to model the tails of the predictive
distributions, which are both open research opportunities in the eld [36].

The tails are often the most important area of interest for decision makers using
these forecasts; consider that it is the tails of the distribution, i.e. large forecast errors,
that will in uence reserve holding capabilities; TSOs are typically risk-averse, as to
maintain security of supply. Additionally if the tails of the distribution are not well
de ned the calibration of the forecasts (and therefore suitability of the Gaussian copula)
is diminished.

Communication of uncertainty forecasts is a current area of research and Bessa et
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al. [36] emphasised that the number of ensembles in a scenario forecasts should be
tuned to the end-users need, because a large spread of scenarios may not provide clear
information to the end user. Also highlighted is the possibility of using simultaneous
forecast intervals to represent the uncertainty [71], which leads to essentially quantile
trajectories representing a certain probability of observing a wind power measurement
lower or equal to that trajectory.

Statistically based scenario forecasts are comparable to ensemble-NWP forecasts,
which can also be used in multi-temporal decision making [36]. However, an important
subtle di erence must be emphasised between the underlying information of the two
forecast types. The latter represents the physical uncertainty for the future atmosphere
state, whereas former represents the uncertainty dependent on the historical relation-
ship between power and forecast wind speed, direction, and any other explanatory
variables used. Ensemble forecasts have the advantage of being able to capture new
events present in any given weather forecast; the downside is that it is very computa-
tionally demanding to run a NWP simulation, so there are typically only 50 ensembles
available at any given issue time, and post-processing for calibration would likely be
necessary for any speci c site [72].

Other methods have been proposed to generate scenario forecasts of wind power
such as stochastic di erential equations [73] and multivariate analog ensembles [74];

these topics are discussed in more depth in the proceeding section.

2.4 State of The Art

For a brief history of the origins of wind power forecasting please refer to Costa et al. [55]
which accounts for the 30 year history of wind power prediction (in only 20 pages),
with a useful distinction between the physical and statistical approaches. Overall, the
ANEMOS.plus project [56] and a technical report by C. Monteiro et al. [35] are two
very useful and detailed resources which account the concerted research e ort in the
short-term wind prediction topic over recent years.

Within academia in the past 10 or so years, the focus has been on developing
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probabilistic methods for forecasting, which is reviewed comprehensively by Zhang et.
al [52]. However, it has been noted that there is a severe disconnect between the research
in academia and recent industrial practices. Bessa et al. [36] addresses the blockage
in the transfer of knowledge and poses that the main barrier is due to the lack of
understanding of the underlying processes enabling uncertainty estimation, and a lack
of standardization in uncertainty forecast products. This study is a sub-project within
the International Energy Agency (IEA) Wind Task 36 on Forecasting [75], which is a
collaborative research project focusing on improving the value of wind energy forecasts
to the wind industry.

Recently, C. Sweeny et al. discuss the future of renewable power forecasting, in-
cluding a literature review of the state-of-the art methodologies for short-term wind
power forecasting [29]. Also discussed are promising new forecast products and business
models capitalising on newly available high-dimensional power and NWP data, one of
which includes the exchange of power and forecast data via decentralised frameworks;
the challenge here is in preserving the privacy of commercially sensitive data. This is
driven by the idea that having access to more diverse forecasts and data-sources will
ultimately improve forecast skill for an end-user.

Here, we focus on three main research themes prevalent in the energy forecasting
community at the moment: feature engineering and the results from energy forecasting
competitions; hierarchical forecasting; and multivariate forecasting. Note that these
research themes are all linked by the challenge of modelling potentially high dimensional
data. We also discuss an emerging application of forecasting in wind energy: access

forecasting for o shore operations, which incorporates aspects of metocean forecasting.

2.4.1 Feature Engineering & Forecasting Competitions

An area of challenge for wind power prediction, highlighted within the IEA Wind Task
36, is the lack of widely available and publicised benchmark test cases and datasets.
The importance is highlighted because many approaches to wind forecasting have been
proposed, and it is often di cult to compare forecast skill since results will di er across

datasets. For this reason, forecasting competitions such as the two wind power (2012
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and 2014) Global Energy Forecasting Competitions (GEFCom) [33, 76] are a valuable
pursuit and provide learning for both forecast producers and users. A common theme
amongst the top approaches to the two competitions is the use of feature engineering
and cross validation to generate robust and powerful prediction models [30,32]. Feature
engineering is the process of creating new input variables for a statistical learning
technique with greater explanatory power, using domain knowledge of the problem at
hand. Examples of these features include: spatially averaged wind speed forecasts from
a grid of NWP around a wind farm, temporally smoothed wind speed features, and the
wind direction di erence between model heights to capture wind veer.

The two winning teams from GEFCom (2012 and 2014) utilised Gradient Boosting
Machines (GBM) with tree-based learners, the latter for quantile regression to produce
density forecasts, with input features engineered from NWPs [30, 32]. Other entrants
also employed GBMs but did not produce as skillful forecasts highlighting the impor-
tance of feature engineering in such methods. Thé-nearest neighbours method has
also been successful in producing non-parametric density forecasts in these competi-
tions [77], which is very similar to the analog ensemble which has been demonstrated
in weather [78], wind power [79], and solar power forecasting applications [80].

Interestingly Landry et al. [30] details a probabilistic solution using Gradient Boosted
Trees with a quantile loss function using: leading and lagging wind forecast features;
independent hyper-parameter tuning for middle and tail quantiles; including hour of
the day features; and nally using o -site median power predictions for some of the
forecast zones improved performance in the probabilistic models. It is important to
note that the ve most successful models in the latest competitions employed a fully
non-parametric approach [33].

Andrade et al. [31] reported value in extracting features from a spatially distributed
NWP grid surrounding the power plant, rather than interpolating to a single value at
the coordinates of the plant. The improvement is shown in both a solar and wind
power forecasting framework. The methodology combines the gradient boosting tree
algorithm, with feature engineering using leading and lagging NWP forecasts; spatial

and temporal standard deviations of NWP variables; and many others. Compared
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to a benchmark model, based on one NWP point for a specic location, the average
probabilistic improvement for the wind power predictions was shown to be 12.06% in
terms of Continuous Ranked Probability Score (CRPS).

Although the root cause of the improvement is not explicitly discussed in [31], one
possible reason could be due to the systematic errors present in the NWP; it becomes
bene cial to generate various smooth NWP input features to hedge against phase and
location errors and use the inherent feature selection ability of the algorithm to learn
the powerfully predictive inputs and subsequent patterns and interactions. This root
cause is therefore currently anopen research question , and the impact of temporally
smoothing NWP input features is explored in Section 4, within the context of leveraging
ultra-high resolution NWP forecasts.

Importantly, when engineering a high-dimensional input feature space over- tting
can occur during model training, where the learned relationships match too closely
to the training data and the model does not generalise well to new “unseen' data.
This motivates the use of statistical learning techniques with intrinsic feature selection
and regularisation capabilities, such as GBMs or alternatively linear regression with

sparsity [81].

2.4.2 Hierarchical Forecasting

Hierarchical forecasting has received increased attention in recent years because of the
desire from forecast users for coherency (or consistency), i.e. the forecast of each level
in a hierarchy should sum together appropriately. For example, in a coherent hierar-
chical wind power forecast the predictions at the turbine level sum to the forecast at
the wind farm level, which sum together with surrounding wind farms to the regional
level forecast, and so on. This is motivated by the fact that forecasting individual
components in any given system may not be consistent after summation due to the
nature of the learning problem. Additionally, including coherency constraints in pre-
dictive models can improve performance at all levels of the hierarchy. Currently, most
published research on hierarchical forecasting has been in a deterministic framework.

Hierarchies can be both spatial and temporal in nature [82,83]. There are di erent
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approaches to hierarchical forecasting, the simplest being the bottom-up approach,
which forecasts the top level in the hierarchy by summing the constituent lower level
forecasts [84,85]. As discussed in [21], the bottom-up approach can in practice tend to
deliver poor performance because of the low signal to noise ratio of the bottom hierarchy
in applications such as load forecasting using smart meter data. However, consider that
a wind turbine provides a consistent weather dependent signal. Therefore, wind farm
power forecasting provides a useful test-case for bottom-up hierarchical forecasting.

The concept of coherentprobabilistic forecasts is explored in [21,86] where the im-
portance of this property is emphasised in settings where forecasts from multiple levels
of the hierarchy are used in decision-making. In these works, the marginal distribu-
tions are determined for nodes in the system and the dependence is modelled using an
empirical copula. However, in the wind farm setting the structure of the hierarchy is
relatively simple, and the size lends itself to families of parametric copulas rather than
the empirical copula, which requires large volumes of data to satisfactorily estimate.

In the wind power forecasting domain, deterministic forecast reconciliation, which
is the processing of predictions at all levels of the hierarchy to achieve the coherency
constraint, has been explored via generalised least squares [87] and forecast improve-
ment reported at all levels of the hierarchy. Additionally, an online adaptive method
is proposed using constrained multivariate regression, motivated by the fact that the
optimal reconciliation weights will be non-stationary due to the stochastic nature of
the problem; this is also carried out in the deterministic domain [88]. Privacy preserv-
ing distributed methods have also been applied to the day-ahead deterministic power
forecasting problem [89]. Temporal hierarchies in wind power forecasting have also
been evaluated in [90], which to the best of the author's knowledge is the only study
published to date on coherentprobabilistic wind power forecasts. There, they opt for an
alternative to the bottom-up approach to the problem. Therefore, incorporating wind
turbine level data in a bottom-up probabilistic method is currently an open research
question , and is explored in Section 5.

Copulas provide a suitable method for generating bottom-up spatially coherent fore-

casts. A wide variety of copula families exist, several of which have been applied to
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model spatial dependency in the wind power forecasting context but not in a hierar-
chical setting to the best of the authors knowledge [91]. Copulas are typically used
in the wind power forecasting community for generating multivariate spatial-temporal

scenario forecasts [69, 92].

2.4.3 Multivariate Forecasting

Research in statistical scenario forecasting for day-ahead power forecasting is focused on
advancing or developing alternative methods to the Gaussian copula approach described
in Section 2.3.2 for describing the temporal interdependence structures [69]. The success
of the Gaussian copula in this setting is due to the ability to e ectively model high
dimensional distributions, and the apparent absence of tail dependencies in the data.

Pinson et al. [72] propose an exponential covariance function, which is essentially a
parametric approach for de ning the covariance matrix. This is compared to the data-
driven empirical copula using multivariate skill scores, and interestingly event based
veri cation tools. Gneiting proposes a non-separable parametric form for modelling
spatio-temporal data, with a case study on Irish wind speed data [93]. This means that
both the temporal and spatial components of covariance matrices are jointly modelled
from the empirical data, instead of independently and then combined. This approach
is readily applicable to the case of day-ahead multivariate wind power scenarios, but
to the best of the author's knowledge has not yet been addressed in the literature.

Regime-switching is a method to make models dependent on the current behaviour
of the target time-series or on exogenous variable(s). The benet is that the model can
react faster to changing conditions, as opposed to having xed models or by tracking
slower changes in behaviour via (for instance) online updates. Mostly, regime switching
has been well addressed in the very-short term forecasting power literature [94, 95].
Browell et al. [96] has shown for very short-term spatio-temporal forecasts that a
regime-switching model based on large-scale meteorological phenomena or "atmospheric
regimes' can improve forecast skill by an average of 3.1% at a six hour forecast lead
time.

Regime-switching probabilistic forecasts of wind energy are also examined in [97,98],
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using a correlation and cross correlation analysis at the wind sites studied; again these
studies are both based on very short term forecasting, i.e. 2 hours ahead. An open
research guestion remains on the use of regime-switching for conditioning the spatial-
temporal covariance dependency for multivariate day-ahead power forecasting.

Tatsu et al. provide the only example of conditioning of copula methods at the day-
ahead temporal scale, to the best of the author's knowledge [91]. There, the authors
expand on the Gaussian copula method to include the spatial dependencies via sparse
precision matrices, and show the value of including direction-dependent correlations and
non-constant conditional variances. Additionally, to the best of the author's knowledge,
scenario forecasting, and the associated dependency characteristics, in the GB network
has not been explored at the wind farm level. Thisopen research question is
explored in more detail in Section 7.

A valid criticism of the Gaussian copula is that only only symmetric dependencies
are e ectively modelled. Copula vines, which are a series of linked bivariate copula
families, o er a more exible framework for modelling multivariate dependency, and
have subsequently been the subject of recent studies in wind power forecasting [92,
99]. Bessa [92] compared temporal scenarios using vine-copulas and compared these
with the conventional Gaussian copula method for three wind farms in a case study.
Results showed that in-fact the Gaussian approach with an exponential covariance
matrix outperformed the vine copula for two out of three wind farms in terms of the
energy score and the p-variogram score. One of the main advantages of the exponential
covariance matrix method was highlighted; it does not require a large historical dataset,
which was posed as a justi cation of the higher performance.

The high dimensionality of space-time scenario forecasting at the wind farm level
in certain regions, like the UK, mean that generating enough scenarios to capture
the full behaviour of portfolios becomes computationally demanding, and solving the
associated optimisation problems, such as probabilistic power ows, potentially not
practical using the raw scenarios. This has motivated recent research on forecasting
multivariate regions such as ellipsoids or polyhedra [100, 101]; such types of forecasts

make probabilistic optimisation problems more computationally tractable.
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Beyond copula methods, alternative approaches have been proposed using Stochas-
tic Di erential Equations [73,102] based on the historical forecast errors to describe
the evolution of the forecast error around the deterministic forecast, using epi-spline
basis functions which enable users to control for degree to which extreme errors are
captured by specifying particular quantiles in the forecast error distributions [103], and
by using a rank-reordering method which preserves spatial-temporal characteristics via
the Schaake shu e [74,104]. Briey, the Schaake shu e works by re-ordering ensem-
ble forecasts to reconstruct the space-time variability observed in a sampled historical
record of the measurements.

Using post-processed ensemble NWP data it is also possible to recover the spatial-
temporal characteristics of the weather data after applying the statistical learning or
calibration technique. This is done via a technique known as Ensemble Copula Cou-
pling (ECC), which is demonstrated on meteorological variables [105, 106]. A slightly
modi ed technique known as dual-ECC is demonstrated on wind speed ensemble data,
such that temporal error auto-correlations are accounted for [107]. To the best of the
author's knowledge, this technique has not been applied to post-processed wirgbwer

ensembles.

2.4.4 Forecasting in Wind O&M

It is estimated that 20{30% of the total cost of energy for an o shore wind farm is
due to Operations & Maintenance (O&M) in the UK [17]. Since O&M savings can
be achieved by operators at any stage of the project life cycle and independently of
turbine manufacturers there is a great opportunity to reduce this sizeable percentage.
Therefore, improving installation, operations, and maintenance practices is a current
focus in both industry and academia.

Access forecasting is concerned with predicting conditions for the transfer of tech-
nicians to and from o shore structures at the site. This is clearly highly dependent
on the local wave climate and sea-state forecasting plays a major role in the current
scheduling practices in o shore wind. These forecasts are typically deterministic fore-

casts of signi cant wave height. However, this provides limited information into the
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state of the weather over the next few days. Probabilistic forecasts, which quantify
the uncertainty around future values, provide a route to risk minimisation [10]. For
instance, scheduling tools could evaluate the spread of possible metocean conditions for
the target day.

O&M planning at di erent horizons can be classi ed into strategic, tactical, and
operational decision making [108], the latter of which is the horizon of focus of this
thesis. Relevant studies in this area of decision support are based on optimising
the scheduling problems in a metaheuristic manner [109], or via exact optimisation
methods [110, 111], or through a combination of the two [112]. Uncertainties in short
term maintenance scheduling stem from incorrect fault diagnosis, human error, repair
times, and of course the weather forecast. The latter has been examined in the litera-
ture [113,114], although most published methods are based on deterministic forecasts
of the weather [110{112, 115], others have considered climatology from past observa-
tions [116] and ensemble NWP [117].

As discussed, at lead times of greater than approximately 6 hours, NWPs are su-
perior to time series forecasting methods for predicting variables such as signi cant
wave height [34] and should be employed in day-ahead scheduling decisions (and longer
lead-times). Probabilistic forecasting of wave height using time series models, driven
by recent observations only, is explored in [118] and the value of these forecasts is
demonstrated via a cost-loss model, but are limited to within day applications. The
economic case for improved o shore wind maintenance access forecasts has also been
explored [119], where di erent deterministic models and evaluation metrics are tested,;
the cost of a sub-optimal con guration of these aspects is estimated to cost up to
hundreds of thousands pounds per year.

