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Abstract

The forecasting of large and rapid changes in wind power output known as ramp events is
crucial for the incorporation of large volumes of wind energy into national electricity grids.
Large variations in wind power supply must be compensated by ancillary energy sources
which can include fossil fuels along with their associated costs and carbon emissions.
Improved prediction of wind power will help to improve the competitiveness of wind energy
against non-renewable energy sources, enable the global transition to cleaner fuels and
facilitate climate change mitigation. This paper investigates the potential application of
Machine Learning methodologies to the task of ramp event prediction. Using a non-binary
wavelet transform approach to ramp characterisation, the ability of three Machine Learning
models to predict ramp events in the Engie La Haute Borne wind farm dataset is compared.
Results indicate that Recurrent Neural Network models show the greatest potential for ramp

event forecasting.
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1 Introduction, rationale, and objectives

This chapter introduces and contextualises the ramp event problem that this study seeks to
address. It includes an outline of the specific aims and success criteria, a consideration of

ethical implications, and information required to access the source code repository.

1.1 Introduction

In recent decades, renewabls V¥4 significant attention due to

worldwide concerns 5. As part of their

al impact on the enviro

commitments to

supplying ce by the year
2030. Wi relatively
low cost 6). This
study f jeet its
climat om 16
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events. Ra nd farm or
portfolio of drge increases

(positive ramp) o 0 as wind ramps.
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Ramp events are manifé , generally over a short

period of up to a few hours (Cu o et al., 2015) (Figure 1).
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Figure 1. Example of a ramp event experienced on 13 January 201 fance. Hour is plotted along the x-axis.
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1.2 Rationale and user needs

The variability of wind power reduces its dependability in the eye of electricity Transmission
System Operators (TSOs) wishing to incorporate commercial volumes into national power
grids. TSOs must continually manage their power networks so that supply meets demand
(Cutler et al., 2007). This is commonly done through the scheduling of ancillary reserves
which consist of supplementary power sources that are flexible enough to adapt to
variations in load and supply. This, however, carries additional costs and emissions. Most
electricity markets operate around a set of short-term procedures known as Day-Ahead (DA)

operations that enable them-* a (RT) energy dispatch operations. Part

amp might

fture time period
to three categories,

depending on the

Table 1. Categories of wind powe ez-Arellano, 2015).

Category Horizon
Very short-term 2 —4/9 hours
Short-term 4/9 — 48/72 hours

Medium-term 72 hours - 7 days
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Due to the increasing volume of wind power that is set to be incorporated into electricity
markets by TSOs, and due to the DA operational timescales outlined above, short-term
forecasts of wind power are currently an active area of research and form the horizon of

interest in this and future research planned by the author.

1.3 Current practices

Timeseries (TS) forecasting is a specific area of Machine Learning (ML) in which trained
models predict new data, even though actual outcomes may not be known until some future
time or date (Brownlee, 2019). Machine Learning and timeseries forecasting techniques
have been applied to the problem of wind power ramp event forecasting with some
promising results (Ahmadi and Khashei, 2021; Gallego-Castillo et al., 2015; Sim and Yung,
2020; Wang et al., 2019; Yang et al., 2021 and references therein) but the field of study is

still in its infancy.

There are two types of method for wind power forecasting: those based on timeseries
analysis alone (TS), and those based on a combination of timeseries analysis and Numerical
Weather Prediction (NWP) model outputs (TS+NWP). NWP models* resolve a set of physical
equations in order to estimate the dynamics of the atmosphere and output forecasted
values of target variables to a 3D grid, but they do so at significant computational cost. A
high-resolution NWP run of 0.5 km for example may take 48 hours to complete with limited
resources, effectively rendering it useless for DA operations. Downscaling is a procedure that
reduces computational cost by transforming NWP outputs from the low-resolution grids of
NWP models to higher resolutions at specific physical locations of interest. It is commonly
performed by statistical analysis of historic data to establish systematic relationships
between NWP forecasts and measured observations (Cutler et al., 2007). Nevertheless, the
process of downscaling is prone to error from two primary sources: the NWP estimates
themselves, and the methods used to convert wind forecasts to power (Martinez-Arellano,
2015). Attempting to reduce the level of error in the downscaling process provides the initial

motivation for this research.

! e.g., US National Centre for Atmospheric Research (NCAR) Weather Research and Forecasting (WRF) model,
European Centre for Medium-Range Weather Forecasts ERA5 model.
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Whilst it is well established that TS+NWP prediction models typically out-perform TS
approaches after a 3 to 6-hour time horizon (Giebel et al., 2011; Martinez-Arellano, 2015),
the computational demands of NWPs still exert challenging constraints on the deployment
of downscaling in any domain-specific application. Driven by this, this paper focusses on one
aspect of the downscaling process: the statistical features of historic wind power data. The
rest of this study investigates the potential of applying Machine Learning methods to the
task of establishing systematic relationships between measured and forecasted observations
of wind power. As will be outlined in Section 3.4, the inclusion of NWP outputs can still be
used as input to the developed approach and the effect of their inclusion on modelling

outcomes can be examined. This will be the aim of further research planned by the author.

1.4 Objectives

The specific aim of this study is to prowi

ives are iden

aaceptual overview of a family of Machine

Learning models that could nind power and associated

ramp events. This igate improving the

accuracy of sho P outputs.

her in the

alysis (Exploratory Data Analysis,
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d farm
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tatistical characteristics of the data; | an
nt ML
onarity,
2. Compare enges, and

b. Autoregressive Integrat
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c. Seasonal Autoregressive Integrated Moving Average (SARIMA)
d. Prophet
e. Recurrent Neural Network
3. Test each ML algorithm’s ability to fit the La Haute Borne wind farm dataset. This is done
by modelling the relationship between historic wind power observations (training set)
and wind power predictions (test set) and evaluating power prediction and ramp capture
accuracies’. This objective essentially forms a precursory step to the inclusion of NWP

outputs as planned in future research (see Section 3.4).

1.5 Success criteria

The success of this research will be gauged by three main criteria:

1. The predictive accuracy achis model. State-of-the-art wind power

hours to\ £ forecast a 12_hour hori fea. Considering an

average wor

1.5 hours will therefore be consro reCess.

2 |t is important to note that this approach permits only a limited evaluation of predictive performance since
only one single future time step is forecast at a time. Short-term forecasting (where a 9-72 hours-ahead
sequence of time steps is predicted) will be the subject of further research.

15
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1.6 Ethical, legal, and professional considerations

The dataset used in this study (Section 3.2) is published under Open License version 2.0
published by Etalab, France®. As such, there are no ethical, legal, or professional restrictions

on its use. This work contains no personal data of any sort.

1.7 Code availability

A ReadMe ap which is also

presen the case that

16
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2 Related work

This chapter is divided into three subsections: the first provides a synthesis of the
meteorological causes of ramp events, the second summarises the various ramp definitions
that exist within the literature, and the third reviews the various methodological and

computational approaches used by previous authors in the field.

2.1 Meteorological processes associated with ramp events

An understanding of the meteorological phenomena that cause large ramp events is
foundational to any credible ramp forecasting procedure. The methods and data used to
successfully forecast ramp events depend on the underlying meteorological or engineering
causes and the desired forecast time period (Gallego-Castillo et al., 2015; Zack, 2007). In
particular, the spatiotemporal scales of the meteorological processes involved have
implications for how such phenomena are interpreted and for the accuracy that can be
expected from their interpretation. Figure 2 depicts some of the key atmospheric processes
that have been linked to ramp generation in the literature and categorises them by scale.
The main processes considered relevant to the current study area and dataset are
considered qualitatively in this section and further elaboration is provided in Appendix B. A

detailed quantitative analysis is beyond the remit of this study.

17



Microscale
- Includes dry convective processes (e.g. turbulent mixing

Mesoscale events), surface roughness changes and obstacle effects.

- Lower-atmospheric circulations (e.g. LLIs, thunderstorms, - Poorly indicated by meterological observations
thermally-driven flows incl. sea-land breezes, Anabatic/ Poorly predicted by NWPs (can indicate probability windows
Katabatic winds and orographic forcing. of dry convective ramp events only).

- Fair to good prediction by NWPs - Linked to ramp events by: Zack et al. (2007); Hannesdottir
- Linked to ramp events by: Zack et al. (2007); Deppe (2013); and Kelly (2019); Hannesdéttir et al. (2019).

Soares et al. (2013).

Macroscale

- Large-scale weather systems (e.g. H/L
pressure areas, cold/warm fronts.