O shore operations scheduling is a type of multi-temporal decision making; consider
that accessibility at a single point in time is not su cient as technicians require to be
picked-up and returned to port at the end of the shift. Therefore, turbine accessibility
is often framed in terms of weather windows, where forecasts are used to specify access
conditions throughout a speci ed time period [117,120,121]. The probability of access

from weather forecasts is determined in [122], which are coupled to cost-loss decision
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model and compared with the deterministic case; this is found to increase the proportion
of access windows utilised and reduce operational expenditure.

For forecasting, this multi-temporal decision framework demands that error de-
pendencies in time are accounted for, making this another high dimensional problem
amenable to copula modelling. Various copula families have been tested rigorously for
hindcast metocean data [123], where the dependency is modelled between variables
including asymmetries. Copulas are also used to simulate wave height and wind speed
time series, with a case study application for cable installation at an o shore wind
farm [124].

To summarise, anopen research question remains in the development of a novel
end-to-end probabilistic forecasting methodology for o shore wind farm operations,
at the day-ahead temporal scale. This uncertainty information could be potentially
valuable to operations teams that currently typically rely on deterministic forecasts of
wave height for scheduling and dispatch decisions. Please refer to Section 6 for more

detail.

2.5 Summary

Forecasting is an integral part of of power system operations. From participants in
electricity markets to Transmission System Operators, all who make decisions based on
the future generation of wind energy require decision-support tools. Probabilistic fore-
casts are essential for risk-neutral participants in asymmetrically penalised electricity
markets and for risk management; uncertainty is always present, it merely hidden in
deterministic forecasts.

There has been a vast research e ort in probabilistic forecasting in recent years,
both univariate and multivariate, at the day-ahead temporal scale. However, there are
still gaps in the literature related to dealing with high dimensional data in both the
input and output side of the modelling chain. Speci cally, open research questions

remain in

1. The performance of ultra-high resolution operational NWP models, using ad-
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vanced statistical post-processing techniques and feature engineering

2. Leveraging hierarchical probabilistic methods for wind farm power forecasting,

using information from individual turbines

3. Probabilistic forecasts for wind farm operations. Currently, wind farm operators
rely solely on deterministic forecasts of signi cant wave height for safety critical

decisions, such as maintenance scheduling and vessel dispatch

4. High-dimensional multivariate wind power forecasting. Here, error dependencies
in both space and time are used to generate statistical scenario forecasts. These
forecasts could be improved by using large scale atmospheric regimes and coupled
space-time parametric covariance matrices. Additionally, there has not been a

study at the GB wind farm spatial scale.

Before addressing these gaps, a forecast veri cation framework is formalised.
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Forecast Veri cation

The evaluation of a proposed forecasting model must be based on a impartial evaluation
of performance over an out-of-sample or testing dataset. In an ideal case, the forecast
could be evaluated in terms of the ability to inform optimal decisions, such as revenue
generated from using a novel forecast, compared to existing methods. For example, an
accurate deterministic forecast in terms of conventional statistical evaluations may not
lead to more optimal trading decisions, and therefore greater pro ts [125]. However
situation dependent evaluation metrics are di cult to quantify and don't provide a
comparable framework to evaluate methods as a research endeavour. Therefore, fore-
casts are most commonly evaluated on the analysis of out-of-sample errors, and are
used for forecast provider selection, model development, and model diagnostics.

Here, we outline the most commonly used forecast veri cation tools for deterministic
and probabilistic forecasts. These are termed evaluation/veri cation metrics and scor-
ing rules interchangeably throughout. Univariate and multivariate evaluation metrics
are discussed, as well as methods for setting up a valid numerical experiment frame-
work. Lastly, we discuss the uncertainty present in evaluation results themselves (not
to be confused with forecast uncertainty), and address methods used to deal with this,
such as bootstrapping. Please refer to the recent paper by Messner et al. for more

detail on forecast evaluation in wind power forecasting [51].
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3.1 Deterministic

Madsen et al. propose a standardised protocol for the evaluation of deterministic short-
term wind power predictions [126]. This begins with the standard time-series de nition
of prediction error e which is the di erence between the measured valuey; and the

forecast valueyt

&=yt % (3.1

wheret is the time-index. The bias of the model is related to the systematic error and
is simply as the mean error over the evaluation period

X

bias = 1 & (3.2)
N o

where N is the total number of samples. Therefore, bias does not give any information
as to the discrimination ability of a forecast, i.e. if it gives accurate predictions. It
reveals the dierence between the average forecast value and the average measured
value; an ideal bias result is zero. However, bias is a very useful tool for diagnosing
systematic problems in the model. For example, in a regional wind power forecasting
tool, if the installed capacity of the region increases over time and this e ect is not
captured by the model, then error analysis will likely reveal a substantial bias.

The two most common scoring rules for evaluating deterministic forecast accuracy,

i.e. discrimination ability, are the root mean square error (RMSE)

v _
u
1 X
mse=t 17 (3.3)
t=1
and the mean absolute error (MAE)
1 X
mae = - jej (3.4)

Importantly, the RMSE is related to the variance of the errors and large errors will have

a signi cant impact on the results. Typically, a forecasting analysis will report both of
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these metrics. However, the error metric chosen should relate to the loss function used
in modelling. For instance, if a squared error loss function is used to t the model,

then a squared scoring rule (like RMSE) should be used to evaluate the models during
development. The above performance metrics are often averaged by forecast lead time

to gauge the performance of the model during time-periods of interest.

3.2 Probabilistic

For probabilistic forecasts veri cation becomes more complex, and a two pronged ap-
proach is necessary to assess performanagglibration (or reliability) is essentially a
measure of probabilistic bias, andsharpness is related to the spread of the forecast
distribution. A probabilistic forecast is then evaluated in terms of sharpness, subject
to calibration [127].

The calibration is a measure of the statistical consistency between the distributional
forecasts and the observations. In other words, in a suitably large test dataset the nom-
inal probabilities of the forecast are approximately equal to the empirical (measured)
outcomes [128]. For example, for the median quantile | 50 | then approximately half
of the observed values (empirical) should be below this median forecast. An poorly cal-
ibrated probabilistic forecast is therefore bias and sub-optimal, regardless of any other
properties.

Sharpness is a measure of the accuracy of a probabilistic forecast, i.e. the spread of
the distribution, that allows for the ranking of competing forecasts, subject to calibra-
tion. Scores such as the pinball loss (for discrete quantiles), and the continuous ranked
probability score (for continuous distributions) are typically used for scoring rules on
univariate variables. These two measures in fact evaluate both calibration and sharp-
ness simultaneously; however, it is often prudent to simultaneously verify calibration,
either by decomposition of these accuracy scores [129,130] or by direct methods. It is
helpful to think of an intuitive example of how these scores are related to accuracy; for
the g50 quantile speci cally, the pinball loss is simply equal to Q5 mae.

The idea of proper, and strictly proper scoring rules are developed in [131]. For

a distribution forecast F with realised measurementy from an unobserved governing
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distribution F, the average score is de ned as

X
S= = S(Fuw) (3.5)
t=1

where the scoreS to each observation/forecast pair. The score igroper if
S(Fuy)  S(Fuw) (3.6)

holds for the distribution of F and F. Note that here we imply a negatively orientated
score, i.e. better forecasts produce smaller scores. Furthermore, the scoressictly
proper when equality is true only if F = F; ie. the minimum is unique. Strictly
proper scoring rules inform on the forecast veri cation framework used throughout this
thesis. Although for multivariate forecasts, proper scoring rules are used as discussed

in Section 3.2.2.

3.2.1 Univariate

Here, we establish the de nition of quantile forecasts and density forecasts for con-
tinuous univariate variables, as well as the associated veri cation frameworks. For
interval forecasts and probability forecasts for discrete events, scores metrics such as
the Winkler and Brier score (respectively) are available, but discussion is omitted here
for brevity; the reader is referred to [51,128] for more information.

The predictive cumulative distribution function (CDF) of a random variable Y is
Fy) =P ) (3.7)
where F is a strictly increasing function. A quantile forecast can be de ned as
) =F ()=inffy2 R: F(y)g (3.8)

where 2 [0;1] is the nominal probability of the quantile. As discussed, we can

therefore generate a distribution forecast directly using a technigue such as conditional
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parametric regression, or estimate the distribution forecast using multiple quantile re-
gression and interpolation between the boundaries and the quantile forecasts.

For discrete quantiles, calibration is often measured directly via reliability diagrams.
This is is calculated via an indicator variable t( )

8

21 i oy <)
= t (3.9)

> .
-0 otherwise

which leads to a series of binary outcomes indicating whether the outcome lies below
(1) or above (0) the quantile forecasts. The mean of the series of outcomes can be
calculated over the whole dataset to give the actual coverage of the quantile

1 X
al)= = () (3.10)

N t
t=1

and if the forecast is well calibrated and the sample size su cient then al )
This measure is then calculated for each modelled quantile and results illustrated via
a reliability diagram which plots the nominal vrs. empirical proportions [51]. Quantile
bias plots are also used in this work to visualise the reliability when inspection of
small di erences in calibration are necessary, in which case the nominal proportions
are plotted against ~ a( ) [128].

For continuous density forecasts, it makes sense to evaluate the calibration of full
distribution, not just discrete quantiles. The probability integral transform (PIT) his-

togram is used in such cases, which is calculated via
U = Fe(yr) (3.11)

and if the forecasts are well calibrated and the sample is su ciently large thenu
U(0; 1), which is visually inspected via a histogram with a certain number of (typically
20 [132]) bins. An example of a PIT histogram is shown in Figure 3.1, where the
forecast is slightly under-con dent; the relatively more frequent observations in the

mid range of the distribution show that spread of the distribution is over-dispersed.
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Figure 3.1: Example PIT histogram. Here, the forecast displays over-dispersion; obser-
vations are more concentrated at the mid-region of the distribution and the distribution
is on average under-con dent

The opposite trend is found for over-con dent (i.e. under-dispersed) forecasts, where
there are relatively more observations in the tails of the distribution.
For discrete quantiles, the sharpness and calibration is typically measured via the

pinball score (PB) 8
@ et w o<y

. (3.12)
(Y 9t( )) Yt t()

pbi ) =
and again, averaged over the number of samples. This is interchangeably called the
pinball or quantile score. The average of multiple quantile pinball scores is often used
to gauge the performance of the full predictive distribution [33]; although since the out-
come of this score is dependent on both the target variabl@nd the nominal probability
level, the mid-range of the distribution contributes most to these averaged pinball loss
scores.

For the full predictive cumulative distribution, the Continuous Ranked Probability
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(a) Distribution forecast (b) A sharper distribution forecast

Figure 3.2: Graphical illustration of the CRPS scoring rule for a single lead time, for two
forecasts. The score is the area below the squared di erence between the observation
(step function) and forecast CDF

Score (CRPS) [127] is often used to measure both sharpness and calibration
IR

CPSEN fR(y) 1y yo)gdy (3.13)
where 1(:) is the indicator function. The CRPS for a single forecast observation pair is
therefore the area between the squared di erence of the forecast and observation CDF,
where the latter is a step-function from O to 1 at the observed value. Figure 3.2 shows
two illustrations of this, where a smaller CRPS is found from a sharper forecast. An
advantage of the CRPS is that it reduces to the MAE in the deterministic case [133],
which makes the score more intuitive and also consistent when moving from determinis-
tic to probabilistic frameworks. This is clear from equation 3.13; the integrand reduces
to either 1 or 0, and the error is found in the interval between the observed and forecast
value.

Similarly to the pinball score, most of the contribution of the CRPS score comes
from the mid-range of the distribution. When the tail of the forecast distribution is
important, e.g. for setting reserve requirements [134], or more generally in extreme
event forecasting, weighted scoring rules would be more suited [135]. Speci cally, the
threshold weighted CRPS proposed in [135] works by emphasising speci ¢ regions of

interest (e.g. tails) of the distribution with relatively larger weights compared to other
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regions, and at the same time preserves the “properness' of the score.
In fact, the CRPS is the continuous counterpart of the pinball loss. Equation 3.13
can be alternatively described as
z
1 X S
crps = — 2 pb;’d (3.14)
N . o
t=1
i.e. the integral of pinball loss over all quantiles [135]. Although both the CRPS and
pinball scores evaluate both sharpness and calibration, it is still good practice to also
show calibration distinctly, either by reliability diagrams/PIT histograms, or by de-
composing the pinball/CRPS scores further into reliability, resolution, and uncertainty

components [51].

3.2.2 Multivariate

Here, we establish the de nition of multivariate forecasts, as well as the associated
veri cation tools. A multivariate forecast is usually de ned by a set of possible scenarios

for the forecast issue time, such as in the cases considered in this thesis. These scenarios
contain information on the space and/or time correlations and therefore, evaluating
the prescribed correlation structure is important in multivariate forecast veri cation.

A multivariate forecast as a set of spatio-temporal scenarios can be de ned as

2 3
1;1 i R 1,1
2 9 U o
B g
92;1 93;1 .- 9:']_?1
P g g
yi;K yg;K e 9.12_;K
9i;K 9%”( e 9:|]_;K
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(a) di erence component (b) spread component

Figure 3.3: Example graphical illustration of the energy score contributions from several
bivariate normal scenarios and the corresponding observation. The energy score is a
function of both the spread and di erence components of the scenarios

where J is the number of samples and the maximum lead time isT. Therefore, every
row is a scenario at each out of theK locations. However, to simplify the notation we
will only consider one location with purely temporal scenario forecastsy’ .

Multivariate forecast veri cation is the subject of current research. The most com-
monly used scoring rule in wind power forecasting at the moment is the energy score
(ES), which is a multivariate extension of the CRPS [131,136]. The ES for a single

issue time is given by
. S . .
es== ky ypUk, 532 kp@® 9k, (3.16)

wherek:k; represents the » norm, y is the observed trajectory of the measured variable,
¢ () is the jth scenario forecast taken from the underlying multivariate distribution.
The score is then averaged over all issue times. In Figure 3.3 an illustration of the
energy score is shown, generated from an example bivariate normal distribution. The
rst term of the energy score measures the average euclidean distance between the
trajectory forecasts and the observation, and the second term is related to the multi-
dimensional spread of the scenarios.

In the literature, it is discussed that the ES has low sensitivity to the multivariate

correlations, compared to sensitivity in a mis-speci ed mean [136, 137]. This means
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that di erent dependency structures governing the multivariate scenarios can have a
somewhat similar energy scores, making the assessment of the benet in a prescribed
dependency structure more di cult. The p-variogram score (VSp) is developed with
this in mind [137], and for a single issue time is de ned as

vsp = X wi i oy oS X @ g e 2 (3.17)

i =1 z=1

where p is the order of the variogram andy‘? is the zI" forecast scenario. Typically,
the weights, w;; , are set to the inverse distance between the™ and j" components.
Results in [137] show that a VSp with an order of less than one has the best dis-
criminative ability, although typically results are reported for both orders of 0.5 and 1.
To summarise, this score nds the weighted sum of di erences between pairwise com-
ponents of the observation trajectory and the average pairwise components from the
multivariate scenarios. However, it follows that if we have two competing multivariate
forecasts with the same correlation structure, but one set are are o set by some bias
in the mean level, they would have the exact same V$ score because only pairwise
di erences are considered; this score is proper, but not strictly proper.

Multivariate calibration methods are also used in the wider forecasting literature,
particularly when assessing ensemble forecasts of meteorological variables. Minimum
spanning tree (MST) rank histograms and variations are typically used [136]. To the
best of the authors knowledge, the only examples of these veri cation tools applied to
statistical wind power scenarios are [72,103]. The former study compares ensemble-
based and statistically-based wind power scenarios, and interestingly event based scores.
When generating statistically based scenarios in this thesis, the marginals are ensured
to be well calibrated so we don't elaborate further here. Please refer to [136] for more
detail.

The two discussed multivariate scoring rules have both strengths and weaknesses, so
typically both scores are used to verify multivariate scenarios [92], the strictly proper ES
is used to verify both the mean level and multivariate correlation, and the proper VSp

is used to discriminate between correlation structures. However, small di erences in the
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ES may be su cient to discriminate between models when coupled with signi cance
tests [138], or when using bootstrapping to estimate sampling uncertainty, as discussed

in Section 3.3.2.

3.3 Comparing Performance

Any proposed novel methodology should be rigorously compared against fair and com-
petitive benchmark models. Also, comparing evaluation metrics is an important con-

cept, and there is an often overlooked uncertainty associated with scoring results. In
this section we discuss the framework of the numerical experiments used in this thesis,

and introduce methods for evaluating the uncertainty in scoring results.