- Well forecast by NWPs with high accuracy

- Linked to ramp events by: Zack et al. (2007);
Cutler et al. (2009); Lacerda et al. (2017);
Steiner et al. (2017); Couto et al (2021).
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Figure 2. Atmospheric processes known to affect wind speed with characteristic spatiotemporal scales and links to ramp events identified in the ramp literature.
Atmospheric scale definitions used in this study are defined on the y-axis. Additional sources: Orlanski (1975); Landberg (2015).




2.1.1 Planetary scale

When studying wind profiles, it is important to consider the planetary scale atmospheric
setting of the study area (Landberg, 2015). NE France resides in a mid-latitude setting,

predominantly influenced by westerly trade winds (Figure 3).

Polar cell

Ferrel cell

Hadley cell

Hadley cell

Ferrel cell

Polar cell

Figure 3. Global circulation model schematic highlighting the influence of westerly trade winds over the LHB
site (after Wikipedia 2021a).

2.1.2 Macroscale

Macroscale processes associated with ramp events include large-scale weather systems such
as low- and high-pressure areas and cold and warm fronts. Westerly trade winds, generated

by solar heating of the atmosphere and the Earth’s Coriolis force, are a key driver of such



weather systems. Their development over Western Europe during an eight-day period is

visualised in Figure 4.

The image shows just over one week (1 to 8 May 2017) of visualisations from the NASA MERRA reanalysis dataset.
White colouring represents winds at 850mb level (between 1,170 and 1,590 m). Increasing opacity reflects higher
windspeed. A low-pressure mid-latitude cyclone visible over France and western Europe on 1 May (top left) can
be seen to dissipate by 3 May. It is replaced on 4 and 5 May by an area of high pressure before a new lower-
pressure weather system develops on 6 and 7 May. Relatively stable conditions return once again on 8 May
(bottom right).

Figure 4. Planetary scale atmospheric setting of the study area (NASA Scientific Visualization Studio, 2017).
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Seasonality in wind speed most likely related to the passing of warm and cold fronts is
observed in the LHB data set (Figure 5).
1400
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Day

g (kw)

P_awv

Figure 5. LHB power visualisation, 1 to 8 May 2017, corresponding to the time-period shown in Figure 4.
Atmospheric scale events described in Figure 4 are clearly observable in the power data.

2.1.3 Mesoscale

Mesoscale processes include lower atmospheric circulations such as low-level jets (LLJs) and
thunderstorms, thermally driven flows such as sea-land breezes and Anabatic/Katabatic
winds, and flows linked to topography (orographic forcing) such as mountain-valley winds.
Sea-land breezes are not expected to affect LHB given its inland location and quantitative
evaluation of the influence of LLJs, thunderstorms and thermally driven winds over the LHB
site would require additional data sources that are beyond the scope of this study. A
guantitative analysis of orographic forcing is also considered out of scope. Qualitatively
however, the various topographic features (i.e., combes and forests) that may orographically
influence prevailing winds at the LHB site are considered in Figure 6. Worthy of note is the
higher elevation of turbine R80711 relative to the others which is likely, at least in part, to
explain the difference in power output observed between the turbines (Figure 7). A detailed
cross-turbine analysis is beyond the scope of this study. For this reason, unless otherwise
stated, all variables are presented as the average of the four turbines, or as percentage of

rated power.
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Figure 6. Topographic map of the LHB wind farm and prevailing wind direction data. Contour heights are in metres above sea level. LHB resides in gently sloping terrain far
from significant mountain ranges (see inset) and predominantly experiences prevailing winds from 50° and 220° (GIS data source: Institut National de I'Information
Géographique et Forestiere, 2021).
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as small errors in the wind speed forecast can result in large errors in power output forecasts
(zack, 2007). This highlights the importance of considering the scale of the ramp events and

thus how ramp events are defined.

2.2 Ramp event definition

In general terms, a ramp event is a large and rapid variation in wind power output (Cutler et

al.,, 2007; Gallego-Castillo et al., 2015). However, the relative interpretation of ‘large’ and

‘rapid’ will differ according to:

® The end use and time horizon of the forecast. For example, a wind farm operator wishing
to anticipate market penalties will be interested in different time scales as compared to
an energy trader focussed on instantaneous market demand and spot prices (Cutler et
al., 2007; Martinez-Arellano, 2015).

e The size of the wind farm/ portfolio. As an example, when defining ramps using an
absolute power amplitude threshold value, a higher frequency of ramp events is likely to
be observed as the installed capacity increases (Gallego-Castillo et al., 2015).

e The cost function considered. For instance, costs of ancillary reserves and electricity

market penalties (Gallego et al., 2013).

Throughout the wind ramp literature, ramp events are identified and characterised by the

following features:

Table 2. Ramp characterisation terms and parameters used in the literature (after Gallego-Castillo et al., 2015).

Term Parameter Description

Magnitude AP Variation in power observed.

Duration At Time period over which a variation takes place.

Ramp rate AP /At Variation divided by duration. Indicative of ramp intensity.

Timing to Time instance of ramp event. Can be start or central time.

Direction +/- Increase/ ramp-up (+) or decrease/ ramp-down (-) in power output.

Taking ramp events from wind power timeseries, the parameters of Table 2 can easily be
analysed (e.g., Figure. 1). However, ramp forecasting usually entails the reverse; given
certain characteristics or criteria, a forecaster must identify ramp events in order to

determine underlying causes and create accurate predictive models. This establishes the
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need to set such criteria, or in other words: a ramp definition. Ramp event forecasting is a

relatively immature research _#i af _a standard formal ramp event

definition, the literatugs ding on wind farm size and

Most tion 2.3,
Tabl defined
thre 1). This

set to

Il ramps as similar, despite~

measurements (Gal 6usly used binary ramp
event definitions and thei . ~~despite the clear drawbacks of
binary ramp event definitions, many recent works continue to use and refer to them (Section

2.3, Table 5).
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Table 3. Binary ramp definitions used in the literature.

* Ramp-up is signified by P, < (Pt + At), ramp-down by P, > (Pt + At
** Wind power can exhibit high variability over timescales shorter

ignal between two
overcome this issue, Bossavy et al. (2010) introduced the idea

re-set threshold.

Reference Definition / \ Limitations

Kamath (2010}* P+ At =P Based on start and end values

A ramp event occurs if the difference b

haracterisation may become sensitive to noise. To

of At so doesn’t account for
mps that may occur during
interval.

maximum and minimum power output
Kamath (2010) not characterise rate of

max ([P, t + At]) — e (ramp rate)

exceeds a pre-set threshold.

Zheng and
Kusiak (2009)*

tive to threshold value

A ramp event occurs if absolute differenc
and end values of At and the size of At its

Bossawvy et al. |P sitive to threshold value

(2010)** than pre-set power ramp rate value, B,

And:

P}f = mean(Pryp = Pryn-

Where: Ptjc = filtered version of power

using k-order differences in power <

r of average power m
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2.2.2 Non-binary approach

To overcome the drawbacks of the binary definition approach, Gallego et al. (2013) applied
wavelet transform analysis to the characterisation of ramp events. One of the first practical
applications of wavelet analysis was in the field of hydrocarbon exploration (Morlet et al.,
1982a and 1982b). Since then, it has been successfully applied in a variety of fields including
image processing, timeseries forecasting, chemical analysis and tool condition monitoring

(Gallego et al., 2013 and referen aquency decomposition of wavelet

analysis has also bee link abrupt changes in

meteorological vay’ esdottir and Kelly,
2019). Wavele of wind ramps

ical analysis

uses wavelike functions known as

(e.g., Jieta

(Pichault

Wavelg

signal

suwedid Section 3.3, Figure 11). The transform's

know ularly
useful filters,
wavelet ies (the

were linked to ramp

timescales (Figure 2). Micrndq

considered noise and are repa?@ € et fu nCtion \

During wavelet the Wavelet (F|gures 8a d N calculated at

various locatj ically, this is

done thro it is done
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coefficients are obtained where the wavelet matches the shape of the signal well at a
specific location and scale. Low WT coefficients are obtained where the wavelet and the
signal do not correlate well. WT values can then be plotted as a wavelet transform plot
(Figure 8c), providing information on both the location and scale, in time, of different ramp

events.
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Figure 8. a. Shifting of the mother wavelet. b. Dilation of the mother wavelet. c. The wavelet transform process
and the wavelet transform plot (after Addison, 2017).