3.3.1 Cross-Validation

Cross validation is a tool widely used for the veri cation of statistical models. The
framework is based on the premise that a model should be trained and tested on
independent data sets. This has obvious bene ts in that evaluation metrics are based
on out-of-sample data, somewhat replicating the conditions of an operational model for
decision support. This framework prevents models which don't generalise, but learn
relationships in the data very well, from giving spuriously better scores.

There are a variety of cross validation routines, but in this work we typically use
k-fold cross validation to make decisions on the modelling and evaluate results. This
means that the data is rst partitioned into training and testing subsets, then on the
training subset only, k-fold cross validation is used to tune regression hyper-parameters
and develop new forecasting models. This cross validation routine works by sub-setting
the training data into k (approximately) equal partitions, then each partition is itera-
tively left out of the available training data and forecasts are issued for the “left-out’
partition, until each of the k folds have associated out-of-sample forecasts. This means
that robust evaluation results can be determined for the entire available dataset.

Setting the k folds is an important consideration in wind power, and generally

meterological post-processing tasks. This is because wind power exhibits temporal
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correlation; by randomly assigning each sample to a fold, the resulting evaluation can
lead to unrealistically low error scores because the data is not independent. Therefore,
blocks of data of are used in the following evaluations. There are dierent cross-
validation routines available, as well as using a rolling window to simulate the out-

of-sample performance [51]. However, computational expense limits the feasibility of

these methods in the following work.

3.3.2 Scoring Uncertainty

As well as forecast uncertainty, there is also always an inherent uncertainty present in
evaluation results due to the fact veri cation is done on a nite sample of data. This
is often overlooked in the wind power forecasting literature which typically presents
single-valued evaluation metrics as standard. If, for instance, the the size of the test
dataset is constrained, or di erences between evaluation metrics is small in magnitude,
it is important to evaluate the signi cance of the results. That is, are the results for
the sample also true for the population, or due to pure chance.

Often, forecast performance is reported via relative change to a baseling™' , i.e.
the skill score. If the perfect score is zero, as in the cases considered here, then the skill

score is
Sref S

skill = =

(3.18)

and in the following the terms skill score, percentage improvement, and relative change
are used interchangeably. As discussed, often when evaluating multivariate forecasts
the skill score value may be small in magnitude. However, a small relative change alone
does not always prove that a forecast is not suitable; the uncertainty associated with

the skill should be considered.

The bootstrap is a re-sampling technique for assessing the uncertainty of sample
statistics [139]. It is a exible tool which is used across statistical applications to
understand the sampling distribution associated with estimators such as the mean,
regression coe cients, correlation coe cients, etc. from the original set of observations.
Crucially, the bootstrap can be used as a simple non-parametric method for estimating

the signi cance in forecast improvement [51]. Typically, data-points are randomly

46



Chapter 3. Forecast Veri cation

(a) bootstrap (b) block-bootstrap

Figure 3.4: Boxplots showing the sampling variation of the ES skill between a bench-
mark and example multivariate forecast. Here, there is a small but signi cant im-
provement in the ES for both bootstrap methods; however the sampling uncertainty is
greater using the block-bootstrap

sampled with replacement, i.e. individual points can be sampled more than once,
with a length equal to the original length of the set, and then skill scores or scoring
rules are calculated. This process is repeated a user-de ned number of times (typically
> 100), until the sampling variation of the result is determined, which are then typically
presented via boxplots as shown on Figure 3.4a, or con dence intervals. Therefore,
evaluation results based on smaller datasets will have an inherently large sampling
uncertainty, and a consistent but small positive skill score on a large dataset will be
clear.

As with k fold cross validation, the temporal correlation of errors is important to
consider here as well; the bootstrap assumes that data is independent, i.e. not serially
correlated. This is often not the case in meteorological applications or time-series data
and can lead to an underestimation of the sampling variability. However, in these
cases the block-bootstrap [140] can be used, as shown on Figure 3.4b, where non-
overlapping blocks of length 7 days are sampled with replacement. There are several
types of bootstrap implementations which account for temporal correlation, such as
the variable length block bootstrap [141], and several studies in electricity demand
forecasting use the block bootstrap to generate future temperature scenarios for model

inputs [142,143].
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There are also alternatives to the bootstrap for evaluating the signi cance of fore-
cast improvement. The use of the Diebold-Mariano test [144,145], coupled with strictly
proper scoring rules and large sampling sizes is recommended by Ziel et al. for mul-
tivariate scoring [138]. The Diebold-Mariano test also accounts for the temporal cor-
relation of forecast errors. For more information, the reader is referred to Messner
et al. in the context of wind power forecasting [51], and Section 7.2. Briey, the
block-bootstrap method has some advantages over statistical tests, in that there is a
tendency in the wider academic literature to simply accept or dismiss results that are
just below or above an arbitrary probability level in the latter, and bootstrapping is a
non-parametric process. However, in the absence of literature demonstrating the suit-
ability of one method over another, both are used in Section 7.2 to gauge the signi cance

of forecast improvement.

3.4 Summary

Forecast veri cation is a crucial component in model development, and is more complex
for probabilistic forecasts. However, the main idea is that they should be as sharp as
possible subject to calibration. Calibration is measured directly through techniques
such as reliability diagrams and the probability integral transform; sharpness are mea-
sured via strictly proper scoring rules, such the energy score and continuous ranked
probability score. It is discussed that these strictly proper scores in fact measure both
calibration and sharpness. However, it is recommended to evaluate calibration either
directly (as in this thesis) or by further decomposition of the scores.

We also discuss the framework in which proposed models can be compared fairly
with competitive and suitable benchmark models. This framework consists of using
cross validation to generate a large dataset out of sample forecasts, and using bootstrap
approaches to show the sampling uncertainty of average scoring rules or of relative
change to a benchmark. In the proceeding sections we apply this framework in the

pursuit of novel forecasting methodologies.
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Chapter 4

Statistical Post-processing of
Turbulence Resolving Weather

Forecasts

Chapter based on:
Gilbert, C., Messner, J. W., Pinson, P., Trombe, P. J., Verzijlbergh, R., van Dorp, P.,
& Jonker, H. (2020). Statistical post-processing of turbulence-resolving weather fore-

casts for o shore wind power forecasting. Wind Energy, 23(4), 884-897.

High-resolution NWP forecasts often exhibit spatial and/or temporal displacement
errors, and when regarding typical average scoring rules { e.g. MAE or RMSE, they
often perform worse than smoother forecasts from lower-resolution models. Recent
computational advances have enabled the use of large eddy simulations in the context
of operational weather forecasting, yielding turbulence resolving weather forecasts with
a spatial resolution of 100 meters or ner and a temporal resolution of 30 seconds or
less; the output from these NWP models therefore represents a high dimensional input
feature space for power forecasting models.

As discussed in Section 2.2, the pursuit of high resolution forecasts and appraising
their value for wind power forecasting is not a new topic and has been discussed in lit-

erature with varying success [26,27]. The situation has evolved substantially over the
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last few years, thanks to quantity of data being collected, increase in computational
power (e.g. based on Graphics Processing Units { GPUs), and advances in data sci-
ence. This enables the high-resolution forecasting framework considered here, based on
computationally demanding approaches to producing high-resolution weather forecasts
at the wind farm, and post-processing via advanced statistical learning techniques.

At outset of this study, EMCWF o ered global weather forecasts at a spatial reso-
lution of 16km, i.e. the 0.125 grid, at 1-6 hour intervals within the high resolution
(HRES) 10-day deterministic forecast model. This resolution is essentially a limit on
the variance and processes resolved in the wind speed elds. The NWP model consid-
ered here on the other hand, is based on an operational localised large-eddy simulation
(LES), which is driven at the boundaries by the global resolution ECMWF model.

NWP forecasts based on the LES framework have a signi cantly higher spatial
and temporal resolution; in this case, a horizontal resolution of 64m and temporal
resolution of 30s, yielding a very high dimensional input feature space for a utility
scale wind farm power forecasting model. The temporal and spatial resolution of these
models mean that atmospheric processes important for wind power variability, such as
turbulence, are directly resolved. Additionally, the wind turbines are embedded in the
simulation, allowing for a more detailed account of the wind wakes and interactions
around the wind farm.

However, the new information content of ultra-high resolution models does not
necessary translate into improvements in average error metrics. For one thing, there
is obviously a lot of uncertainty in the boundary forecasts driving the simulation at
the day-ahead scale. In fact, high-resolution forecasts may perform worse compared to
standard resolution models due to penalisation of phase and location errors; a forecast
that contains a higher, and subsequently more realistic, variability in space and time is
heavily penalised when the precise location/timing of a weather event is missed when
using typical average error metrics for evaluation.

The research aim and contribution of this chapter is simple: to ascertain if it is
possible to extract value from a high resolution NWP model in the context of wind

power forecasting. We also explicitly explore the impact of temporal smoothing of
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wind speed forecasts using single-input models, with the aim of understanding better
the bene ts of feature engineering published widely in the literature [30, 31].

We generate post-processed point forecasts of wind speed and power at the iconic
Horns Rev | 160 MW wind farm o the coast of Denmark and compare the forecasting
ability of the high resolution LES model with forecasts from ECMWF. In the post-
processing of the raw NWP data into power and wind speed forecasts, smoothing
techniques are used to account for the penalisation of temporal and spatial displacement
errors. The disadvantage of smoothing is that high resolution information can be
diminished; to remedy this, a simple feature engineering stage is proposed which can
account for the variability in the atmospheric model.

Section 4.1 details the speci cs of the NWP models used and the case study site,
and Section 4.2 includes descriptions of statistical post-processing techniques. Results
are presented, evaluated, and compared in Section 4.3 based on measurements from
an individual turbine and subsequently the overall wind farm, and nally Section 4.4

details the conclusions and future work.

4.1 Case study at the Horns Rev o shore wind farm

To evaluate the performance of post-processed high resolution forecasts generated from
the LES model, results are presented for Horns Rev | and compared with those based
on ECMWEF predictions. Horns Rev | was one of the rst large capacity o shore
wind farms and therefore has a large bank of historical data. Both wind speed and
wind power post-processing are considered as these are both extremely important for

operational tasks such as trading and operation and maintenance (O&M).

4.1.1 Horns Rev

Out of the 3 o shore wind farms located at Horns Rev, we focus on that which was
installed rst, in operation since 2002, and commonly referred to as Horns Rev .
Horns Rev | consists of 80 2-MW turbines located approximately 18km o the coast

of Denmark in the North Sea covering an area of around 21k It was historically
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the rst large o shore wind farm worldwide. The data used for the following study
consists of average power generation and wind speed anemometer measurements from
each constituent turbine from January 2015 to December 2016 at a 10-minute temporal
resolution. Initially, to reduce the dimensions of this exploratory analysis, much of the
post-processing results presented are for an individual turbine located at the north west
corner of the park with a nal analysis of the wind farm power as whole. It should

be noted that a single turbine located at the south west corner of the wind farm is

excluded from the analysis, due to a permanent turbine malfunction.

4.1.2 Weather forecasts: from ECMWF to the Whie Large Eddy

Simulation

The operational ECMWF deterministic forecasts covering the years 2015 and 2016 were
retrieved at 3-hour time resolution and approximately 16km spatial resolution. Note,
that forecasts are also available at 1-hour resolution, but at the outset of this study
ECMWEF typically o ered only the 3-hour resolution data to commercial customers. To
make the forecasts comparable to the turbine data, the forecast elds were interpolated
in time using linear interpolation and model levels were interpolated to a hub height of
70 meters by linear interpolation of the closest model levels [146].

Whi e is a start-up that has focused on the computation of LES on Graphics Pro-
cessing Units (GPUs), which enables their model GRASP (GPU-Resident Atmospheric
Simulation Platform) to compute 48h hour ahead forecast within roughly an hour. The
formulation of the model is provided in [147] and more recent features, including the
GPU implementation and the method to drive an LES model with large-scale boundary
conditions from a NWP model have been described in [42] and [148].

The simulation domain for this study is 8.2km in the horizontal and 5km in the
vertical with 1283 grid points, yielding a horizontal resolution of 64m. In the vertical
direction, the grid is stretched, with a resolution of roughly 16m near the surface
and 80m near the top of the domain. Periodic boundary conditions are taken from
the ECMWEF deterministic forecasts and are applied as dynamic tendencies to a so-

called concurrent precursor simulation [149]. The values of the precursor LES are
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Figure 4.1: Schematic representation of the LES model setup. ECMWF elds are used
to estimate the initial conditions and are applied as dynamic tendencies to a pre-cursor
LES with periodic boundary conditions. The precursor LES values are then prescribed
on the boundaries of a second LES to prevent the wakes from re-entering the domain

then prescribed, during run-time, to the boundaries of a second LES that includes
wind turbines. This setup allows for the development of su cient turbulence, while it
prevents the re-circulation of the turbines wakes in the LES domain, due to the periodic
nature of the boundary conditions. Figure 4.1 shows a schematic representation of this
setup.

Wind turbines have been modelled in the LES with a uniform actuator disk model
as described by [150]. The turbine parametrisation applies axial and radial forces to
the LES wind elds that are based on the power and thrust curves of the turbine
type. Therefore, the torque exerted on the rotor blades can readily be diagnosed
from the simulation and the produced power can be exported as output variable with
the same time resolution as the LES time-step, which is typically in the order of 5
seconds. All output variables that may be relevant for post-processing, such as power,
rotor-disk averaged wind speed and direction and air density have been exported for
each individual turbine location with a 30 seconds time resolution. Care was taken
to produce a forecast dataset that was as representative as possible for day-ahead
forecasting, so a maximum computation time of 1 hour per forecast was observed and
the 0OUTC ECMWF operational forecasts valid for the next 24-48h (local time) were
used as boundary conditions. The O0UTC cycle of the ECMWF high-resolution forecast
is available around 06:20 UTC for commercial customers. With the settings applied in
this paper, the day-ahead LES forecast can thus be delivered at 07:20 UTC the latest,
which corresponds to 08:20 CET and 09:20 CEST. The LES forecast is therefore well

in time to be used for day-ahead trading.
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(a) Instantaneous wind speed (b) Two hour average wind speed de cit

Figure 4.2: Wind speed elds at hub height for 2016-05-18 02:00 UTC, where the
turbine locations and their yaw angles are depicted with the grey bars. The average
de cit (percent reduction with respect to free-stream wind speed) is calculated using
the preceding two hours

Figure 4.2a shows a snapshot of the instantaneous wind speed eld at hub height for
a typical day with south-westerly winds. Using the pre-cursor simulation that has no
wind turbines, it is also possible to calculate the di erence between the free-stream wind
speed and the wind speed in the wind farm. Figure 4.2b shows the wind speed de cit,
i.e. the percent reduction in wind speed with respect to the free stream wind, in the
simulation domain. The wind speed de cits for this particular day are roughly 20% to
40%, which is in agreement with values that have been reported in the literature [151].

Although the focus of this paper is on the prediction of wind speeds and wind farm
power, the framework of a turbine resolving LES model driven by NWP boundary con-
ditions opens more possibilities for future research and practical applications. Currently
ongoing research e orts focus of wind resource assessments and annual energy predic-
tion using LES with reanalysis elds as boundary conditions, air-sea interactions in and
around wind farms, more advanced turbine parametrizations and in-depth analysis of

the interactions of (far) wake e ects and their environment.
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4.2 Post-processing models

The following describes the statistical post-processing models utilised and the general
post-processing strategy for the case study. The approach can be summarised by using
statistical learning techniques for both wind speed and power forecasting with a focus
on smoothing, feature engineering, and selection. Note that due to the inclusion of
both wind speed and power forecasting, the notationy; signi es the target variable
(measured wind speed or power) and; is the weather forecast-derived input variable
at time t.

Smoothing is an interesting approach in this high-resolution forecasting context,
however it has been surprisingly overlooked in the applicable research literature for
energy forecasting. Benets have been reported with temporal and spatial feature
engineering in the post-processing of coarse global atmospheric models [30{32] with
rolling average and leading/lagging wind speed variables among others. Therefore,
the aim here is to explore this relationship more explicitly with single input models
and then to capture the value in the high-frequency content of the signal with other
engineered features. This approach, compared to using the high resolution wind speed
signal directly, aims to retain the value of the smoothed wind speed forecast whilst

augmenting the model with selected summary statistics of the high frequency signal.