The wavelets are shifted and dilated versions of a so-called mother wavelet, LDT, and are

derived from Equation 1:
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e o= e (5

where:
7 relates to the shift (expressed on a continuous scale between min and max)
A relates to the dilation

The WT of a timeseries, {yt}, consists of a set of coefficients obtained from Equation 2°:

TA » TA
w” = 3y #(2)
where:
TEX
AeZt

and qf.lf’l relates to the wavelet function employed.

Several wavelets exists, ram ps’ H ann esdo Fyrpose of the study. Gallego

et al. (2013) cho q_about the gradient
experienced Bl@t (DOG1) as their choice of alevents where
large gradi dy aiming to
charactiot discuss the reasons behind this chgd the first
deriva tunately,
howg

way be applied to ramp characterisation [mental

cong ecutive
tmet js that a certain large gradient is majiy. mis
means ords, the
shape orjes, Therefore, a ramp can be saigevent the
wavelet tra ange of times

scaIes,A,sinceverTt IS Slmllar to d Srnallered in a time scale

> Note that the wavelets are d fe re nt Sca Ies * . t obtained is opposite to that of the

ramp event gradient, thus, the sign of tT,A T tyue verted so that positive coefficients are obtained for
positive gradients.

® The increase of Wt,A with respect to occurs because the scale is contributed as -12 in Equation 1.
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At = A. Hence the gradient is high for both short and long-time scales, where ‘long’ means

close to the length of the overall ramp event. If a period is considered where {yt} exhibits

many high-frequency fluctuations, similar WT coefficients are observed for short scales but
not for long scales, in other words, the gradient is no longer self-similar at longer time

scales. Finally, if a period is considered where {yt} does not exhibit high gradients, the WT

. . TA .
coefficients W~ would be close to zero for every scale, A, considered.

This is utilised in ther

In thi

each

scale

because indow

(in terms allego et

I )
scale )‘N+1

Gallego et al. (2013) showed that the use of a continuous index-based ramp definition led to
more reliable ramp characterisations than four binary ramp classifications presented by
Cutler (2007), Potter (2009), Greaves (2009) and Bradford (2010) because it is less sensitive

to input parameters (Table 4). It is noted however that these works were based on different
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datasets. Comparative relative ramps frequencies observed using the same dataset were as

follows:

Table 4. Relative frequency of ramp events (%) observed by different ramp definitions using the same dataset.

It should be noted that the models were not designed using the same datasets/ site locations. * = Binary, ** =
Mon-binary. *** = range given by varying Ayfrom 5 to 8 (see text for details).

Reference/ methodology  Relative ramp frequency (%)

Cutler (200

Poith

ompare models like T
arious binary definitions and

Toughiisome indication of the relative moateenthe

range g ing the
non-b OaCheS. binary
versu

Ramp input
rPrmgn using WT requires the manual manjrethe
model t of the

methodoeyym ramp duration) which enablg ntensity

at each time

yrest with minimal programry

An alternative non-b «hd a Fuzzy Inference
Score proposed by Martinez<a N rOV|des a cor ent approach that could have
been considered in this work. The Gallegoetrar1z013) approach, however, enables the use
of well-established methodologies and packages (e.g., PyWavelets for Python — Lee et al.,
2019)’. It is for these reasons that the non-binary, WT transform approach to ramp

characterisation is used in this study.

’ For potential drawbacks of the WT approach, the reader is referred to Gallego et al. (2013).
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2.3 Approaches

A comprehensive review of wind power ramp forecasting was undertaken by Gallego-Castillo
et al. in 2015. Table 5 provides a summary of the relevant work in the field that has been
carried out since its publication. Recent statistical analyses of ramp events include Aguilar
(2019), Dalton et al. (2019, 2021), DeMarco and Basu (2018), Kelly et al. (2021),
Pereyra-Castro et al. (2019), Pereyra-Castro et al. (2020), Pichault et al. (2021). Literature
reviews of wind forecasting include Ahmadi and Khashei (2021), Sim and Yung (2020), Wang
et al. (2019) and Yang et al. (2021).
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Table 5. Main ramp forecasting literature reviewed.

s SWINEINg

Author Year Meodel type Evaluation metrics Horizons  Outputs Lecation
Fernandez et al. Gabor F”t‘E‘fiﬂg_. BPNM oM 3h Ramp oee. ESP
Sevlian and Rajagopal . CM Varied Power output USA
Martinez-Arellano et al, My AR |'I]glt models €M, FIS score 100 h Power output ESP
Martinez-Arellano . FIS score 12-36 h Power output ESP
Netal. Binary Orthogonal Test, SWVM n/a n/a Power output n/a
Heckenbergerow; . . . Box plots 4 h Ramp occ. (prob) USA
Gallego-Casti Binary Reservoir computing, Echo state ne CRPS 12h  Poweroutput(prob)  USA
Zha et al. , L , MAE, MAPE, RMSE, CC 35-55h  Power output USA
vetat /IS Binary Swinging Door Algorithm FARC RMSE 24h  Poweroutput cAN
Taylor . . . Brier score 1-2 h Power output (prob) GRC
tuetaf 13 Binary RNN, Echo State, Delay line reservoir RC, FA, CS| 05t024 h Ramp occ. CHN
Dora . CM, Sensitivity, Specificity, GMS &-24 h Ramp occ. ESP

Zha EIH-EF'H' SUHJ WT P{]IJ},(EI, FBIAS J 1-6h Ramp oce. (prob) USA
Dora . Geometric mean, CCR, AMAE 6h Power output ESP

Dhi Elnar'y' NN_. A.HMA._. W5 H_. F'S'D_. KDE AE, RMSE, MAE, CPU time 05-3h  Power output ESP, USA, AUS, IND
Zha . . MAE, MAPE, MSE, RMSE 16h Wind speed CHN, ESP
Liu Binary KDE, Back Propagation Neural Metwork (levse 4h Power output cHN
Ouy . BIAS, MAE, RMSE, CM 72h Power output CHN

Fujirf’ T TS ElﬂEr'y' MSAR RMSE, Precision, Recall, CS| 0.5-48h  Ramp occ., power output 1PN
Zhao . . CM 30 min Ramp occ. (prob) CHN
wred + TS5 Binary RF, RUS, ROS, SMOTE, Laplacian kernel | o 25h  Rampoce. zAF

Ye et , , NMAE, NRMSE, ACR 24-72h  Power output CHN
Corne] Mon-binary Bayesian Network ROC, CM 6h Ramp occ. ESP
Dorado . . . . Accuracy, Sensitivity, GMS, 6h Ramp occ. ESP
Lyners et Binary Multi-parameter segmentation algorit  eoo, csi, reias, sk n/a Power output zaF
Hirata et a . e . . MAE, Ignorance score 1-12 h Power output Japan
Pichault et a Mon-binary Wawve Division, Grey Wolf Optimizer Statistical analysis 1h Ramp characterisation  AUS
Couto et al. . . . Statistical analysis 24 h Power output PRT
Dhiman and Deb Elﬂ-ﬂﬁl' Extreme L-E'Efﬁlﬂg MHChIﬁE‘_. S"I.IrHJ RMSE 10min  Power output UK, NLD, AUS
Zhou et al. . MAE, MAPE, RMSE, FA, RC 42h Power output BEL, CHN

Multi-task Learning, Deep Neur

Multi-parameter segmen

Artificial/Convolutional fRecurre|
Ewvaluation Metric abbreviations: Con
Receiver Operating Characteristic; Forecast
Other abbreviations: Time series, TS; Numerical Weather PTe A

#ncipal Component Analysis, PCA; Support Vector Machines, SVM; Auto-Regressive, AR;
Forest, RF; Long Short-Term Memory, LSTM; Markow-Switching-Auto-Regression, MSAR
lute (Percentage) Error, MA(P)E; Root Mean Squared Error, RMSE; Ramp Capture, RC; Probability Density Function, PDF;
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3 Methods

This chapter outlines the methodological approach used in this study. It summarises the
dataset, the chosen ramp event definition/ characterisation method, the ML models that are
tested, and the metrics used in their evaluation. It also provides a consideration of how

outputs from this work are hoped to be included in future research.

3.1 Technical design and approach

The methodology depicted in Figure 9 has been designed for this study.