4.2.1 Wind speed forecasting

For wind speed forecasting the raw NWP signals are statistically post-processed to
account for systematic biases between each signal and the measured time series at
the turbine nacelle. A truncated linear regression model is used to account for the

non-negativity of wind speed [152] which is de ned as

i No( ¢ ? (4.1)

t = ot 11Xt 4.2)

where wind speedy; at time t follows a zero truncated normal distribution with mean

 and standard deviation while  is a linear function of the predicted wind speedx;
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and o, 1, and are regression coe cients. The zero truncated normal distribution

has a probability density function of

8
L) >0
dy) = (43)

where (:) is the probability density function of the standard normal distribution. The
regression coe cients are estimated with maximum likelihood estimation as imple-

mented in the R software packagecrch [153].

4.2.2 Power forecasting

The Gradient Boosting Machine (GBM) is a supervised learning method whereby a se-
ries of individually weakly predictive base-learners (e.g. regression trees) are combined
to make a powerfully predictive ensemble [154]. For an excellent and in-depth tutorial
on this subject the reader is referred to [155]. The algorithm works by consecutively
tting single base-learners to improve the overall predictive estimate of the target vari-
able; each learner is trained sequentially on the negative gradient of the loss function,
with respect to the ensemble constructed so far. Intuitively, the model is grown at
each iteration to improve upon the prediction of the ensemble so far; regularisation
is extremely important to prevent over- tting, which necessitates the shrinkage term
introduced in the following de nition of the algorithm.

Speci cally, for base-learner regression trees, at each iteration the available input
space is partitioned into disjoint regions, which allows for the direct capture of non-
linear relationships, such as the wind power curve, and makes this a powerful tool for
energy forecasting applications [30{32]. Additionally, the exibility of the algorithm in
terms of loss functions is a desirable attribute; in this chapter a squared loss function is
used. For target variabley and a pool of explanatory variablesx; = ( x1;Xz;:::)”, the
gradient boosting machine [154, 156Fy (X;) is de ned as the sum of N base-learners

fn(Xt)
X
ye= Fn(X))+ = fn(Xe) + ¢ (4.4)
n=0
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wheref o(X¢) is the initialisation guess, : is an error term, and the subsequent ensemble

of base-learners is constructed sequentially by estimating the latest via

X
argfmin L (yt; Fn 1(Xt) + fn(xt)) (4.5)

n t
for some loss function (e.g., squared losd)( ). To tackle this approach in practice, the
base learner chosen here is the regression trég = h(x; ), specied by a vector of

tree parameters ,,. Where L () is di erentiable, the negative gradient g,(x) is de ned

as
@LU(yt; Fn(xt))
(X)) = —=— N (4.6)
" @R(X)  Fi=Fr 1)
and the regression tree is e ciently t to this negative gradient by least squares
n = argmin [On(Xt) h(xe; )7 (4.7)
t
The ensemble is then updated with
Fa(Xt) = Fn a(x)+  ah(X¢ n) (4.8)

where which is a user de ned regularisation lever termed shrinkage, and , which is

the best gradient step-size found via

n = argmin : L (yt;Fn a(xt)+ h(X¢; n)) (4.9)
t
and speci cally for regression trees a di erent , is computed for each terminal leaf.
This model tting optimisation strategy is then based on two stages: least squares
tting of the base learner followed by the parameter optimisation according to the gen-
eral loss function [157]. Regularisation is extremely important when deploying a GBM
model. Generalisation performance is achieved via the tunable shrinkage parameter
() which allows the user to penalise the importance of each individual learner in the

overall ensemble, the number of learners, and row/column [158] sub-sampling fractions

where a random subset of rows or covariates respectively are used for each training
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round. Row and column sub-sampling are really useful for generalisation performance
when a large set of input features are available. If the entire dataset is de ned as

fyi;xtg] then a random sub sample of rows of sizd < T is given byfyr(i);xr(i)gI,

of features/columns can be de ned similarly.

Other tree-speci c tunable hyper-parameters include the depth (or number of splits)
of each tree, and the minimum number of observations per terminal leaf of the tree. It
is evident that the bene ts of the GBM method come at the expense of the necessary
ne-tuning stages compared to for instance a linear model. These regression models

were created inRvia the h20 [158] software package.

4.2.3 Feature Engineering

Although high-resolution numerical models may be able to better approximate speci c
weather features, temporal and/or spatial displacement errors can in fact reduce their
skill compared to coarser global models that provide a smoother representation of the
same events. Figure 4.3 shows an example time series of the raw wind speed forecasts
versus the turbine anemometer measurements. Visually, it is clear that neither GRASP

or ECMWEF can perfectly predict the truth, although GRASP clearly shows a higher
and thus more realistic variability.

When regarding the Pearson correlation coe cient between the observations and
NWP forecasts in Table 4.1 (top row) it can be seen that the high frequency informa-
tion actually seems to disturb the forecast signal and that smoother forecasts are of
advantage. This observation raises the idea of temporally smoothing the forecasts to
obtain forecasts with the same underlying signal but with some of the (potentially dis-

turbing) high frequency information removed. This is most simply done by calculating

| GRASP  ECMWF
Raw 0.898 0.910

Smoothed 0.905 0.915

Table 4.1: Pearson correlation coe cient of raw and smoothed forecasts with wind
speed observations. For smoothing the moving average spans 500 minutes
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Figure 4.3: Example time series of raw wind speed forecasts from both NWP sources
versus the turbine anemometer measurement. The GRASP and ECMWF variables used
are the disk averaged and 70 metre wind speed respectively. Each of the 4 day-ahead
forecasts have di erent issue times, indicated by the jumps in wind speed predictions
around midnight each day

moving averages of the raw time series

1 X 4.10
M +1 Xy (4.10)
r=t M=2

Xt =

where M is an even number that controls the degree of smoothing. For this study, we
tested moving averages spanning time windows from 30 seconds to 16 hours. Although
high frequency information is disregarded, Table 4.1 (bottom row) shows that this
smoothing increases the correlation between the observations even in the ECMWF
model. The justi cation of smoothing in post-processing, even for ECMWF forecasts,

can be alternatively explained by the fact that the NWP global models resolve processes
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at resolutions that are less than that of the grid they are computed on. In addition,
high-resolution forecasts expose themselves to the risk of being doubly penalised when
predicting the right events, but slightly misplaced in time or in space. Smoothing
somewhat dampens this risk. It should be emphasised that the GRASP data retains
the high resolution spatial information and one example of spatial smoothing is retained
in the analysis and is de ned as the spatial average of all the disk averages wind speeds
in the wind farm.

Although average scores may be improved by smoothing the numerical forecasts,
the high frequency content still might contain some valuable information. Therefore,

moving variances are derived as

(Xr %)? (4.11)

which are used as supplementary engineered features to summarize the variability of
the forecast. Additionally, a separate strategy to exploit the higher frequency content
of the NWP signals is proposed based on a rolling Fast Fourier Transform (FFT). A
smoothed Power Spectral Density (PSD) estimate of the transformed signal is split into
a number of bands; the average, sum, range, and variance of the power in these bands
is used to inform the models. The rolling discrete Fourier transform of the time-series
centred on the windowM is de ned as
tHM=2
Xk = xpe 2M -k =0:1M 1 (4.12)

r=t M=2
at frequency domain point k. The corresponding rolling estimate of the PSD at this
point is

Puk = Mijxt;kj2 k=0;1;:M 1 (4.13)
and since the Fourier transform of this real valued data is symmetric, the bands which
are de ned to engineer features within a frequency range are split equally within the

M=2 range. The features retained in the nal models are then based on summary

statistics of Py.x within the highest frequency band which proved to be most informative.
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Other transformations could potentially better track the time-varying properties of the
time-series such as the Hilbert-Huang Transform [159], however for this proof of concept
study these aspects are reserved for future work.

Therefore, the modelling strategy can be summarised as follows: to use temporally
smoothed forecasts as the driving signal for the post-processed models and supplement
this with engineered features that inform the model with information on variability of
the NWP. As discussed, feature engineering has proven extremely successful in both
wind and solar energy forecasting [30{32]. However, the temporal smoothing properties
have not been explored explicitly, to the best of our knowledge, by single input models.
It should be noted that all of the engineered rolling features are calculated per issue
time of the forecast because of potential step changes in the variables across at this

point.

4.3 Results

The results of this case study are presented as rstly an analysis of the raw LES out-
put, following an exploratory analysis where a single turbine in the farm is selected
for post-processing with single input models to explicitly extract the value in smooth-
ing. Both wind speed and wind power post-processing are considered at this stage.
Next, additional features are added to the turbine power models to capitalize on the
high frequency content, before nally results for the wind farm level forecasting are
presented.

For the post-processing analysis, the data is partitioned into tuning and testing data
by 6 and 18 months blocks respectively, where the tuning data is used to improve the
GBM models. Out-of-sample forecasts are generated using 5-fold cross-validation on
the testing dataset with curtailment around the wind farm agged and removed from
the forecasting exercise. The de nition of prediction errore; = y; ¥ is the di erence
between the measuredy; and forecast valuey? Evaluation of the post-processed fore-
casts is then based on the Root Mean Square Error (RMSE) over the testing dataset
and the results are generally presented via boxplots showing the sampling distribu-

tion from bootstrap score averages. Bootstrap sampling can convey the distribution of
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the evaluation metric via sampling the errors with replacement, then calculating the
average error metric, and repeating the procesk (in this instance 100) times.

The power point forecasts generated by the GBM models are constructed to min-
imize the quadratic loss function in this study. Therefore, the models created will be
optimised for the mean squared error and this motivated the use of RMSE as the lead
measure of accuracy. Though other scores such as mean absolute error could also be
similarly reported, the results will not be optimised for the measure unless the models
were modi ed to carry out a median regression. Additionally, due to the wealth of

models tested in this case study the MAE results are omitted for brevity.

4.3.1 LES results

We rst present a number of quantities from the unprocessed LES output to verify
the implementation of the wind farm in the LES model set-up. Figure 4.4 shows the
yearly average power production per turbine from the observations and as forecast by
GRASP. For the turbines on the western and southern edge of the wind farm, the yearly
average production shows a good agreement between the model and the observations.
The deviation is roughly within a 20 kW range, which is 2% of the average yearly
production. Deeper inside the wind farm, GRASP underestimates the production, or,
equivalently, overestimates the wake e ects. This is also con rmed by an initial analysis
looking at the RMSE of the power as exported directly from the LES (results not shown

here) and forms another justi cation for statistical post-processing.

4.3.2 Exploratory Data Analysis

In order to reduce the dimensions of the problem, the following presents results of
forecasting for a single turbine in the farm, located at the north-east perimeter of the

farm in terms of both wind speed and power prediction performance. Here we have a
few parameters which require explanation: DA indicates the disk averaged wind speed
which is a weighted average of the closest LES grid point wind speeds over the rotor
disk plane, and DA-all is the spatial average of these disk averaged variables over all

the turbine locations.
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Figure 4.4: Yearly average power from observations (left) and forecast by the GRASP
LES model (right)

Single Input Models

To explicitly investigate the in uence of smoothing the wind speed forecast on both
wind power and wind speed forecasting single-input models are rst considered; a
separate model for each NWP wind speed forecast is trained against the measured
wind speed or power time-series.

Figure 4.5 shows the results for the wind speed post-processing case at 70m height
where 0.5 and 10 minutes indicates no smoothing for GRASP and ECMWF data respec-
tively. It should be noted that the ECMWEF is already linearly interpolated to match
the temporal resolution of the power measurements. The RMSE for the ECMWF is
generally much lower for wind speed across the smoothing window choices, apart from
the longest rolling window lengths of >900 minutes. For both models the optimal
smoothing window is around 400-500 minutes which is longer than the original tempo-
ral resolution of the ECMWF data and implies that smoothing can improve the forecast

accuracy of a post-processed model derived from both traditional NWP output as well
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(a) GRASP (b) ECMWF

Figure 4.5: Wind speed RMSE results with di erent smoothing windows at 70m height.
Forecasts were derived from a truncated linear regression model with di erent smoothed
forecasts as input. At this turbine, ECMWF gives more accurate wind speed forecasts
across all the smoothing windows

(a) GRASP (b) ECMWF

Figure 4.6: Wind power RMSE results with di erent smoothing windows. Forecasts
were derived from GBM models with smoothed wind speed input variables at 70m
height for ECMWF and the disk averaged wind speed (DA) for GRASP. At this turbine,
GRASP gives more accurate wind power forecasts across all the smoothing windows.
This is because GRASP gives superior wind speed forecastat regions key to wind
power prediction as shown on Figure 4.7a

as high-resolution LES output.

For wind power, shown in Figure 4.6, a similar pro le is found with some very
important distinctions; the GRASP based models give a lower error than ECMWF
across the smoothing windows, and the characteristic dip of the wind speed plots is

slightly shifted and not as pronounced. This suggests that from smoothing, the error
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(a) Wind speed with power curve (b) Wind power

Figure 4.7: RMSE of Whi e's GRASP model and ECMWF conditioned on 5 equally
populated observation bins with a 400 minute smoothing window and at a height of
70m. The shaded areas show the interquartile range from bootstrap score averages

improvements at the optimal smoothing window are out-with the below rated region of
the power curve because the non-linear e ect of the power curve would tend to amplify
improvements in this key region. However, for both NWP sources, smoothing NWP
forecasts for use in power forecasting does have a bene cial in uence at a window of
around 400 minutes.

The unusual di erence between the wind speed and wind power performance be-
tween the NWP sources is explained in Figure 4.7 which shows the performance of
four comparable models conditional on the wind speed and power measurements re-
spectively. All models compared here are using a smoothing window of 400 minutes
and at 70m height. At the key wind speed ranges for power prediction | the medium
range wind speeds | the GRASP post-processed model is more accurate. Due to the
in uence of the cut-in and rated regions of the turbine power curve, the larger wind
speed prediction errors of the GRASP model at the low and very-high wind speed
ranges respectively are negated in the power domain. It should be noted that wind
speed predictions could be improved at these regions by using (for instance) splines in
the regression, however this is out-with the scope of this preliminary analysis which is
mainly focused on wind power.

Looking at the performance in terms of the model height is also informative. Fig-

ure 4.8 shows that for wind speed forecasting the ECMWF gives the highest accuracy
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(a) GRASP (b) ECMWF

Figure 4.8: Wind speed RMSE at di erent model heights with a 500 minute smoothing
window. DA and DA-all are the disk average wind speed, and the wind farm spatial
average of the disk average wind speed respectively

(a) GRASP (b) ECMWF

Figure 4.9: Wind power RMSE at di erent model heights with a 400 minute smoothing
window. DA and DA-all are the disk average wind speed, and the wind farm spatial
average of the disk average wind speed respectively

at 50 metres, with broadly similar performance across the heights compared to GRASP;
it is important to emphasise that these additional ECMWF height elds are linearly
interpolated from the nearest available model heights, roughly 10m, 31m, 54m, 79m
and 107m. For the LES model there is a pronounced improvement around the hub
height of the turbine, which signals that there is more skill in the vertical pro le of the
LES compared to that of ECMWF. This is expected because the resolved wake e ects
are most prominent at hub height.

For power predictions over the di erent model heights, as shown in Figure 4.9, there
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(a) GRASP (b) ECMWF

Figure 4.10: Wind power RMSE where ECMWEF features are at 70m height and for
GRASP the disk averaged wind speed and wind direction at 70m are used for GRASP.
A is the raw NWP signal; B is the smoothed NWP signal over 400 minutesC is the
smoothed NWP and wind direction; D is the smoothed NWP, PSD features, and wind
direction; E is the smoothed NWP, rolling variance, and wind direction

is again a reversal of roles where GRASP gives much improved forecasts at four key
model heights. Notably, the disk averaged wind speed variable is the best predictor of
wind power. The wind farm spatial average of the disk averaged wind speed forecasts
is not the best predictor here, which suggests that for this particular turbine the high

spatial resolution is providing some bene t.