NwWP

Statistical Forecast
Labelling Models
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20 0 60 800 1000 1200 1400 1600 1800

—
—
—
—
—
Wsp [is]

§

Scalets]

w0 ‘ ‘
Ws_avg P_avg
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Date_time el T T T T T v T -
t 41 t+2 t43  t+4  t45 tt.. t+k

2012-12-31 23:00:00+00:00 8.1025 911.347470

2012-12-31 23:10:00+00:00 8.4700 996.365013

2012-12-31 23:20:00+00:00 8.6875 1059.937495

2012-12-31 23:30:00+00:00 8.7200 1075.515055

2012-12-31 23:40:00+00:00 8.7800 1068.825028

Ramps are identified (‘labelled’) in the raw data using wavelet transform. The family of ML algorithms is trained on the raw data, then used to forecast
power output and associated ramp events. Using this methodology, NWP outputs may be used as an alternative data source (see Section 3.6). Ramp
function plot from Hannesdottir and Kelly (2019). NWP output from Xunta de Galicia (2021).

Figure 9. Flow chart of the methodology employed in this research.



3.2 Dataset

The dataset used in this project is a Supervisory Control and Data Acquisition (SCADA)
dataset collected from the La Haute Borne wind farm between December 2012 and January
2018 (Engie 2020). La Haute Borne is an 8,200-kW capacity onshore wind farm located in
north-eastern France, centred at 48.45°N, 5.59°W (Figure 6). The farm is owned by the
French energy and utilities company, Engie, and comprises four Senvion MM82 wind

turbines (Figure 10). SCADA data of sensors within each turbine is

recorded in two large cs adings of each turbine’s

components such information such

as frequency | information

ion. *Nominal power of LHB wind far

in this st

rvles Units Description

Term

ws_a| m/'s 10-min avg from two a NEMGmeterbe
E: degrees (*) 10-min avg from the wind vane of

o KW 10-min avg from each turbine

ifmlm "C 10-min avg from the wind vane

The data are r (00:20) and 14

Sum of P_awvg from all tur
observations over a
P tot divided by 8200 t

emperature readings with

December 2017 (04

four-year period. Explorat

differences of 50°C+ compared to sur readings. These readings were deemed
erroneous and were replaced using linear interpolation between surrounding readings. EDA
also revealed 552 duplicate rows related to daylight saving clock changes. The second
instance of these duplicates were removed from the dataset leaving a total of 1,057,416

observations.

& See ‘eda.ipynb’ in accompanying Colab repository.
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Figure 10. Senvion MM82 characteristics and terminology referred to in this study (after Senvion GmbH, 2018).
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3.3 Ramp characterisation

The ramp characterisation method used in this paper focuses on the day-ahead TSO end-use
case introduced in Section 1.2. Use of the WT methodology (Section 2.2.2) enables the end
user to tune the model to the time scale of interest. WT coefficients (see Equation 2) are

obtained using the PyWavelets package. The ramp function, Rt, of the power (P_avg) series

is then obtained using Equation 3, reproduced here.

e size of the wind farm. The

To isola events,
the ramp

. u
ring ramp up, 7, ramp dowy

nree timese

ro= 1 - o= rt#(7)

This provides the non-binary/ continuous index related to ramp intensity at each time step
of the series (Figure 11), thus adding the desired outcomes or ‘labels’ to the datasets that
are introduced to the ML algorithms. In this way, the ramp event characterisation process is

reframed as a supervised learning ML problem.


Hi Quantum


2000 poug e _ ! \

ramp_function f LR ) r b0 N N
1750 T - M LSS DRSS

1500 P T ‘ - ] =
1250 ' v FLTT
1000 / A

750

0.05

—0.05
00-00 03:00 06:00 09:00 12:00 15:00 18:00 21:00

11-Dec
Date time

Figure 11. Ramp function plot against wind power. The ramp function is plotted in orange. The subplot displays decomposed ramp performance series: positive ramp, r::

(red), negative ramp, rd (blue), and non-ramp, ro (blank space).
t t



The ramp frequency, fr, of a timeseries is the percentage of times in which a ramp is

observed. It can be calculated using Equation 8:

2|
f,(%) = 100.5—#(8)

where:
1; = relative ramp function

N =nun entage of times in

N = number of samp

in which ramps

alculating the f_ of the test se

forecaste

»f the models.

Wave

The
examine 021b).
As such, »f several

wavelets wa

most approprildlity properties and signal dis

removal). For the p

e LHB data
evel of noise

el comparison), the

choice of wavelet is of stent across models. For

ramp characteri

comparative purposes however, ra ed by DB2 and the Haar wavelet, as

used by Gallego et al. (2013), are presented in Table 7.
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Table 7. Comparative ramp frequencies between DB2 and the Haar wavelet using the LHB dataset.

Ramp frequency (%) db2 Haar
Total ramp freq. 12.2 9.75
Positive ramp freq. 6.18 4.9
MNegative ramp freq. 6.03 4.85
Non-ramp freq. 87.8 90.25
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3.4 Numerical Weather Prediction model outputs

A benefit of the methodological design outlined above is that NWP outputs can readily be
incorporated into the forecasting procedure during future research (Figure 9). By dividing
the datasets into training and test sets, the steps undertaken as part of Objective 3 (Section
1.4) effectively test each algorithm’s ability to model the relationship between historic wind

power observations (training set) and forecasted wind power predictions (test set). However,

historic wind power observation ed for NWP predictions of wind

from wind speed

speed and the models

e) casts. As mentioned in

Section 1.3, error i

enezes et al., 2020):

forecasts to p

— L0
P = —pAv #(9)

1500
1,250 /

1,000 /
750 /
500 / i
250 / ;

i

0 — | I I I

0 2 4 6 8 10 12 14 16 18 20 22 24 26
Wind speed at hub height (m/s]
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3. Empirically using historic site data (reproduced from Figure 7):

R80711 R80790

g
% 1000

25

Examp
the res . peed of

10m/s, wveen the

his can be

minimum a

d at LHB. The issue, however, is

onversion of wind

compared wi ot model the

variability at all. |

he actual power outpu

speed to power with si prove the accuracy of

the downscaling process. This iS planned by the author.
NWP models output their estimates at hourly intervals. It is with this in mind that the ML
models in this study are tested not only using raw 15-minute sampled data, but also with

hourly re-sampled datasets.
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3.5 ML modelling

Generally, if no information is assumed about a given set of ML problems, all optimisation
and search algorithms should perform equally well when their performance is averaged over
all possible problems — as established by the so called 'no free lunch theorem'. Put
differently, if algorithm A outperforms algorithm B on a given number of problems, there

must exist exactly as many other problems where B outperforms A (Brownlee, 2019;

Wolpert and Macready, 199 ~free lunch theorem is that, as

better understanding he choice and tuning

eries, the family of learni

of 'suitable' lear, the analysis on

their perfor

st learning systems exhibiting spac

forecasting % model itself

e AR: AutoRegres f/een an observation

e MA: Moving Average. ARIMA uses the dependency between an observation and a
residual error from a moving average model applied to lagged observations (i.e., a
moving average process is a linear combination of past errors).

A standard notation of ARIMA(p,d,q) is used to describe the ARIMA model parameters that

represent these aspects where:

e AR =p =The number of lag observations included in the model.
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e |=d=The number of times that the raw observations are differenced.

e MA = q = The size of the moving average window.

Constructing the three ARIMA components helps to visualise how the model itself works
(Shmueli and Lichtendahl, 2016): An AR model is similar to a linear regression model, except
that the predictor variables are the past values of the series. A linear model would be fit
between power and time by setting power as the output variable, y, and time as the time

index, t, as per Equation 10:

Such but it
canng this
infor esin
neigh n as
autoco at lags
1,2

An ARMA(q) model alse sfecast errors by adding

autocorrelation terms up to lag

yt - B0 + Blyt—l + BZyt—Z ot prt—p

t €+ Blet_l + Gzet_2+ .t qut_q#(12)

Data preparation

In this way, AR and ARMA models are not capable of modelling trend or seasonality. An

ARIMA(d) model therefore incorporates a step known as differencing which has the effect of
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making a timeseries stationary’ and removing a trend that can negatively affect the
regression model. The technique of differencing and the effect of first order differencing of

the LHB power (P_avg) series is illustrated by Figure 12.

date time P ki leulati first
- —“ﬁgt W ealcn on difference
31/12/2012 23:00 911 MaN MNan
31/12/2012 23:10 996 996 - 911 B85

31/12/2012 23:20

g (kw)

P av

2016

Date time

g, 1st difference (kW)

P_av

—-1000

250000

Figure 12. Method for calculating the first difference of a timeseries (top), original P_avg timeseries (middle)
and 1st differenced P_avg timeseries (bottom).

% See Section 4.1.2.
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3.5.2 SARIMA

A seasonal ARIMA (SARIMA) model is formed by including additional seasonal terms in the
ARIMA model. The additional seasonal terms are multiplied by the non-seasonal terms of
the model. The expression is written:

ARIMA(p, q, d) x (P,Q,D)m #(13)

T non—seasonal part of the model T seasonal part

where:
P = number of seasonal aut
@ = number of seaso
D = number of se
m = seasonal

RIMA model (Tay

A summary Disadva ble 8.

Table 8. Ad) 19).

to a suite of standard structures in ARIMA foreca
ta, and as such provides a simple errors whent

differencing, a
average com
understandi
model out
3.5.3 Proph number

Prophet is a time e timeseries data

that exhibits multiple changes, outliers, and
holiday effects. It has also been djustable parameters that do not
require extensive knowledge of the model. It learns a model that decomposes timeseries
into three main components: trend, seasonality and holidays (Taylor and Letham, 2017).

These components are combined as per Equation 14:
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y()= g(t)+ s(t) + h(t) + €, #(14)

where:

y(t) = Forecasted value

g(t) = Trend function which models non-periodic changes in the time series

5(t) = Periodic changes (e.g., weekly, and yearly seasonality)

h(t) = Effect of holidays (which may be irregular)

€; = |diosyncratic changes not accommodated by the model, assumed normally distributed

Trend

Prophet models trend g growth model and a

e. This type of growth is o

piecewise linear g

Prophet umber of
users of 9 growth
in nat ling or

might be the number of people that h|

) the rate of growth (e.g., new produc

(for insta cy with

known product laun

1 The reader is referred to Taylor and Letham, 2017 for a more comprehensive explanation.
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C()

9() = #(15)

1+exp(—(k+a(t)'5) (t-(m+a(®'v)))

T rate of growth adjustment term

where:

g(t) =trend function

C(t) = carrying capacity at time ¢
k = growth rate

m = offset parameter (required to connect endpoints of projected segments)
a(t)” = vector containing all previous rate adjustments

& = change in rate

¥ = number of change points multiplie

For timeseries that dg a linear, constant rate

of growth that is qodel is given by

Equation 16:

13, As such, Pre y periodic signal

that best fits the data’

11 For further explanation of Fourier series, the reader is referred to Taylor and Letham (2017) and Wikipedia
(2021b) and references therein.
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Six sine functions

a, cos(nx) + b, sin(nx) (blue)
of different amplitudes and
harmonically related
frequencies

YYYY-

holiday co s produced
continuously.

The data does, hov and outliers (see

isadvantages of Proystwind power

Section 4.1) making Prophi
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Table 9. Advantages and disadvantages of the Prophet model (after Taylor : ; Skander, 2020).
s dNOWINg

—

Additive model

Fourier seasonality model

Trend growth model

Tunable parameters

Robustmess to missing data

Assumption of no causal relationship
between past and future values

Simulated Historical Forecasts
[SHFs)*

Prophet can readily
MNew components

relative to ba
outliers, or whe

* To generate historical forecast errors, Prophet uses a procedure called si
within the history and the total error can be evaluated.

ries to model seasonality increases the risk of

ntinue to change at the same frequency and
n projected forward, this can produce wide

best curve to the time series. By using arbitrary
t can reduce to standard logistic or linear
approach zero.

ts to prove that parameter adjustment leads

ted by the model (i.e., noise in the signal) are

measuremaents.

, the more correlated their estimates of error are which
ation and slows down forecast evaluation.

5ts to be computed which becomes computationally expensive

sts at various cutoff points in the history, chesen such that the horizons lie
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3.5.4 Recurrent Neural Network

Recurrent Neural Networks (RNNs) are a type of Artificial Neural Network (ANN) capable of
predicting future values of a timeseries. Artificial Neural Networks are ML models inspired
by biological neural networks. Biological neural networks consist of millions of neurons
organised such that each neuron is connected to thousands of others via synapses. Neurons
produce electrical impulses that cause synapses to release chemical signals known as
neurotransmitters. When a connected neuron receives a sufficient volume of
neurotransmitter, it releases its own electrical impulses, propagating the signal along the
network. The more positive feedback they provide to the overall system, the stronger and

more established the synaptic connections become.

By way of imitation, artificial neurons consist of one or more binary inputs (activated/ not
activated) and a binary output. This output forms the input/ connection to subsequent
neurons. Each neuron activates its output when a predetermined number of inputs are
active, propagating the signal across the network. Error in the output of each neuron is
measured and the neuron's weighting within the system is adjusted accordingly, mimicking
the feedback mechanism of biological neural networks (Gerén, 2019). Neurons can be
grouped together in layers, and layers can be stacked to form deep neural networks where
the emphasis of the model is on learning successive layers of increasingly meaningful
representations of the data (Chollet, 2021). Recurrent Neural Networks are very similar to
the ANNs described above except that their neurons also have a backwards-facing output

(Figure 14). This enables them to handle sequential data very well.
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Figure 14. RNN structure schematics (left), unfolded in time (right). a. A recurrent neuron. b. A layer of
recurrent neurons. c. A deep RNN. Backwards-facing outputs are highlighted by dashed lines (after Gerdn,
2019).



As a person reads a sentence, he or she processes it word by word while keeping a memory
of what came before. This results in a fluid representation of the passage of text. In this way,
human neural systems process information incrementally while maintaining an internal
model of what is being processed. This model is built from past information and is constantly
updated as new information is taken in. The backwards-facing outputs of a RNN’s neurons
enable it to do the same, albeit in a simplified version: sequences are processed by iteration
through the sequence elements while an internal state is maintained that contains
information regarding what has gone before (Chollet, 2021). This internal state can be
thought of as a type of memory. Figure 15 provides a schematic explanation of how it is

achieved and maintained in a LSTM cell (see below).

Because of this design, RNNs are often able to perform better than other ML algorithms on
large, complex problems. Their form means that they are inherently data-hungry models,

able to make use of very large datasets. This makes them a good fit for the LHB dataset.
Disadvantages

Despite the advantages outline above, RNNs can suffer from two main issues:

1. Unstable gradients and

2. Very limited short-term memory
Unstable gradients can be managed using a technique known as dropout (see Appendix D)
and limited RNN short-term memory can be augmented using Long Short-Term Memory

(LSTM) or GRU cells (Figure 15).

The use of LSTM cells results in better performance, faster convergence during training, and
better detection of long-term dependencies in the data. Due to the transformations
performed on the data as it passes through the RNN, some information is lost at each time
step. As this effect accumulates, it can become critical. In principle, LSTM cells reduce this
effect by enabling the network to learn what information to save, and what to discard over

the longer term (Figure 15).

12 Gradient Descent is introduced in Appendix D (esp. Figure 38). See Gerdn (2019) for further explanation.
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For the reasons outlined above and in Appendix D, these techniques are incorporated into

the RNN models used in this study. Where appropriate, the specific LSTM-RNN configuration

is henceforth referred to as LSTM-RNN.

Data preparation

Another drawback of RNNs is that they require a significant amount of data preparation in

order to function. An explanation of the steps undertaken in this study, along with a

discussion of some further drawbacks of the RNN is presented in Appendix D.

A summary of the advantages and disadvantages of RNNs are summarised in Table 10.

Table 10. Advantages and disadvantages of the RNN model (After: Gerdn, 2019; Chollet, 2021).

Feature

Advantage

Disadvantage

Backwards-facing neurons

Layering and stacking of
neurcns [Deep Neural
Metworks)

Data preparation

LSTM cell

Use of stochastic gradient
descent to minimise loss
function

Enables the maintenance of an internal state or
model of information that has already been
processed.

Enables the [iterative) processing of large

Enables the capture of highly complex patterns
within the data

Facilitates the learning of successive layers of
increasingly meaningful representations of the
data

Increases training (comnvergence) times

Results in better performance, faster
convergence during training, and better
detection of long-term dependencies in the data

Increases fitting speed and enables training cn
large training sets

Iterative exposure to the sequence of data
results in long fitting times.

Increases fitting time

Requires advanced statistical and programming
expertise and additional overall model
construction time.

Requires additional expertise and knowledge

Stochasite nature means that once a minimum

is reached, the algorithm continues searching for
a solution. Final parameter values are therefore
good but not necessarily optimal.
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As the long-term state c.;) proceeds through the The ‘input gate’, controlled An LSTM cell is similar to a normal cell

cell, it passes through the “forget gate’, by iy, controls which parts except that its incoming signal or ‘state’ is
disregarding some information and later adding of g, should be added to divided into two vectors. These can be
new information through an operation that adds the long term state thought of as a short-term state, h, and a

data selected by the ‘input gate’. ¢, then passes

long-term state, cy.
out of the cell without further transformation.