Improving the Power Forecast

Thus far, the analysis has essentially excluded the high temporal resolution content.
Including the proposed rolling variance and PSD band features aims to capitalize on
this available information. Figure 4.10 is the culmination of the exploratory analysis;
it shows the progression from the raw NWP forecast, to the smoothed signal, to the
smoothed forecast with wind direction, then including PSD band features, or nally
rolling variance variables. For GRASP, the forecast used is the disk averaged wind speed
and wind direction at 70 meters, and for ECMWF the speed and direction forecasts are
based at 70 meters. The smoothing and rolling window used for both is 400 minutes.
Although these single-input models have highlighted the in uence and value of

temporal smoothing, the errors can be clearly further reduced by incorporating wind
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direction and engineered features. As shown in Figure 4.10, incorporating wind direc-
tion into the model is valuable for the GRASP. For the ECMWEF forecasts, a more
signi cant improvement is observed when including wind direction. It is suggested
that could be due to some of the directional e ects of the farm, such as wake de cits,
are already resolved in the high resolution model, whereas for ECMWF these e ects
are obviously excluded. The plot also illustrates that incremental bene t is achievable
for GRASP and even ECMWEF using these PSD engineered features. However, using
the simpler rolling variance degrades performance across both cases. Overall at this
turbine, Figure 4.10 shows that accuracy improvements are achievable using the high
resolution LES data. Additionally, it is clear that to fully utilise the high resolution

temporal content of the signal more advanced models are required.

4.3.3 Wind Farm Power

Investigating the overall predictive skill, in terms of the wind farm power, can illustrate

the average performance of both source datasets. This section is based on an approach
whereby the wind farm power is modelled with the entire set of explanatory variables in
each case, and the inherent feature selection ability of the statistical learning technique
is relied upon to select the most relevant features. The three cases considered are
the separate GRASP and ECMWEF datasets with smoothing and features engineered
as shown previously, and nally a combined model with access to all available NWP
inputs and features.

The dimensionality of the data in these three cases are an issue however because
of the large pool of available information; for the combined case we have an input
feature space of 820 variables, due to the amount of features engineered at each tur-
bine. Although the boosting algorithm provides an inherent feature selection capability,
empirically it is found that a more rigorous selection and feature reduction stage can
improve model performance by making them more parsimonious [30].

The feature selection stage employed here involves tting a regularised GBM model
with all the available inputs and retaining only the features which have the highest

inuence. A second (and nal) model is then trained using these selected variables.
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Brie y, the variable in uence in this tree-based algorithm is based on the number of
times a variable is selected for splitting in the model tting, as well as the resulting
empirical reduction in the loss function as a result of these splits; the reader is referred to
[155] for more information. A complete list of the initial and reduced set of features can
be found in Appendix A. This process removes the in uence of unnecessary predictor
variables where no additional valuable information is available but may have been used
sparingly in the primary model training. Regularisation levers in the GBM framework
provide the necessary framework for this feature selection stage and have been compared
to other more familiar algorithms such as penalised regression [156].

Figure 4.11 shows the results of the wind farm forecasting case study. From this it is
clear that, even in this context, the high resolution data is competitive with ECMWF-.
However, the real value comes from using the information from both GRASP and the
standard ECMWEF forecast, which gives signi cant improvements in RMSE over both
single dataset models. This is understandable given that the model is selecting the
best of both worlds in terms of information content. Lastly, a feature selection stage is
clearly shown to improve the accuracy of the 3 models tested.

The key result of this study is in demonstrating that it is possible to obtain im-
provements in typical average error metrics using a combination of ultra-high resolution
NWP data, modern state-of-the-art regression techniques, and typical weather forecasts
available to commercial operators. The GRASP model clearly adds new information
via the spatial and temporal resolution which, combined with the regression technique
and feature engineering, leads to improved forecast skill. However, this is a proof-
of-concept study and further work is required to both maximise the value of the high
resolution data, and benchmark against di erent techniques; For instance, assessing the
value of using GRASP in a typical commercial forecasting system, with an ensemble of

established NWP sources. More future work avenues are elaborated in Section 4.4.

4.4 Conclusions & Future Work

The value in post-processing ultra high resolution weather forecasts for power prediction

has been demonstrated, by improving the accuracy of point forecasts at Horns Rev .
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(a) All available NWP variables (b) After feature selection

Figure 4.11: Wind farm power results

The case study evaluates the performance of wind speed and power forecasting at
a single turbine in the array to rst explore the dataset and then investigates the
performance of overall wind farm power prediction. These predictions are compared
against forecasts generated purely from the standard resolution ECMWF model.

The exploratory investigation uses single-input models to characterise the value in
temporal smoothing of both NWP sources which is shown to improve performance.
Generally, ECMWF proved to be better at prediction of wind speeds, and Whie's
LES model GRASP superior at power prediction at this single turbine. It is revealed
that this is due to the high resolution model providing more accurate wind speed
forecasts in the cubic region of the turbine power curve, which is expected because the
wake e ects resolved by the LES model are most prominent in this regime. Improving
the power forecast by including wind direction and engineered features to capitalise
on the high frequency content of the GRASP signals is investigated. Whilst wind
direction measurably improves both forecasts, further work is necessary to fully exploit
the temporal information in the LES model.

For wind farm power forecasting using information from both ECMWF and GRASP
proved to give signi cant increases in accuracy, especially with a feature selection stage,
compared to using information content solely from either single source, which are com-
parable to each other. This can be explained by the statistical learning techniqgue model

selecting the most relevant information content from a diverse pool.
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Moving from the standard ECMWEF forecast to the ultra-high resolution turbu-
lence resolving model represents a signi cant jump in resolution. For future work
looking to benchmark against all possible methods, it would be prudent to include a
comparison of a middle-ground between the two, and evaluate performance against a
mesoscale model [160, 161], typically used in commercial power forecasting systems.
Additional benchmark comparisons should certainly include direct comparisons with
ensemble members or an ensemble of weather prediction sources, however, it should
be noted that a robust numerical comparison in this context would necessarily require
inclusion of ultra-high resolution ensembles generated by the LES simulation. Such a
study would currently require signi cant computational power and time.

Another possible benchmark for future work is the Model Output Statistics (MOS)
method, which form the basis of the early wind power prediction tools [162]. As dis-
cussed in Chapter 2.2, conventional MOS techniques are di cult to apply to wind
power directly because of the non-linear power curve and bounded nature of the time
series [50]. However, it is particularly relevant to the wind speed forecasting aspect
of this work. Furthermore, wind speed predictions from such models could be used as
features for forecasting the power variable in a modern statistical learning framework.

In general, statistical post-processing is a common tool used in the wider weather
forecasting community; the goal is to remove systematic bias present in the global
NWP model for improved predictions at a speci c location [43]. This process is typ-
ically carried out using Model Output Statistics, mentioned previously, via multiple
linear regression [44], using historical NWP (of varying resolution and skill) and mete-
orological observations [45]. More recent applications include using machine learning
for the regression [46] with varying success, post-processing ensembles for site specic
calibration [47, 48], and using multiple forecast source information [28,49]. Conven-
tional post-processing techniques are di cult to apply to wind power directly because
of the non-linear power curve and bounded nature of the time series [50]; this motivates
the use of non-linear statistical learning technigues in this thesis.

In the context of this proof-of-concept study it is clear that it is possible to use

the high resolution data with machine learning post-processing models to improve on
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conventional wind farm forecasting by combining information content from GRASP
and ECMWEF. To realise further improvements in the LES wind forecasts, a number of
promising venues for future research include evaluating the in uence of the LES domain
size and the time-resolution of the NWP boundary conditions. The latter should be
updated to match the hourly resolution data recently made available from ECMWF
for commercial use. Furthermore, a probabilistic framework in which the LES model is
used to derive probability distributions of the forecast variables can have added value
for wind energy applications.

The high resolution LES weather model is shown to approximate much more closely
the underlying behaviour of the wind speed signal than the benchmark NWP. However,
the double penalisation of spatial and temporal errors mean that average error metrics
are perhaps not the best framework for evaluating these forecasts; event-based metrics
and applications in ramp forecasting of wind power could be very useful for optimally
leveraging the GRASP information content. Future work should consider this as well
as utilising the high spatial and temporal information in a modelling framework more
suitable to the data.

Engineered features such as the rolling variance which quantify the variability of
the signal could be more valuable in probabilistic forecasting for modelling the upper
and lower ends of the distribution via quantile regression [31,163]. Variability features
extracted from the power measurement time-series have also proven successful for very-
short term probabilistic forecasting, i.e. 15 minutes to 6 hours ahead [164]. Leveraging
temporal variability features extracted from the high resolution NWP then represents
a promising avenue for future work in terms of improving the skill of probabilistic
forecasts at extended lead times. A more in depth study focused on extracting value
from the temporal content of the wind forecast signal such as deep-learning [165],
instantaneous frequency transforms [159], or wavelet decomposition [166] techniques
should be explored. Finally, a hierarchical model where each turbine is used to generate
a consistent wind farm forecast could be an optimal way of using the high spatial content

of the data.
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Chapter 5

Leveraging Turbine-level Data
for Probabilistic Wind Power

Forecasting

Chapter based on:
Gilbert, C., Browell, J., & McMillan, D. (2019). Leveraging turbine-level data for im-
proved probabilistic wind power forecasting. IEEE Transactions on Sustainable Energy,

11(3), 1152-1160.

In the previous chapter, point forecasts of wind power were generated from a high
dimensional NWP feature space, and future work highlighted the possibility of us-
ing a hierarchical framework for the optimal use of the input data. This chapter de-
scribes two methods for creating improvedprobabilistic wind power forecasts through
the use of turbine-level data. Although standard resolution NWP data is used, high-
dimensionality is now present in the output variable space; the two methods scale by
the number of turbines present in the wind farm, although to a di erent extent.

The rst method proposed is a feature engineering approach, where deterministic
power forecasts for individual turbines are used as predictor variables when producing
non-parametric wind farm forecasts. This is a hierarchical method in the sense that

information from the turbine-level is used to supplement the available information set.
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However, forecast coherency, as discussed in Section 2.4.2 is not guaranteed. Therefore,
a second approach is proposed based on hierarchical coherency. In this second bottom-
up approach, density forecasts are produced for all turbines and the spatial dependence
between them is modelled in a copula framework to allow aggregation to the wind farm
level.

The turbine-level feature engineering method aims to improve the wind farm
forecast by generating new covariates from individual turbine data. Whereas the
bottom-up probabilistic method re ects the physical reality of the problem |
that the total wind farm power output is the sum of individual turbine generation
| and therefore have the added benet of coherency. The main contributions of this
chapter are the two proposed forecasting methods and their evaluation. We hypothesise
that leveraging information from the turbine-level will enable us to improve forecast
performance at the day-ahead lead times, particularly since modern utility scale wind
farms are often distributed over large areas of complex terrain and as a result, individ-
ual turbines can experience di erent conditions from one another at any given time.
The advantages of the proposed hierarchical method are improved accuracy and co-
herency between turbine-level and wind farm total, however the results suggest that
nature of the wind farm (terrain, layout, size, ...) has a bearing on the extent of this
improvement.

This chapter is organised as follows: Section 5.1 details the forecasting methods
and benchmark models, Section 5.2 describes the case study based on two utility scale
wind farms in the UK, Section 5.3 presents and evaluates the results, and conclusions
are drawn in Section 5.4. Supplementary information provides additional detail and

results in Appendix B.

5.1 Forecasting Methodology

This section covers the two tested methods for leveraging turbine level data, the bench-
mark models, and the statistical learning techniques employed. The entire forecasting
methodology is summarised in Figure 5.1, which details the training process, input

data, and output forecast of each model. The turbine level feature engineering model
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Figure 5.1: Flowchart illustration of the entire forecasting model training methodol-
ogy. Wind Farm Level Power Data and Turbine Level SCADA data are only required
for model training and evaluation. The only inputs required to produce operational
forecasts are Numerical Weather Predictions. TB indicates turbine, WF is wind farm,
Det. is deterministic, and Reg. is regression

is generated using quantile regression, where NWP predictions are supplemented with
additional features; these include deterministic forecasts of individual turbine genera-
tion and wind farm-level generation.

The bottom-up probabilistic method involves estimating the full multivariate pre-
dictive distribution of generation from all turbines. To this end, the marginal distribu-
tion of each turbine is determined via quantile regression and the spatial dependency
structure is modelled via a copula. The wind farm-level density forecast is then gener-
ated by sampling from the multivariate distribution and taking the empirical distribu-
tion of the aggregated turbine-level samples. The Gaussian copula with both empirical
and parametric covariance matrices is examined, due to its simplicity and successful
use in similar studies [69, 72,91]; vine copulas with a range of copula families are also
considered [92,99].

Explanatory variables x; common to both proposed methods and benchmarks are
derived from NWP wind speed and direction outputs at 10m and 100m. Features that
capture wind shear, veer, and phase errors in NWP are engineered inspired by [30,31].

Cubic spline basis functions are also included to capture diurnal bias in the NWP at the
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speci ¢ sites along the lines of [81]. Full details of all features are listed in Appendix B.
We use the GBM statistical learning technique to map the relationship between
the input features derived from the NWP and the target measured time series, i.e.
individual turbine or wind farm power measurements, as discussed in Section 4.2.2.
Turbine-level deterministic forecasts used as features in this study are produced by
GBMs t with a squared loss function, and density forecasts are produced using GBTs
via multiple quantile regression, with spline interpolation to estimate the predictive
CDF; knots are placed at each predicted quantile and the boundaries, 0 and nominal

power.

5.1.1 Benchmark Models

Two highly competitive benchmark models are implemented based on wind farm level
power measurements and input featurex; derived solely from NWPs. These features
include temporal averaging, shear and others; a full list is provided in Appendix B. The
rst benchmark is a wind farm-level GBT quantile regression model, WF(x ), and the
second is an Analog Ensemble methodAnEn , described below. These benchmarks
represent the state-of-the-art in wind power forecasting and were informed by [30,32,77]
in particular.

The Analog Ensemble is a non-parametric algorithm that ranks similarity between
the current forecast and a training dataset of historical forecasts with concurrent mea-
surements. Thek most similar concurrent measurements are used to construct an en-
semble, assumed to be equally likely, from which empirical quantiles can be extracted.
In this case, a mean GBM benchmark forecast is used as the explanatory variable and
the model searches for the most similar out-of-sample mean power forecasts in the
training dataset. The AnEn is also conditioned by lead time and the ranking metric
used is euclidean distance. This algorithm is similar to thek-Nearest-Neighbours re-
gression solution used in the second placed entry to the GEFCom2014 wind track [77].

For more information, the reader is referred to [78].
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5.1.2 Turbine-level Feature Engineering

Here, we present the method to engineer features based on individual wind turbines
to feed into the wind farm-level forecast. This approach comprises of two layers: in
the rst layer, deterministic forecasts for individual wind turbines and the wind farm

as a whole are produced; then in the second layer, density forecasts for the wind farm
are produced by quantile regression using features from both NWP and the rst layer.
The deterministic forecasts for individual wind turbines y;; are produced using the
same explanatory variablesx; as for direct wind farm-level forecasting benchmark.
These forecasts are combined via a weighted sum over dll turbines to produce the

deterministic wind farm forecast

X
Zt = Pivie + ¢ (5.1)
i=1

which completes the constitution of the supplementary feature set
xe P = [Xeyus Yoz (5.2)

The weights! are estimated via elastic net regression motivated by the necessity to reg-
ularise turbine forecasts because they are highly correlated. The weights are calculated
via

| =argmin iz Ylig+ @ )§JJ!JJ%+ it i (5.3)

where and are hyper parameters requiring tuning,Z and Y are matrices of vertically
stacked instances ofz; and y; [167]. The hyper parameter O 1 controls the
weighting of the two penalty terms, in e ect trading o between ridge (= 0) and
lasso ( = 1) regression. Total regularisation is controlled by 0. The optimal
values of and are determined through grid search andk-fold cross validation.

The nal wind farm level density forecast, WFT(x £Y7), is produced using quantile
regression in the same way as the benchmark model but with the expanded feature
set xtSUP. In order to re ne the forecast skill, a reduced feature set selected from

xPYP is used. This selection process involves tting a regularised GBM model with
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all the available inputs from x3UP, then selecting and retaining only the features that
have the greatest in uence. Briey, the variable in uence is based on the number
of times a variable is selected for splitting in the tree-ensemble model tting, as well
as the resulting empirical reduction in the loss function as a result of these splits; the
reader is referred to [155] for more information. This additional selection stage removes
super uous predictors which provide no additional information and only deteriorate
forecast performance. The nal variables retained in each model, and their relative
importance, can be found in Appendix B. Low shrinkage and interaction depth hyper-
parameter choices for the GBT algorithm provide a degree of regularisation and feature

selection from which the dimensions of the problem can be reduced substantially [156].

5.1.3 Bottom-Up Probabilistic Method

Here, we propose a novel approach to forecast the power from the wind farm by es
timating the joint predictive distribution of production from all wind turbines in the
farm in a copula framework. The marginals of the copula comprise of density forecasts
which are produced for each turbine using quantile regression and spline interpolation
from the collection of quantiles. A range of copula functions are explored.

Let the random variable Y; denote the wind power generation at thei" turbine, and
yi the corresponding realisation (time indices are dropped to avoid notational clutter).

The predictive CDF of the i!" turbine is

Filyi)= P(Yi i) (5.4)

fori =1;2;::D turbines. Sklar's theorem [168] states that for anyD -dimensional cu-
mulative distribution F () with continuous marginals Fj( ) there exists a unique copula

function C( ) such that

F(y1;y2;5yYp) = C(Fu(y1);Fa(y2): s Fo(yp)) (5.5)

which separates the marginal distributions and dependency structures between the

marginals. This is useful because it decouples the problem into two constituent parts:
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1) estimating the marginal distributions for each turbine, and 2) estimating the depen-
dence structure via a copula function. Note that the copula function links uniformly
distributed marginals u; = Fi(y;) and therefore the calibration of the density fore-
casts that form the marginal distributions is critical. Equation 5.5 can be alternatively
written as

C(ug;up;sup) = FOFy Hug); Fy Huz); i Fp Hup) (5.6)

where F; () is the inverse of the marginal distribution F;( ). Therefore, via sampling
from the multivariate copula, pseudo-observations can be back transformed into the
original domain to produce spatial scenario forecasts of power generation [91]. Next we

introduce a range of options for the copula function.

Gaussian Copula

The Gaussian copula is given by

C(Fi(y1);Fa(y2); 5 Fpo(yp)) =
YFiv)):  MFa(y2))inn YFo(yp))  (B.7)

where  1() indicates the inverse standard normal distribution function and () the
D -dimensional normal distribution function with covariance matrix and zero mean.
In this context, the covariance matrix encodes the spatial dependence structure for the
D -turbines which illustrates one of the reasons why the Gaussian copula is so popular:
the dependency structure is characterised by a single covariance matrix. It should be
noted that vi = 1 (Fi(y;)) constitutes the transformation of the uniformly distributed
marginals into the Gaussian domain wherev; N (0;1). Therefore, we can estimate
the copula by calculating the sample covariance matrix for the transformed normally
distributed variables.

Using this framework, it is simple to sample from the multivariate distribution and
generate D -spatial scenarios of the future generation. Each of the samples are back-

transformed & = (*v;), and then transformed into the original power domain using
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the inverse CDF for the it turbine
% = F H(00) (5.8)

which are summed over theD -turbines to give a snapshot of the wind farm forecast
generation 7} for aj™ out of K ordered samplesj = 1;2;::;K. Using the empir-
ical distribution function the wind farm forecast with the correct underlying spatial

dependence structures is nally given by

1 X

K,

F(z) = 1% 2) : (5.9)
We refer to this approach (based on the empirical covariance matrix) asEGCop in
the proceeding text. From observing the often noisy empirical covariance estimates in
this and other studies based on temporal scenarios forecasting [72,91], we also consider
a parametric exponential covariance structure {PGCop . This approach has shown to
be e ective in increasing forecast skill by smoothing the empirical covariance matrix.

The parametric spatial covariance between two turbines is

ij =cov(Vi;Vj)=exp

(5.10)

where s is the spatial distance between turbinesi and j in kilometres which are
extracted from a distance matrix, and the parameter is found using using empiri-
cal covariance and distance information; the lower triangle, including the on-diagonal
terms, are extracted from the empirical matrix and distance matrix and the coe cient
estimation is formulated as a non-linear least squares regression problem, where the
coe cients are found by numerical optimisation. The parametric covariance matrix is
then constructed using the full spatial distance matrix between the turbines and the

coe cient estimate.
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Copula Vine

The vine copula, VCop , is a series of bivariate copulas in which a di erent distribution
family may be used for each pair. This allows for more complex dependency structures
with asymmetry and tail dependencies to be captured, at the expense of added compu-
tational cost compared to the Gaussian method. This exibility has encouraged recent
studies considering vine copulas in the wind power forecasting context [92,99]. The vine
method works by factorising the D -dimensional density into the d(d 1)=2 product of
bivariate copulas where each pair copula is estimated via maximum likelihood from a
set of distribution families (Gumbel, Gaussian, Student-t etc.). The optimal family for
each pair-copula is chosen by minimisation of the Akaike Information Criteria (AIC).

The implementation here follows [92] and for more detail please refer to [169].

5.2 Case Study

The proposed methodologies and benchmarks are tested on two large UK wind farms,
Wind Farm A (128MW capacity, 56 turbines) and Wind Farm B (7OMW capacity,
35 turbines), which cover an area of approximately 20km and 15kn? respectively.
Training and testing data are partitioned at Wind Farm A into 12 and 4 month blocks
respectively and at Wind Farm B 15 and 6 month blocks, due to di erences in data
availability. The test dataset covers the months of December to March for Wind Farm
A and April to September for Wind Farm B. Both test periods contain periods of high,
low, and variable wind speed, and results based on the shortest test dataset (Wind Farm
A) covers the most challenging period for forecasters. An example density forecast at
Wind Farm A using the parametric copula method is shown in Figure 5.2.

Generation data from individual turbine SCADA systems and the wind farm power
export meter are used at 30-minute resolution with instances of curtailment agged
and excluded from the forecasting exercise. Data is also adjusted for availability so the
impact of outages on evaluation results is minimised. NWP data from the European
Centre for Medium-Range Weather Forecasts is extracted at the closest grid point to

each wind farm from O to 48 hours ahead in hourly intervals, with 2 issue times per
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Figure 5.2: Example density forecast using the parametric Gaussian copula approach
at Wind Farm A

day. Linear interpolation is used to match the resolution of the hourly forecasts and
half hourly power data. The methodologies described are implemented iR using the

packagesgimnet, VineCopula, kknn, and gbm[170{173].

5.3 Results

The hyper-parameters of the GBT and AnEn models considered here are tuned in
order to minimise CRPS, subject to reliability. However, it is bene cial to tune hyper-
parameters for di erent quantiles separately. Here, we produce 19 GBT models for
qguantiles from 0.05 to 0.95 in steps of 0.05. To minimise the burden of hyper-parameter
selection, only hyper-parameters for the 0.05, 0.3, 0.5, 0.7, and 0.95 quantiles are opti-
mised and then used for neighbouring quantiles. The shrinkage and tree depth hyper-
parameters are selected using-fold cross validation and a grid search of the parameter

space on the training data. The number of trees is kept constant at 500, as is the
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minimum number of observations in each terminal node at 30, and the bag fraction at
75%. For the AnEn benchmark, the number of members in the ensemble is selected by
minimising the CRPS on the training data via k-fold cross validation.

For VCop, C-vine and R-vine structures were both tested. The C-vine, which uses
a star shaped con guration for each tree in the vine to connect the bivariate copulas,
consistently provided lower error metrics than the R-vine structure, so only results
from that structure are detailed here for brevity. The reason for this di erence could
be that the R-vines, which are a hybrid of the star-shaped (C-vine) and simple path-
shaped (D-vine) dependency [169], are simply too complex and over-parameterised.
The performance of the parametric covariance model, elaborated below, supports the
suitability of simpler and regularised dependency structures. However, vine-copula
models are not the sole-focus of this chapter and more work is needed to verify the
reason for the di erence in skill between the vine structures. Each bivariate copula is
selected using the AIC on the training data and then used to produce forecasts on the
test data. Full details of copula family selections are given in Appendix B.

At Wind Farm A, all of the proposed methods show improvements over the two
benchmarks across all lead times. The CRPS and improvement over benchmark metrics
at Wind Farm A are detailed in Table 5.1. The feature engineering method reduces
CRPS by 3.95% and 5.46% compared to direct wind farm-level forecasting using WE()
and AnEn respectively. The only di erence between the WF(x;) benchmark and this
method is the incorporation of features derived from turbine-level information. The
copula-based methods also consistently outperform the benchmarks, and the Gaussian
copula with parametric covariance matrix give the best performance of all models across
all lead-times with reductions of 5.01% and 6.50% over WFX;) and AnEn respectively.

The calibration plots in Figure 5.3 reveal that the turbine-level feature engineering
and copula methods also marginally improve the reliability of the forecast compared
to the WF(x¢) benchmark, and that these methods are all well calibrated, indicating
that reductions in CRPS are mainly due to increased sharpness.

At Wind Farm B, as detailed in Table 5.2, all proposed methods outperform the

benchmarks, though to a lesser extent than Wind Farm A. Unlike Wind Farm A, the
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(a) Quantile bias (b) Reliability of selected methods

Figure 5.3: Wind Farm A calibration plots

feature engineering approach provides the greatest improvement reducing CRPS by
1.24% and 2.39% compared to the WF{;) and AnEn benchmarks respectively. This
improvement is also consistent across lead-times. The quantile bias plots, shown in
Figure 5.4a, illustrate that the model calibration is slightly diminished when compared
to the WF( x{) benchmark from the 15th-60th percentile, but otherwise provides im-
provement outside this range. The reliability diagram in Figure 5.4b reveals that the
proposed models are well calibrated and that variations between the models are small.
Bootstrapping [139] is used here to estimate the uncertainty of evaluation results.
The CRPS values from the test datasets are re-sampled with replacement (number
of samples equal to the size of the test dataset) and averaged 1000 times in order to
estimate the sampling variation of the average scores in Tables 5.1 and 5.2. The results
of this process are presented via boxplots in Figure 5.5 and show that improvement in

CRPS compared to benchmarks is pronounced at both sites.
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(a) Quantile bias (b) Reliability of selected methods

Figure 5.4: Wind Farm B calibration plots

Comparing the copula methods at both wind farms, the Gaussian copula with para-
metric covariance matrix produces forecasts with lower CRPS and superior calibration,
supporting parametrisation of the covariance matrix to produce a smooth spatial de-
pendency structure. The more detailed and exible dependency structure of the copula
vine does not lead to further improvements in the forecast skill, and neither does the
Gaussian copula with empirical covariance suggesting that both of these models are
over parametrised given the volume of training data. The calibration of the vine cop-
ula in particular is poor compared to the WF(x;) benchmark, which is again re ective
of this over- tting issue.

The regular layout of turbines at Wind Farm B is evident in the covariance matrix
for that wind farm, shown in Figure 5.6 and the layout of the farm can be found in
Appendix B. The block pattern is consistent with the evenly spaced rows of turbines.

The covariance is relatively high across the wind farm with only 6% of values below

86



Chapter 5. Leveraging Turbine-level Data for Probabilistic Wind Power Forecasting

(&) Wind Farm A (b) Wind Farm B

Figure 5.5: Boxplots showing the bootstrap sample distributions of mean CRPS for the
best benchmark and proposed model at both wind farms

0.7, which implies that there is little information to be gained by considering individual
turbines as forecast errors are very similar across the site. At Wind Farm A, as shown
in Figure 5.7, the covariance structure is more complex because of the wind farm's
irregular layout and terrain; covariance is high within small areas of the wind farm but
weak between regions.

Deterministic forecast performance is summarised in Table 5.3. The median (p50
in Figure 5.2) of each predictive distribution is taken as the deterministic forecast and
evaluated in terms of Mean Absolute Error. As expected, the behaviour of the results
is very similar to the probabilistic case; at Wind Farm B, which is characterised by
a relatively simple layout and terrain, a modest improvement in forecast accuracy is
achieved by using turbine level information, whereas at Wind Farm A the paramet-

ric Gaussian Copula results in a signi cant improvement over the benchmark models.
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Figure 5.6: Parametric covariance matrix at Wind Farm B

Performance evaluations separated by forecast lead time and in terms of Root Mean
Square Error are available in Appendix B.

One feature of the bottom-up probabilistic method is the extended computational
time required to train all the models. In this study, with a desktop computer (8
virtual cores, 3.6GHz CPU, 16GB RAM) it takes approximately 10.5 minutes to t the
required 19 quantile regression models using parallelization. This is the length of the
model training phase for the WF(x;) benchmark. The feature engineering method will
take 10.5 minutes plus an additional 3.5 minutes multiplied by the number of turbines.
The bottom-up hierarchical method training duration is 10.5 minutes multiplied by the
number of turbines. However, signi cant additional time is required to determine the
vine copula structure. Operationally the time required to issue a forecast is negligible
for all but the VCop method and re-training models would be required infrequently.

The case study results indicate that turbine-level data can be leveraged to improve
forecast skill, although the characteristics of the wind farm also have a bearing on the

performance of the di erent methods. At a site with simple layout where the response
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(a) Covariance matrix

(b) Partial covariance of turbine 32 [2]

Figure 5.7: Parametric covariance plots at Wind Farm A. Note that the latitude and
longitude scales of (b) are indicative
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Table 5.3: Deterministic forecast performance based on the median (p50) of each pre-
dictive distribution | % indicates improvement compared to speci ed benchmark
[MAE as % of max power]

Model Wind Farm A Wind Farm B

MAE % WF( x;) % AnEn MAE % WF( X{) % AnEn
WF(x¢) [30] | 9.69 { { 11.39 { {
AnEn [78] 9.88 { { 11.49 { {
WFT(x$YP) || 9.27 4.25 6.09 11.21 1.61 2.41
EGcop 9.16 5.47 7.28 11.26 1.12 1.92
PGcop 9.11 5.92 7.72 11.26 1.12 1.92
Vcop 9.19 5.09 6.92 11.27 1.09 1.90

of all turbines to the weather is similar, and therefore forecast errors are similar, only
a modest improvement in forecast skill is realised by considering turbine-level informa-
tion. In this situation there is no advantage in modelling the full spatial dependency
structure between forecast errors at individual wind turbines; it is su cient to sup-
plement a conventional forecasting method with turbine-level features. However, at a
complex site modelling the spatial covariance structure provides greater improvement
| 5% greater in this case study | than feature engineering alone.

Importantly, these improvements come at very low cost. Turbine-level SCADA data
is routinely collected and stored by operators, and only modest computational power
is required to realise the bene ts of the methods proposed here. Furthermore, turbine-
level data is only required for training, not in real-time operation, so there is no need
for new communications or data feeds, and third party forecast providers could enhance
their forecasts for individual wind farms with a static dataset of historic turbine-level
data. Importantly, the proposed framework is not constrained to GBTs as these can

be readily substituted with any other method of producing density forecasts.

5.4 Conclusions & Future Work

Turbine-level data provides valuable information about how a wind farm responds to
di erent weather conditions, and the nature of forecast errors, which is not accessible
when only considering a wind farm's total power production. Two methods for im-

proving wind power forecasting by leveraging data from individual wind turbines are
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evaluated. The rst is a feature engineering approach whereby deterministic forecasts
for individual turbines are aggregated and used as supplementary input variables to a
conventional wind farm-level model. The second is a novel bottom-up probabilistic ap-
proach which forecasts the joint predictive distribution of generation from all turbines
in a copula framework, which is then used to produce a wind farm-level forecast.

Both methods are shown to increase forecast skill compared to two highly com-
petitive benchmarks, particularly at the site with complex terrain. At Wind Farm A,
the Gaussian copula method with parametric covariance matrix reduces CRPS by 5%
compared to the best performing benchmark while the feature engineering approach
provides a 4% improvement. At Wind Farm B, both methods improve forecast skill by
approximately 1%. These improvements come at almost no cost as turbine-level data is
routinely recorded by SCADA systems and this data is only required for training fore-
cast models; no additional communications or data ows are required operationally.
Therefore, both utilities producing in-house power forecasts and third party forecast
providers could enhance their forecast performance using a static dataset of turbine-
level data.

Future work should explore the benets of turbine-level data in spatio-temporal
forecasting and the dynamic evolution of covariance structures. For example, Pinson
et al. [69] propose an adaptive update scheme to track slow changes in temporal co-
variance, but fast changes require dependency structures to be conditional on suitable
explanatory variables or regimes. The turbine level probabilistic forecasts would also
bene t from a time-adaptive model which would enable better tracking of adjustments
in the power curves; this could be achieved by regular re-training of the multiple quan-
tile regression models in a rolling window style framework or via an online update
methodology [174]. The latter would require a stream of operational data which could
be very valuable, however would present di erent challenges such as dealing with miss-
ing or poor quality data in real-time; the very-short term forecasting literature provide

potential avenues to address this challenge [175].
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Chapter 6

Probabilistic Access Forecasting

for Improved O shore Operations

Chapter based on:
Gilbert, C., Browell, J., & McMillan, D. (2021). Probabilistic access forecasting for

improved o shore operations. International Journal of Forecasting, 37(1), 134-150.