Y
? A copy of ¢, passes through a tanh
function and is later filtered by the
Forget gate | ‘output’ gate. This produces the short-
Cer) —p—@ @ > Cy term state hy; which is the output of
Input gate h Il his ti )
® / ® L h,, the cell at this time step, y,

The ‘forget gate’, controlled by fol &0 i(t,T o(t,HOutput gate | o

f.,), controls which parts of the '® Elem'en‘t—w.ise
long-term state are discarded FC FC FC FC 1 mumpl'camnf
- @ Addition
Py =y LSTM cell | | &= logistic
T &= tanh |
X
The principal layer, gy, analyses New information is added to the The ‘output gate’, controlled by oy,
the current input, x,, and the system as the current input vector, x,), controls which parts of the long-
previous short-term state, hy.,, and the previous short-term state, h,. ), term state should be read and
pass through four different, connected generate the output for this time
layers that serve different functions step, for both h, and y,).

Figure 15. LSTM configuration (after Gerén, 2019).



3.6 Model evaluation

Many methods have been applied to assess model performance during ramp event
characterisation (Table 5), depending on the output being predicted and whether the
problem is one of classification or regression. Since the aim of this study is to predict wind
power output and associated ramp events, the primary problem is one of regression. A
typical error evaluation measure for regression problems is Root Mean Square Error (RMSE).

RMSE gives an idea of the percer makes in its predictions (zero

indicating perfect fit). A

ate data

in which there are many

outliers is Mean Ap as is the case with

ramp events (g

Howe

Martiné er the

tendencie erisation.

LSTM-RNN using physica

from the LHB dataset.

3 e.g., https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview
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4 Results

This chapter is organised into three sections: 1) results of the EDA 2) a comparison of the

high-level modelling results and 3) key outputs from each model.

4.1 EDA results

4.1.1 Data quality and statistical distributions

Overall data quality is high, eadings requiring cleaning or

removal. Statistical distyi ented in Figure 16.
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The power histogram shows a Lorenz curve-like distribution which
indicates that average power output from each turbine is generally low
(most frequently less than ~150 kW) and rarely reaches the maximum
capacity of 2050 kW. This is reflective of the wind speed data and is in line
with expectations.

Figure 16. Statistical distributions of the selected LHB variables a. raw b. cleaned.
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4.1.2 Stationarity

When modelling timeseries data, it is assumed that the summary statistics of the
observations are consistent over time. A timeseries is considered stationary when this is the
case, and non-stationary otherwise. The assumption of stationarity in a timeseries can easily

be violated by the presence of trend, seasonality, and other time-dependent structures

(Brownlee, 2019). Reviewing shows obvious trends in all

features: higher wind Qng short-term cyclicity

in wind direction that all features

are non-statio i bl B RS L] iR EEdE  df Bl ':_
'r'l'a'.f,:,i:_'r',ﬂ!f.;!,l,-‘r}_lj:.i,!,i,qu'- lji!J'Fiiw_‘ﬁ;,t|l'|l_l|..'?l'1’=ﬂl.gJ"- .1}=|-|: L
i {14 &L ! I i b i
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Date_time

Figure 17. LHB physical features averaged at wind farm level. Ws = wind speed, Wa = wind direction, P = active
power, Ot = outside temperature. Outliers are clearly visible in the Power series.

The Augmented Dickey-Fuller Test (ADF) is a test that can be used to provide statistical

evidence of stationarity. The null hypothesis, H,, of the test is that the series is stationary.
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o, the data is non-stationary
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Figure 18. Calculation of autocorrelation (schematic). After Box et al. (2015).

A timeseries is considered autoregressive when previous observations are predictive of later

observations. Autoregressive data shows a gradual decrease in the autocorrelation plot.
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Partial autocorrelation quantifies the relationship between an observation in a timeseries

with observations at prior time steps after the effect of intervening observations is removed.

It can be used to determine the order of an AR(p) model.

The autocorrelation and partial correlation plots of the 10-minutely and resampled hourly

power series are presented in Figures 19 and 20.
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The hourly power series is less
autoregressive — shown by the
sharper decline in autocorrelation.

The autocorrelation plot also
reveals a diurnal seasonality -
indicated by peaks in the
correlation coefficient every 24
hours. This indicates that the
primary atmospheric processes
that affect wind speed over the
LHB site occur over daily cycles.

The partial autocorrelation plot,
however, again suggests that there
is no statistically meaningful
correlation for lag values beyond
lag 1

Figure 20. 1-hour P_avg Autocorrelation and Partial-correlation plots (x-axis = lag, y-axis = correlation).

Autocorrelation is also demonstrated in the lag plots of Figure 21. Lag plots are scatterplots

of observations against their lagged values.
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4.1.4 Level, Trend, Seasonality and Noise

Timeseries decomposition is an abstraction of the raw series into components of level (the
average value in the series), trend (the increase or decrease in the series), seasonality (the
repeating short-term cycles in the series) and noise (the random variation in the series).
Statsmodels offers a seasonal decomposition method that first estimates the trend by
applying a convolution filter to the data. The trend is then removed from the series and the

average of this de-trended series fo

ned seasonal component. This is

a naive decomposition e Wlnter‘ months

future research (Sg

investigated as part of
itions of the power

ore complex, and the seasogowninfigure
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Figure 22. Monthly (top) and hourly (bottom) seasonal decomposition plots of the P_avg timeseries
components Level (Original), Trend, Seasonality and Noise (Residual).
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comparisons are not possible between the different datasets. For the same reason,

multivariate LSTM-RNNSs results are presented separately in Section 4.3.
Predictive accuracy

Using 10-minutely data, the most accurate model is the LSTM-RNN with a test MAE of 27.34
kW. The LSTM-RNN is followed by ARIMA and ARMA with test MAEs of 49.42 and 50.06 kW
respectively. Prophet is the least accurate model with a test MAE of 336.16 kW. Using hourly
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data, ARMA slightly outperforms ARIMA (test MAEs of 93.1 to 93.26 kW respectively).

Otherwise, the ranking remains unchanged.
Computation time™

ARIMA is the fastest model to fit the 10 minutely data (1m 35s), followed by ARMA (4m 46s)
and Prophet (8m 2s). By a significant margin, the LSTM-RNN is the slowest fitting model
(29m 34s). ARMA, ARIMA and Prophet all fit the hourly data within one second of each

other (41s, 42s and 43s respecti : nificantly slower at 6m 56s.

On average, thg qost accurately

* Computation times are provided in this section for comparative purposes only. See Appendix C.
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4.3 Model outputs

SARIMA was found in this study to quickly run into memory issues when fitting hourly
univariate data datasets of more than one week in size (i.e., 168 observations)®. Since

sufficient seasonality cannot reliably be captured in a one-week sample of the LHB dataset,

SARIMA is not considered further in this section.

4.3.1 10-minute data

ARMA
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> See Appendix E.
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Prophet

In all Prophet plots, power predictions are represented by an opaque blue line. Black dots
represent actual power values. Prophet’s default 80% uncertainty interval is shown by the

light blue area. Power output in kW (P_avg) is plotted on the y axes.

Figure 26. Prophet test predictions.
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Recurrent Neural Network

Univariate data
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Recurrent Neural Network

Multivariate data
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The test predictions show that the model often misses extreme high readings. The learning

curves, again, indicate that the model is overfitting and is sub-optimally adjusted.
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4.3.2 Hourly data
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Figure 30. ARIMA test predictions.

The ARIMA test score of 149.1 RMSE indicates that the model is indeed very poor. The

similarity of the training and test scores (Table 11) indicate that the model is not overfitting
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the data. ARIMA is again more able than ARMA to predict positive ramp events, but less able

to predict non-ramps and negative ramps (Table 11).

Prophet
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Figure 31. Prophet test set predictions.