In the previous chapter we introduced copulas in a hierarchical wind power forecast-
ing framework to generate a multivariate spatial distribution. Here, we instead focus
on temporal correlations of forecast errors in the pursuit of statistical scenario forecasts
for a di erent application: o shore access forecasting. This chapter involved modelling
a high dimensional input feature space via feature engineering for the marginal fore-
casts, as well as high dimensional multivariate distribution for generating temporal
scenario forecasts. Improving access is a priority in the o shore wind sector, driven by
the opportunity to increase revenues, reduce costs, and improve safety at operational
wind farms. This chapter describes a novel methodology for producing probabilistic
forecasts of safety-critical access conditions during crew transfers.

As discussed in Section 2.4.4, access prediction is an emerging application in energy
forecasting. This is because operators are looking to improve safety around the transfer
decisions, and the industry-wide drive to operate more e ciently. The ability to access

turbines is dominated by the local wave climate, and sea-state forecasting plays a major
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role in the current scheduling practices in o shore wind, which is typically based on
deterministic forecasts of signi cant wave height.

The contribution of this chapter is in providing an end-to-end framework for gen-
erating access forecasts based on vessel monition during transfer up to 5 days ahead,
including quantifying the uncertainty due to weather conditions. To this end, a method
is developed to produce probabilistic forecasts of signi cant wave height and peak wave
period using statistical post-processing of NWP. Temporal and cross-variable depen-
dency is modelled in a copula setting to generate scenario forecasts. These are converted
to vessel speci c forecasts using a data-driven vessel motion model which captures the
displacement of the vessel during transfer. An option for transformation of the vessel
motion forecast into an "access score' is also presented. This score enables simple visual-
isation and communication of uncertainty information for decision-makers. A owchart
summarising the entire modelling chain in both training and operation phases is shown
in Figure 6.1.

This chapter is organised as follows: Section 6.1 covers some background on main-

Figure 6.1: Flowchart of the modelling chain in operation and training
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tenance access and the metocean environment, Section 6.2 details the forecast post-
processing method, Section 6.3 describes the data driven vessel motion model, followed
by Section 6.4 where results are presented and discussed for a UK o shore wind farm.

Future work is outlined and conclusions are drawn in Section 6.5.

6.1 Access in the O shore Environment

Typically, vessel dispatch is managed by a marine coordinator in a control room at
the operations base. This work aims to innovate in the decision space where coordi-
nators makes the scheduling/dispatch decision depending on the weather forecast, any
available live measurements, accrued experience of the site, and the list of work orders.
This schedule is typically made rst thing in the morning and then updated at night for
the next day accounting for the completed work, any new tasks, and updated weather
forecasts. As the day progresses the marine coordinator has to deal will deviations as a
result of turbine inaccessibility, technician sea-sickness, or delays; these rst two issues
are clearly partly due to metocean forecast errors. Innovations in probabilistic access
forecasting are then useful for both marine coordinators and schedulers.

Crew transfer referrers to the process of transferring an individual from a vessel to
an o shore structure. In the o shore wind industry, it is routine practice for techni-
cians to transfer from dedicated Crew Transfer Vessel (CTV) to a wind turbine via a
specially designed ladder which the CTV pushes up against. CTVs are equipped with
a rubber fender shaped to t the ladder, and the vessels propulsion system is used to
create friction between the fender and the ladder in order to stabilize the vessel. Once
stable, the crew member may proceed with the transfer and climb the ladder to the
wind turbine. Safety is paramount in this dangerous environment and the individual
transferring, the vessel master, and marine coordinator all have the power to stop op-
erations if they are deemed unsafe. In contrast, it is common for contractual levers
to be in place between asset owners and operators specifying a signi cant wave height
threshold below which CTVs are expected to attempt transfers [176].

In order to plan and execute maintenance operations, including crew transfer, fore-

casts of the sea state are then required. In practice, these typically comprise of signi -
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cant wave height at 1- or 3-hour intervals for a single location in space, representative
of the wind farm, for the next 48 hours. In this work three crucial environmental
factors for access quality are forecast: signi cant wave height, peak wave period, and
peak wave direction at 1 hour intervals up to 5 days ahead. The spatial resolution
is for a single location in space representative of the wind farm. Other factors, such
as lightning risk and visibility, are reserved for future work, as well as incorporating

information from wave spectra.

6.2 Sea State Forecasting Methodology

Here, the method for generating scenarios of signi cant wave height and peak wave
period are detailed. The method for post-processing wave direction for the vessel motion
model is also described. The NWP outputs used here include signi cant wave height,
peak wave period, and mean wave direction. It is common practice in contemporary
regression models to engineer additional features and use cross-validation for algorithm-
speci ¢ parameter tuning. For example, the NWP error characteristics suggest that
including leading and lagged lead-times will be bene cial.

We also consider rolling averages, rolling variances, diurnal, and seasonal e ects.
However, the signi cantly increased dimensions of the input space necessitates feature
selection techniques and/or regularisation, which is discussed in the proceeding sections.
All engineered temporal features are calculated per issue time. A full list of features

used in each model can be found in Appendix C.

6.2.1 Parametric & Non-Parametric Regression

Three methods are considered for producing density forecasts of signi cant wave height
or peak wave period. All are based on post-processing NWP, i.e. learning the rela-
tionship between historical observations and concurrent weather predictions. One non-
parametric and two parametric density forecasting methods are compared. Parametric
techniques assume that the predictive distribution follows a parametric distribution

and the forecasting task is to predict the parameters of that distribution, whereas
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non-parametric techniqgues make no assumptions of this sort. Here, gradient boosting
machines are used for quantile regression, and two variations of generalised additive
models for location, scale, and shape are used to produce parametric density forecasts,

which are made distinct by the method of model tting.

Gradient Boosting Machines

The use of gradient boosting machines, discussed in Section 4.2.2, as a statistical learn-
ing technique is motivated by the success of this algorithm in the energy forecasting
arena [30,31]. The predictive distribution is constructed for each variable and lead-time
from multiple quantile forecasts (probability levels: 0.01, 0.05, 0.1,..., 0.95, 0.99) using
cubic spline interpolation with knots at each predicted quantile and xed boundaries
at zero and the maximum value observed in the training data. Monotone cubic spline
interpolation is used to guarantee a valid Cumulative Distribution Function (CDF) at
each lead time [177]. An example predictive CDF of signi cant wave height for a single
lead time is shown in Figure 6.2 using the multiple quantiles and spline interpolation
method, as well as a parametric predictive CDF which is discussed in the following
section.

Modelling extreme quantiles, those in the tails of the predictive distribution, is
challenging due to high estimation error of quantile regression at the extremes and
motivates the use of extreme value theory (e.g. Pareto-type tails) and parametric
methods. Here we found negligible di erence between the described approach and use of
Generalised Pareto tails in terms of calibration, which require an additional parameter
to be estimated and does not remove the need to impose boundaries. Further work is
necessary to generate sharp and calibrated non-parametric models for the tail of the
distribution of metocean variables, which may well be more suited to sites with di erent
tail characteristics than the case study considered here. Recent advances in wind power

forecasting provide a suitable starting point for such analysis [178].
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Figure 6.2: Example predictive CDF for signi cant wave height at a single lead time,
based on either multiple quantile regression or distributional regression. In the latter,
the conditional distribution family is the Generalised Beta Prime

Generalised Additive Models for Location, Scale, and Shape

Since the main objective of the sea-state forecasting stage is to produce scenario fore-
casts, parametric regression models are considered because the tails of the distribution
are well de ned compared to quantile regression, where tails require special treatment.
The tails of the distribution have a large impact on dependency structure estimation and
scenario forecast production. Additionally, the full distribution is described by fewer
parameters. To this end, two variations of generalised additive models for location,
scale, and shape are used. One uses maximum likelihood to optimise the model t and
the other uses boosting; these are termed thgamlss [179] andgamboostLSS180, 181]
models respectively. The use of boosting in this case is employed to allow for the use
of feature engineering as discussed above.

Gamlssmodels are termed “semi-parametric' models, because a parametric distri-
bution is assumed for the target variable and the parameters of that distribution may

include non-parametric smoothing functions of explanatory variables | this should not
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be confused with non-parametric probabilistic forecasts in the form of quantiles. This
framework is an extension of the more familiar generalised additive models [156] in that
any parameter of the distribution can be a function of the explanatory variables, not

just the conditional mean.

If we have observationsy, in this case signi cant wave height or peak wave period,
the conditional density typically f4(yj ) depends on up to four parameters; these are
the location ( 1), scale ( 2), and shape parameters (3; 4). Distributions with less than
four parameters are supported. Note that the time index of the observation from the

above is dropped to avoid notational clutter. So, an additive regression predictor |

N; explanatory variables in the sub-model for ;, and g;(:) the link function, then the

model formulation of gamlss is
g(i)= = o+ fn,(Xin); =114 (6.1)

where the function f,, ; is the e ect of explanatory variable n on the distribution pa-

rameter ;. This can be linear or non-linear e ects such as penalised splines;q , are
the intercepts of each sub-model. Typically, these models are tted iteratively using a
combination of maximum likelihood, transformation of distribution parameters  using
the inverse link function, and successive back- tting of the predictor functions in each
sub-model | [179].

However, whenx; becomes large, feature selection procedures should be carried
out to avoid over- tting and the computational expense of repeated model estimation
for feature selection can increase signi cantly. Model tting based on component-wise
gradient boosting is an attractive solution to this problem [181]. Formally, given y;
observations and ; additive predictors of the four sub-models, thegamboostLSH180,
181] algorithm minimises the loss functionL () i.e the negative log likelihood

1 X 1 X

T L(Yt; 160 ot st 4t):? Liyt; o) (6.2)
t=1 t=1
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Similarly to the gamlss model, for each distribution parameter a set of base learners
hin () (penalised splines, cyclical splines, linear e ects etc.) are specied for each
explanatory variable, and the model formula can be di erent for each predictor. Where

L () is di erentiable, the vector of the negative gradient r; is de ned as

([moy_ @y o) 6.3)

|
@i t=1;:5T

Am 1 are the current estimates of the

where the boosting iteration ism and ; =
additive predictors. To begin the algorithm, additive predictors ’\[?] are initialised with
o set values. The base learnersh;., () are t to this negative gradient and only the best
base learner(n ), according to the least squares error, is used to update the additive
predictor

Am Az Al Dy hn ) (6.4)

where is a shrinkage parameter, or step-length, which is included for regularisation.
The additive predictor "['i“] is then set equal to ’{rin Y and the process is repeated for
the remaining parameters in this boosting iteration. Following this, the boosting
process is repeated until the user speciedn = mgyp is reached. Therefore k-fold
cross-validation is used in this case to tune the total number of boosting iterations and
the value of the shrinkage term. This process is known as component-wise gradient
boosting, enabling an intrinsic feature selection capability (as some features are never
the best learnern and therefore do not form part of the model), which performs well
with high dimensional input data.

For both parametric additive models explored, the selection of the base learner is
important, and types of learners available are very similar. Taking the gamlboostLSS
model notation, the typical base learnerh;, () speci cation in this case is a penalised
B-spline (i.e. the p-spline), with cyclical splines used for direction variables, and a
bivariate p-spline for the seasonal terms | time-of-day and day-of-year | to include

the smooth interaction of these variables. Taking the most commonly used base learner
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as an example, the p-spline is de ned as

hﬁf(xi;n) = X axB(Xin) (6.5)
k=1
where the kth B-spline basis function isBk(Xin), and ax are the associated spline
coe cients. The coe cients are estimated with penalisation to enforce a degree of
smoothness to the t [182]. The exact method of penalised coe cient estimation varies
across the two implementations tested here; thegamboosLSSmplementation is ex-
panded by [183], with information on the constrained cases, such as circular variables.
Various penalised spline implementations are explored and compared by [184], along
with details on the gamlss procedure. For a full description of each model formulation
used in the entire analysis, the readers are refereed to the supplementary material.

A key component of distributional regression is choosing an appropriate conditional
distribution family for the target variable. In the case of wave height and period re-
gression the distribution should support values on the positive real line. A number of
candidate families meeting this criteria are tested and the best performing candidate
identi ed by evaluating resulting forecasts in a cross-validation exercise. An exam-
ple predictive CDF of signi cant wave height using a candidate distribution family is
shown in Figure 6.2 for a single lead time, and an example density forecast is shown in

Figure 6.3a.

Benchmark Models

Two benchmark methods are included as both a “naive' and “smart' comparison. In
both cases the target variable is related to a corresponding single input from the NWP
source, e.g. signi cant wave height to signi cant wave height, and the target variable is
assumed to follow a Gamma distribution, as this was found to be a competitive model
during exploratory analysis and in related work [185]. These models are implemented
in gamiss, in which the variance of the distribution is also in uenced by the mean due
to the parameterization. Therefore, the shape of the distribution is not constant and

both models are very competitive. The naive benchmark is a generalised linear model
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(a) Density Forecast (b) Scenario Forecast

Figure 6.3: Example probabilistic forecasts of signicant wave height using
gamboostLSSparametric regression. In 6.3a the intervals plotted cover speci ed prob-
ability level ranges, e.g. the 90%int. is the 5% | 95% quantile range

with a single linear base learner, this is termed thebenchmark | gim . The second
benchmark is a simple generalised additive model with a single penalised spline as the

base learner, termedbenchmark | gam .

6.2.2 Scenario Forecasting

Where probabilistic forecasts are used for multi-temporal decision making, scenario
forecasts are required [36]. Here, the Gaussian copula, introduced in Section 5.1.3, is
used although the marginals of the copula are now density forecasts separated by lead
time, i.e. this is now temporal dependency rather than spatial. An example scenario
forecast of signi cant wave height based on this technique is shown in Figure 6.3b,
where the temporal scenarios are those de ned in Equation 5.8.

Here three con gurations of the dependency are tested: 1)ndependence| the
benchmark where no temporal correlation is embedded in the high dimensional depen-
dence, 2)Linked | the full temporal inter-dependency between signi cant wave height
and peak wave period is modelled across the lead times, and 3gmporal | the depen-
dency is modelled for each variable separately across the forecast lead times. Tlieked
case is motivated by the idea that the uncertainty is linked between the variables, be-
cause they are summary statistics from the same source wave spectrum forecast; again

the cross-variable dependency matrix is simply estimated using the sample covariance
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matrix of the transformed normally distributed variables.

6.2.3 Wave Direction Regimes: Clustering & Logistic Regression

Wave direction can have a signi cant impact on vessel motion and on the characteris-
tics of NWP errors, particularly if wave direction is associated with di erent physical
processes. This section describes the wave direction post-processing strategy. For the
purpose of the vessel motion model, a small number of distinct directional regimes are
considered rather than incorporating direction as a continuous variable.

Peak wave direction is incorporated by rst clustering the wave buoy measurements
into two distinct regimes, motivated by the fact that the wave climate at the case study
location is dominated by locally driven wind waves or waves from the swell, though
this technique could easily be extended to wave climates with more than two distinct
regimes. Logistic regression is then used with NWP to predict the cluster membership
at any forecast lead time. Therefore, wave direction prediction is simplied into a
straightforward classi cation problem. Note, here we are using a forecasting model to
predict regime membership based on a clustering model. Alternatively, it is possible
to directly use distance metrics from the NWP forecasts as they become available and
the cluster centres based on the buoy measurements. However, this would not account
for biases present between the site measurements and NWP forecasts. Comparing this
alternative approach is reserved for future work.

To cluster the measured variables, we de ne the input spacez; = (! p; Tp,; Hs,),
where the three environmental factors are peak wave direction, peak wave period, and
signi cant wave height respectively. The k-means clustering algorithm is used to de ne
the two regimes [156]. This algorithm generates disjoint regiondRy that collectively
cover the input space spanned byz;. Note that all input variables are scaled and the
wave direction variable is linearised. Since, in this case there are only two regimes
de ned, logistic regression is used to determine the probability of regime membership.
The gradient boosting machine described above is used as the logistic regression tool
with inputs features engineered similar to the continuous target variable regression

case. Again, a full list of input features for the wave direction regime forecasting
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can be found in the supplementary material. For more information on the regression

technique, please refer to [154].

6.3 Vessel Motion During Transfer

Accessibility is constrained by vessel motion during push-on and transfer. Therefore,
in order to provide forecasts of accessibility to both wind farm and vessel operators it
is necessary to forecast the sea conditions and understand how individual vessels will
respond in those conditions. Here a data-driven approach to vessel motion modelling
is undertaken.