When fitted to hourly data, Prophet is very conservative in its predictions of power output,
not venturing very far from the mean (Figure 31). The width of the uncertainty interval is
reduced compared to the model fit to 10-minute data, a fact reflected by the model’s
improved non-ramp accuracies. No outliers are captured by the model - reflective of the

model’s poor ramp capture statistics (Table 11).
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Recurrent Neural Network

Univariate data
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Date time
non-ramp MAE of 15.00 K - accuracy of the LSTM-RNN’s

positive and negative ramp predi even (e.g., 20.8 and 20.82 MAE
respectively). The LSTM-RNN appears to capture outliers very well, however, the learning

curves once again indicate overfitting and sub optimal adjustment.
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Recurrent Neural Network

Multivariate data
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test predictions show that the LSTM-RNN misses some of the extreme low values and the

learning curves, again, indicate overfitting and sub optimal adjustment.
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5 Evaluation and discussion

This section provides a critical and reflective review of the findings, learning, and quality of
the research produced by this study, and how this thesis contributes to the initial research

problem.

5.1 Findings and learning

5.1.1 EDA

The results obtained 1t the wind speed and

power timeserieg . To understand
this, it is imp { on Equation

17:

e time trend
' autoregressive process
The inddOt test

tests alone and stresses the benefit 0T troree
5.1.2 ARMA and ARIMA

ARMA and ARIMA are discussed together due to the similarity of their results (Table 11).
This similarity can be explained by the aforementioned apparent stationarity as measured by
the ADF test: ARIMA is able to model trend by differencing the data to in order to make it
stationary. However, as explained above, over the entire period of the dataset, the trend of

the power series exerts only a negligible effect on the stationarity of the data and therefore
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on the ARMA model. Thus, ARIMA is only able to offer slight improvements over ARMA. A
discussion of SARIMA is presented in Appendix E.

5.1.3 Prophet

Although Prophet is advertised as ‘typically able to handle outliers well’ (Facebook Open

Source, 2017), its inability to handle outliers in the LHB dataset was demonstrated in the

poor ramp performance statistics of Table 11 and Figure 26, where outliers resulted in a
A CCO LT

widening of the model’s unce he design of the model and the

typical datasets upo designed for use by

age frequency and mag

Facebook analysts aducts as outlined

em with trend

A
W

in Section 3.

Ince this assumption is strong, th

changes. assuming

that the s seen in

2y may however be used as an indicat

are not

or and

approaches for handling outliers:

d adjusting

the Facebook-recommended

NWP output dce additional

error since neitf emain constant.

aotic nature of wind da

Cting ramp events, the

Finally, since outliers a

option of removal is not appre e least-suited model to the

N
characterisation of ramps in the LHB dataset.

5.1.4 LSTM-RNN

In terms of accuracy, the LSTM-RNN is the best performing model (Table 11). It has been
shown to predict wind power and all ramp event types most accurately. However, when
using default settings, overfitting was evident in every use case. None of the other

algorithms are capable of modelling the multivariate nature of the LHB data which the
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design of the RNN, as outlined in Section 3.5.4, enables it to do. Modelling of multivariate
data improved accuracy using 10-minute data, but not when using hourly data. This has
implications for the planned use of (hourly) NWP outputs and will require analysis prior to
further model development. Possible reasons (and lines of future investigation) may include
the resampling and imputation methods used, or the differences in ramp frequencies
between the datasets. Despite this, the RNN shows the greatest potential for further

development.

The backwards faci ‘Q an internal state of

(Figure aningful
epresk@S the LSTM-RNN well suited to thejuenc
being = LHB
datas

5.2

521 L

wyperparaqUAlity

One of the pri -~ Whilst it could

t a consideration of

for future research

model tuning, the Prophe

be argued that co
additional accuracy that has

not been fully explored here.

One of the tuneable parameters that Prophet offers relates to the number of changepoints
used when forecasting. As discussed in Section 5.1.3 however, this is unlikely be of benefit
when predicting future changes in wind speed or power output. A second tuneable
parameter that Prophet offers is the number of terms used in the derivation of the Fourier

sum (Section 3.5.3, Figure 13) to determine how quickly the seasonality can change.
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Prophet’s default values are based on data with yearly and weekly seasonality. Increasing
this parameter allows for fitting seasonal patterns that change more quickly but with an
increased risk of overfitting (Taylor and Letham, 2017). This is indeed reflected in the results
of cursory experimentation with seasonality tuning where negligible gains in accuracy are
made at the expense of increased disparities between training and testing accuracies (Table

13).

Table 13. Results of Prophet seasonW—\

Data Negati
Model saam e Data Seasal ¢ :I:a a:.: Non-ramp MNon-ramp
rmp selection T pl " acc. (RMSE) acc. (MAE)

422.49 299.8

larger amount of tuning flexz =

2 320.31

Prophet Hourly Univag
Prophet Hourly Uni
Prophet Hourly

e considered one of their primary

n with the

learning rate w

ategies to establish a suita

18 For further detail, the reader is referred to Gerdn (2019), Chapter 10.
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Loss
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Epoch

A (2019).
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D
Model I
Ig::tr:pe . . acc. (RMSE) acc. (MAE)
in Table 14
daple .
RMN Hourly  Univariate 0. 8.03 27.62 20.39
RMN Hourly  Univariate 0.04 13.18 11.94 10,15

\/

The results show the LSTM-RNN’s sensitivity to the learning rate parameter and reflect the

need for rigorous systematic tuning experimentation if accuracy limits are to be tested. They

also demonstrate the potential margin for model improvement left unexplored by this study.

Although the demonstrated increase in accuracy is significant, tuning experiments are

temporally and computationally demanding and are therefore beyond the scope of the

7 Introduced in Appendix D.
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current study. The author would hope to include such experimentation, as well as model

generalisation testing (i.e., using different datasets) in future research.
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Figure 35. LSTM-RNN learning curves for hourly, univariate LSTM-RNN. LR = Learning Rate.

Advanced partitioning and roll forward validation

Throughout this study, the predictive accuracy of each model has been evaluated by
partitioning the data into fixed-size training and tests. This approach permits only a limited
evaluation of predictive performance since only one single future time step is forecast at a

time. An alternative approach would be to use a roll-forward validation period which

involves creating multiple train- agrtitioning one period at a time.

In DA ramp™

This methodology woul# cenario in which ramp

forecasts were ref]

of Figure 21, where the autou

ed in

inclusio MAE in

pre-processing expe 6r ultimately, wholly

d Nielsen, 2019).

necessary (e.g., running ents to gain only small
improvements in accuracy). A more effective approach might have been to spend more time
investigating additional multivariate models or feature engineering. Interesting results could
have been obtained by expanding the family of models to include Genetic Algorithms as
applied by Martinez-Arellano (2015), Vector ARIMA, or RNN variations such as GRU cells for

example. The application of ensembles, an approach recently shown to increase predictive

performance (e.g., Liu et al., 2019; Dhiman et al., 2020), could also have been investigated.
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5.3 Research contributions

This thesis has contributed new knowledge to the field of ramp event forecasting which is
currently an area of active research due its importance in the growing integration of wind

energy into electricity markets worldwide (Figure 36).

TWh

As the wind

ation Forecast data based on Sta
ational Energy Agency, 20

Energy Directive, the European

large farms where r to the grid. This

will especially be the cz part of its Renewable
vestments equating to installed
capacity of between 240 and 450 GW of offshore wind power will be needed by 2050 to
keep global temperature rises below 1.5°C (European Commission, 2021). As wind farm sizes
and capacities increase, the effects of sudden changes in wind speed on power output and

grid stability become even more significant. This is especially true during ramp events.

While conventional power plants have a reliable production capacity per hour, wind farms

are inextricably linked to the natural variability of the wind. Therefore, it is not possible to
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treat wind power as a conventional energy source. If wind power is to be integrated into the
electricity grid as per any other source, it must be considered during the operational
procedures of the electricity market, which involves making decisions based on future
demand and production. Until such time as new energy storage technologies or alternative

innovations are developed, this requires a wind power forecast.

One such alternative innovation currently being developed by turbine manufacturing giant,
Siemens Gamesa (SG), is that of green hydrogen: At its Brande Hydrogen pilot test site, SG
has coupled an existing onshore wind turbine with an electrolyser stack to investigate the
production of hydrogen from the electrolysis of water. The company aims to use commercial
volumes of hydrogen to decarbonise refining processes and ammonia production. SG is also
using the Brande Hydrogen site to explore whether integrating new battery technology can
contribute to grid stability and help address issues around wind variability. Batteries can
store energy that allows electrolysers to run for longer and produce more hydrogen, or they
can distribute energy to the grid to help ease supply bottlenecks (Siemens Gamesa
Renewable Energy, 2021). Until such alternatives become mainstream, however,
management of energy supply through improved forecasting remains a cost-effective

solution to the problem of wind power integration.