Distributional models using generalised additive models for location, scale and
shape, described in Section 6.2, are used to learn the relationship between met-ocean
observations and the vessel motion data (heave peak-to-peak) during push-on instances.
The main mode of movement during push-ons which impede transfers is vertical dis-
placement of the vessel fender and the turbine transition piece due to the oncoming
wave eld, this can result in a “slip' event which can have serious safety implications.
This motivated the use of the heave motion of the vessel as a key transfer quality and
safety indicator. The other degrees-of-freedom can clearly have an impact on transfer
quality, but this is reserved for future work.

In operation, forecasts from Section 6.2, i.e. the scenarios of wave height and period,
as well as the forecast regime membership, are used as inputs to drive the vessel motion
model; this process generates vessel-speci ¢ scenarios of motion during transfer. A
visualisation stage, discussed brie y in Section 6.4 completes the forecasting process,

as shown in Figure 6.1.

6.4 Case Study

The methodology is tested at an east coast o shore wind farm in the UK. Ocean
measurements are collected from a Centre of Environment Fisheries and Aquaculture
Science wave-buoy within the site boundary. NWPs of the wave climate from the

European Centre for Medium-Range Weather Forecasts are extracted at the closest
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grid point to the site from 0-120 hours ahead at hourly intervals, with 2 issue times per
day.

Vessel telemetry data is from two purpose built o shore wind service vessels with
the same speci cation: length 19.2m, width 8.2m, maximum draft 2m, passengers 12,
aluminium catamaran; this data is collected during the construction phase of the wind
farm, which contains around 700 push-on instances alongside concurrent wave buoy
measurements. Transfer events are identi ed using the measured push-on force as well
as time-stamped swipes from technicians' ID cards when transferring. The vessel's
average peak-to-peak heave is determined during each push-on attempt and used in
the following analysis. The time resolution is reconciled by matching transfer events to
the closest buoy measurement in time.

For the regression problems the data is partitioned into 4.5 (January 2013 - June
2017) and 1 (July 2017 - June 2018) year(s) for training and testing respectively. This
allows for su cient data in the modelling of the copula and an entire year to evaluate the
subsequent forecasts in out-of-sample tests. To make decisions on the best con guration
for each forecasting task and to tune the algorithm speci ¢ hyperparameters, 4-fold
cross-validation is used on the training data only. To refresh, the four main forecasting
tasks are: 1) signi cant wave height regression, 2) peak wave period regression, 3) wave
regime clustering & logistic regression, and 4) copula dependency modelling.

The method is implemented in R [170] using the packageProbCast, which is in
development, although a "beta version' is available with accompanying scripts for this
methodology [186]. ProbCast is developed for the modelling, evaluation, and plot-
ting of probabilistic forecasts, using gbm gamlss, and gamboostLSSfor the regression
models [170,179, 180].

Probabilistic density forecasts of signi cant wave height and peak wave period are
evaluated according to the principle that the forecast should be optimally sharp subject
to calibration [127]. This concept and the appropriate univariate and multivariate
scoring rules are discussed extensively in Section 3.

For the univariate density forecasts, implementing quantile and parametric regres-

sion for density forecasting introduces a compromise when using evaluation metrics for
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comparison. Here the Probability Integral Transform (PIT) is used to measure the
calibration of the full distribution, motivated by the direct impact of this variable on

the dependency structure, and the pinball loss score is used to measure the sharpness
and calibration at discrete quantiles of the distribution averaged over all lead times.

It is also important to understand the growth in the uncertainty of the density
forecasts as a function of lead time. Here, sharpness is tested in terms of average
interval width plots [128]. For an interval with a nominal coverage rate of 1- the
interval size is

=2 =2
=gt o g ©o

and this measure is averaged over all cases, grouped by each lead time. It is important
to note that this measure of sharpness is a nal illustrative layer to the forecast which
is proven to be sharp and reliable via the pinball loss and PIT histogram respectively.
Scenario forecasts are evaluated via multivariate probabilistic forecast veri cation
methods. Two metrics capable of evaluating the trajectories are the Energy Score (ES)
and the p-Variogram Score (VSp); both are evaluated per issue time of the forecast.
For more information regarding these scores, the reader is referred to Section 3.2.2.
The regime classi cation forecasts are evaluated in terms of the Area Under the
Receiver Operator Curve (AUROC) [187]. In evaluating logistic regression, the ROC
curve plots the true positive rate versus the false positive rate for di erent threshold
values at which the predicted probability is cut to de ne the two prediction classes.
The maximum area AUROC is equal to one, and optimal forecasts are as close to this

value as possible.

6.4.1 Sea State Forecasting

Here we detail the results of the wave height, period, and direction forecasting tasks

including density, scenario, and regime membership forecasting.
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Parametric & Non-Parametric Regression

To make decisions on the best regression technique for signi cant wave height and peak
wave period, the calibration and sharpness are compared by 4-fold cross-validation on
the training data. Cross-validation is also used to tune the model hyperparameters of
the boosting methods and to re ne the model formula for the gamlss model. For the
parametric regression techniques, the conditional distribution of the measured variable
is also de ned using cross-validation. A large range of distributions with (Q 1 ) support
were tested. For both signi cant wave height and peak wave period the Generalised
Beta Prime distribution [179, 188] produced the best forecasts in terms of sharpness,
subject to calibration. It is a exible four parameter distribution, which nests other
common distributions. For regression model selection in the case study, the calibration
of the density forecasts is crucial due to the direct impact on the dependency structure
and therefore scenario generation quality.

For the signi cant wave height density forecasting task, Figures 6.4a and 6.4b show
the pinball loss in both cross-validation and testing respectively, which reveals that
the two boosting models reduce the pinball loss across the quantiles evaluated, com-
pared to the gamlss model, although to a lesser extent at the tails of the distribution.
Comparing the gbmand gamboostLSSechniques the former gives lower error scores in
cross-validation and the latter in testing, although the di erences are generally minor
and only evident in the p30 | p70 range. The benchmark | gam model is very com-
petitive, and provides signi cant improvement over the naive benchmark | glm ; the
only di erence in these models is a simple change of base learner from a linear e ect
to a penalised spline.

In Figures 6.4c and 6.4d the PIT histograms are presented; comparatively, the ad-
vanced parametric regression techniques result in better calibrated forecasts, especially
in the tails of the distribution because of the di culty in estimating quantile regression
models in this region. Both benchmark models here show poor calibration, speci cally
under-con dence. Comparing the benchmark|gam and the gamiss model, the relia-
bility is much improved for latter even though the models are somewhat similar; this

validates the choice of the Generalised Beta Prime distribution. However, the two also
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(a) Pinball loss | cross-validation data (b) Pinball loss | test data

(c) PIT histogram | cross-validation data (d) PIT histogram | test data

Figure 6.4: Results for all lead times | signi cant wave height density forecasting by
regression model

have di erent input features, which can be found in the supplementary material.

Based on the cross-validation results, the density forecasts of signi cant wave height
obtained via gamboostLSSegression are selected for use in the later stages of the access
forecasting process, based on the principle that density forecasts should be sharp subject
to calibration. The gbmapproach has a lower pinball loss, but the calibration is poor,
notably in both tails of the predictive distribution, and is excluded as a result. The

gamlss approach is well calibrated but has a higher pinball loss thangamboostLSS
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For peak wave period regression, the pinball loss scores are shown in Figures 6.5a
and 6.5b for cross-validation and testing. In cross-validation, the lowest pinball loss is
more clearly de ned using the gradient boosting machine regression technique. How-
ever, in testing the two boosting models return very similar pinball loss scores across all
the tested quantiles. It should be emphasised that thegbmquantile models are directly
optimised to minimise this score. A similar behaviour to the wave height case is found
for two benchmark models.

Figures 6.5¢c and 6.5d detail the PIT histograms for the peak wave period regression
models under testing and cross-validation. Clearly again in this case, the calibration
of the gbmmodel in the tail region is comparatively poor against the two advanced
parametric regression techniques. However, in testing all of the models here present
deviations from uniformity. The calibration of two benchmark models is again found to
be poor. Based on the cross-validation results, the forecasts based on tijamboostLSS
regression are selected for implementation due to producing sharp forecasts subject to
calibration.

In Figure 6.6 the sharpness, or average interval width, is plotted against forecast
lead-time for both signi cant wave height and peak wave period during testing. The
forecast models evaluated are the nalgamboostLSSdensities chosen for further im-
plementation. They show that the uncertainty grows with lead time, which is to be
expected. This is particularly pronounced for signi cant wave height, shown in Fig-
ure 6.6a, where the average interval size grows considerably; the 90% interval more
than doubles in average width from 0.5m at issue time to over 1.2m at 120 hours-
ahead. For this reason, and because we are motivated by day-ahead decision-making,
we only consider lead-times of up to 120h despite NWP with lead-times of 120h{240h
being available. For wave period in Figure 6.6b, the growth of the interval size is not
as pronounced, however the interval widths have a greater spread at the earliest lead
times.

An important aspect of using the gamboostLSSmethod, is that it is very memory
intensive; it was not possible to model the density forecasts using a conventional desk-

top computer (8 virtual cores, 3.6GHz CPU, 16GB RAM), a cloud instance was used
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(a) Pinball loss | cross-validation data (b) Pinball loss | test data

(c) PIT histogram | cross-validation data (d) PIT histogram | test data

Figure 6.5: Results for all lead times | peak wave period density forecasting by re-
gression model

instead. However, this problem can be signi cantly reduced by reducing the number
of input features, reducing the number of cross validation folds, reducing the number
of boosting iterations, and by using a distribution de ned by fewer parameters. The

gbmmodels were t using a desktop, although 21 quantile models are required for each
fold. Finally the gamlss model is computationally cheap, due to the reduced number
input variables. Operationally, the time required to issue a forecast is negligible and

re-training models would be required infrequently.
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(a) Signi cant Wave Height (b) Peak Wave Period

Figure 6.6: Evaluation of the sharpness forgamboostLSSdensity forecasts vs lead-time
during testing. The width of the prediction intervals increases with lead-time as the
forecasts becomes less con dent further into the future

Scenario Forecasting

As discussed in Section 6.2.2, for scenario forecasting three con gurations are tested:
independenceis a benchmark,linked indicates that the full temporal inter-dependency
between the signi cant wave height and peak wave period is modelled, antemporal is
where the dependency is modelled for each variable separately across the lead times.
Again, 4-fold cross-validation is used to determine the most appropriate dependency
structure.

In Table 6.1 the scenario forecast scores are presented, where the scores are rst
separated by the multivariate target variable. For signi cant wave height it is evi-
dent in training and cross-validation there are improvements in modelling the temporal
dependency structure across all scores. Comparing the scores, as expected the improve-
ment of modelling the temporal dependency is more signi cant in the case of both the
variogram scores than the energy score because of the better discriminative ability of
covariance structures of the former. For evaluation of these forecasts 1000 scenarios are
used because, empirically, the mean and standard deviation of the energy score were
found to stabilise around this point. In the case of temporal scenarios for signi cant
wave height it takes approximately 0.6 seconds per issue time to generate 1000 samples
and transform them into the original domain using the desktop described previously.

Table 6.1 also details the results of the peak wave period scenario forecasting; these
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follow a similar pro le to the signi cant wave height case. The temporal dependency
provides improvements against the independent case, especially when measuring im-
provement via the variogram scores.

So far, the results discussed are only for temporal dependency on a per-variable
case. The full multivariate distribution of wave height and period is also evaluated
in Table 6.1, where the value in modelling the linked dependency is compared against
the temporal and independent cases. Note, that the measurements and forecasts are
rst standardised before calculation of these scores due the di erent scales of the two
gquantities. Interestingly, accounting for the cross-variable correlations result in an
improved energy score in cross-validation compared to both cases, but the temporal
correlation performs best in testing. This is due a change in the cross-variable error
correlations in the test data; an ECMWF model update (cycle 43r3) occurs at the
beginning of our test period, with statistically signi cant improvements in both the
wave height and period variables, which likely causes this change.

The temporal correlation matrices for both wave height and period scenario fore-

Table 6.1: Multivariate forecast evaluation results. Linked means the temporal depen-
dency between signi cant wave height and peak period is modelled. Best results during
testing are in bold. Note that for the joint wave height and period target variable case,
the marginals and observations are rst standardised before applying scoring rules

Target Variable Dependency Data| ES VS-1  VS-05

ndeoenden; V|| 2086 12706  15.926
Wave Heiaht P Test || 2.009 13.618 15.494
9 remooral | CV | 2059 3106 5763
P Test || 1.975 3.317  5.476
deoendent CV || 7872 169.469 51650
Wave Period P Test || 8.396 190586 56.933
remooral | CV || 7844 105130 34515
P Test || 8.376 130.679 40.209
deoendent CV || 6437 326113 125504
P Test || 6.317 321.320 125.481
Wave Height CV || 6.419 272391 97.766
. Temporal
& Wave Period Test || 6.303 273.202 99.671
. CcV || 6.415 268.780 97.119
Linked
Test || 6.305 272.617 100.001
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casting cases are plotted in Figure 6.7; these are the matrices used to generate scenarios
over the test dataset. Here, the dependency characteristics of the uncertainty across
the lead time di ers between the variables, in that the correlation between consecutive
lead times is clearly more prominent in the wave height case. However, they also share
some subtle characteristics; the correlation strength persists to a greater extent further
ahead in the forecast lead times, and there is clearly a strong diurnal pattern, especially
in the peak wave period case. Note that time-of-day, seasonal, and interaction e ects
are included in the marginal distributions regression formulation.

The energy score improvements for the wave height scenario forecasting task are
plotted in Figure 6.8a, compared against the independence benchmark. Here, a sim-
ple block-bootstrapping approach is used to estimate the signi cance in the forecast
improvement [139]. The scores are split into non-overlapping blocks of 7-days length,
to account for correlation in the governing weather patterns. These blocks are re-
sampled with replacement and then forecast improvement is determined. This process
is repeated 1000 times to estimate the sampling variation of the score improvement in
Table 6.1. The results are presented via boxplots in Figure 6.8a and clearly illustrate
that modelling the temporal dependency is valuable; the sampling variation is greater
during testing because of the smaller size of the dataset. The improvement in peak wave

period forecasting against independence is also plotted on Figure 6.8b; it is reduced

(a) Signi cant Wave Height (b) Peak Wave Period

Figure 6.7: Temporal correlation matrices during testing
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compared to the signi cant wave height case.

A comparison of the energy score improvements for the wave heigl#nd period case
is shown on Figures 6.8c and 6.8d, against the independence benchmark. The results
con rm that in cross validation the linked dependency structure provides improvements
over the temporal case, however during testing the cross variable error dependency
changes and the simpler temporal dependency structure performs better. Again, this
is likely due to the ECMWF model update (cycle 43r3) which changes the structure of
the uncertainty inter-dependency between the variables. Time-adaptive estimation of
the covariance matrix could track changes such as this in the long-term, however this

behaviour is closer to a regime change.

Clustering & Logistic Regression

Wave direction forecasting for input to the vessel motion model is reduced into two
stages, clustering the measured wave buoy data and then applying logistic regression
to predict regime membership based on NWP data. Please refer back to Section 6.2.3
for more details. When usingk-means clustering, the random assignment of the cluster
centres at the start of the algorithm can lead to di erent results if the data-set is small
or not amenable to a clustering algorithm. Therefore, in this case the algorithm was
set with di erent random seeds over 4 tests and 98.8% of data points in a large data-set
(> 140,000 rows) are assigned to the same cluster.

The de ned regimes are plotted in Figure 6.9a via a parallel coordinate plot which
allows for visualisation of circular variables [189]. Clearly the two regimes are separated
mostly by peak wave direction; waves from the north east which are driven by the swell
and waves driven by the prevailing south westerly winds. The swell driven waves also on
average have longer periods and both regimes have similar average wave heights. The
repeatability of the clustering using the measured data and the physical explanation
give con dence in the de ned regimes at the site.

Post-processing results for the logistic regression are shown in Figure 6.9b via the
ROC curve for the testing and cross-validation phases; the AUROC is very close to one

for both cases, being 0.97 and 0.95 in cross-validation and testing respectively. This
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(a) swh | temporal only (b) pwp | temporal only

(c) swh & pwp | cross validation (d) swh & pwp | testing

Figure 6.8: Boxplots showing the block-bootstrap sample distributions of Energy Score
improvement for signi cant wave height (swh), peak wave period (pwp), and coupled
(swh & pwp) scenario forecasting. The benchmark in all cases is thmmdependencecase,
with no temporal correlation. Linked means the temporal inter-dependency between
signi cant wave height and peak period is modelled
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