Using current practices, wind farm costs arising from imbalances between contracted and
produced energy are directly proportional to forecast errors (Girard et al.,, 2013). This
relationship was quantified in the case of a Dutch wind farm where improved forecasting
was shown to reduce annual (regulatory) costs by 39% (Pinson et al., 2017). Currently,
state-of-the-art wind power forecasting systems can achieve a RMSE of 10-15% of total
installed capacity over a 36-hour horizon (Martinez-Arellano, 2015; Giebel, G. et al., 2011),
thus representing a target for continued development. It is evident then, that improvements
in wind power forecasting capability such as those targeted by this work have and will
continue to drive down costs of wind power. Cost reductions will play an essential role in
improving the competitiveness of wind energy against non-renewable energy sources,
enabling a global transition to cleaner fuels, and facilitating climate change mitigation

(Figure 36).
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Motivated by this, the work presented in this thesis provides precursory information that
will inform planned further research aiming to improve ramp event forecasting accuracy.

This information takes the form of:
5.3.1 Statistical analysis of a typical wind farm dataset

A major contribution of this research was the thorough statistical analysis of the LHB
dataset. Most published work on ML ramp event forecasting presents model performance
results with little, if any, discussion of the links between the ML methods and the datasets
used. When applying any ML model to a given task, it is important to match as many of the
characteristics of the problem as possible to the ML model (Brownlee, 2019). The results
showed that the LHB dataset exhibits:

® An autoregressive character that can be modelled over the very short-term

e Multiple, complex trends and periodicities (seasonalities) that are challenging to model

e Many outlying values and signal noise that adversely affects the modelling of trends
These results can also be used to inform future research that focuses on similar tasks using

similar datasets.
5.3.2 Model comparisons

A second contribution of this work was the consideration of the strengths and weaknesses
of the family of ML models and their applicability to the modelling of a typical wind farm
dataset. All model run times were below the 1.5 hour target time set out in Section 1.5 and
are therefore considered successful in terms of computation time. The results show the
potential for LSTM-RNNs to outperform all other models on the task of ramp event
prediction. Prophet was shown to be the model least capable of predicting ramp events. The
way in which Prophet models trend and seasonality (Section 3.5.3) coupled with the
complex trends and periodicities in the LHB data (e.g., Figure 22, Section 4.1.4) was
proposed as the reason for this. ARMA and ARIMA were shown to be the next best
performing models. The autoregressive methodology that ARMA/ARIMA uses to model
time-series data (Section 3.5.1), combined with the very short-term autocorrelative nature
of the LHB data (Section 4.1.3) was put forward to explain this. The LSTM-RNN was the
model most capable of predicting ramp events. The LSTM-RNN’s ability to maintain an

internal state or model of the information being processed, coupled with the complexities of
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the LHB dataset was the suggested explanation for this. In addition, some interesting
nuances of the models (e.g., more accurate modelling of negative ramps than positive
ramps) have been revealed that could have implications for further ML-based ramp
modelling. The results of this study provide scientific grounds on which model selection in

further research can be based.

5.3.3 Non-binary ramp characterisation methodology

This work also contributes recast literature that uses a

non-binary ramp eve y definitions outlined
in Section 2.2.1, d refer to them.
field wishing

to explore
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7 Appendices

This section provides a map of the associated code repository, computational specifications
for reproducibility purposes, records of supervisor meetings, and supplemental material that

attempts to briefly elaborate on some of the topics touched on by this thesis.
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7.1 Appendix A — Code file map
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7.2 Appendix B — Meteorological processes associated with ramp events

7.2.1 Planetary scale
The planetary scale atmospheric setting of the study area is visualised in Figures 3 and .
7.2.2 Macroscale

Macroscale processes include large-scale weather systems such as low- and high-pressure
areas and cold and warm fronts. Ramp events are typically caused by low-level high wind
speed features associated with the passage of the fronts (Zack, 2007). Figure 4 shows how
these features develop and dissipate over the study areas throughout the course of one
week. The long-life cycles, the large horizontal scales and the strong controlling influence of
these large-scale weather systems means that they are generally well forecasted by NWPs
and the accuracy of their prediction is fairly high. Their development and dissipation are
important over DA timescales (Zack, 2007). Cutler et al. (2009) found that the majority of
ramp events experienced by three wind farms in Australia were associated with cold fronts,
low pressure systems and troughs. Other studies from Germany (Steiner et al., 2017) and
Portugal (Couto et al., 2021; Lacerda et al., 2017) have shown strong correlations between
power system critical ramp events and fronts and troughs associated with cyclones. Couto et
al. (2021) highlight that high wind power variability is to be expected under cyclonic weather
regimes whereas ramp events associated with low levels of power generation are more

common under anticyclonic conditions.
7.2.3 Mesoscale

Mesoscale processes include lower atmospheric circulations such as low-level jets and
thunderstorms, thermally driven flows such as sea-land breezes and Anabatic/Katabatic

winds, and flows linked to topography (orographic forcing) such as mountain-valley winds.

Low level jets are high wind speed features driven by sharp pressure-temperature gradients.
They have an extension of a few hundred kilometres, typically occur at 300-400m altitudes,
and heavily influence weather patterns in the lower levels of the atmosphere (Orlanski,
1975). Deppe (2013) showed that low level jets were associated with 29-32% of ramps
identified in their Pomeroy wind farm (lowa, USA) case study. A seasonal wind known as La

Nortada is an example of a coastal low-level jet that affects the NW coast of Spain. Using the



WRF ERA-Interim reanalysis dataset, Soares et al. (2013) showed that La Nortada was active
on almost 70% of summer days between 1989 and 2007 and was responsible for

north-north easterly winds with mean and maximum speeds of 15 and 25 m/s respectively.

Thunderstorms typically have life cycles ranging from one to twelve hours and can have
horizontal scales on the order of tens of kilometres. Effective prediction of ramp events
induced by thunderstorms relies upon the skill of NWP models which are poor predictors of
the timing and location of individual thunderstorms. Meteorological observations typically
provide little useful information regarding this type of ramp event but they can act as
supplemental or confirmatory data sources. Whilst NWP models cannot be used to predict
individual thunderstorm-induced ramp events, they can be used to indicate when the
probability of large ramp events is above or below average over a period of several hours

(Orlanski, 1975; Zack 2007).

Thermally driven flows are divided here into Anabatic and Katabatic flows. They also include
sea-land breezes however, these are not expected to influence the LHB site given its inland
location. Anabatic flow can occur when air is heated relative to its surroundings. For
example, at a mountain side exposed to the sun, air near the warm surface will initially rise
and then begin to cool and descend as its proximity to the surface (the heat source)
decreases. This can lead to a weak circulation and cloud formation above the flow
(Landberg, 2015). Katabatic flows are formed, often at night, as heat loss from the surface
cools the air within its proximity causing it to become denser and to start to descend. This
process can be accelerated in downhill settings leading to strong and destructive wind
speeds. Although thermally driven windspeeds can reach damaging levels (e.g., 25 m/s
reached by the Mistral wind in southern France), their effect on the wind resource is quite

limited (Landberg, 2015).

Orographic forcing describes how atmospheric flow near the Earth’s surface follows
topography. Mountains/hills and valleys affect both wind speed and direction. As air flows
over a hill, compression of the air resulting from the displacement imposed by the hill itself,
causes the wind speed to increase (hence wind turbines are normally situated on hill tops

rather than in valleys). The direction of the wind is also deflected around the hill (Landberg,
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2015). La Haute Borne resides in gently sloping terrain. The site predominantly experiences
prevailing winds from 50° and 220°. The various topographic features that may
orographically influence winds blowing from these directions are labelled in Figure 6, Section

2.

The horizontal scale of mesoscale processes ranges from a few to a few hundred kilometres
and their lifespans range from a few hours up to a day (Landberg, 2015; Orlanski, 1975; Zack
2007). The smaller spatiotemporal scales involved make it more difficult to distinguish these
processes and to monitor their evolution. The forecasting of the development and
dissipation of these systems is more important than monitoring of their movements. NWP
models can provide fair to good prediction of the winds associated with mesoscale

circulations over DA or even two day-ahead timeframes (Zack, 2007).
7.2.4 Microscale

In contrast to moist convective processes, dry convective processes occur over shorter (and
more variable) spatiotemporal scales. Dry-convective ramp events typically occur in two
ways. Firstly, small changes in atmospheric stability or increases in vertical wind shear can
cause the sudden turbulent mixing of layers of different wind speeds at turbine rotor levels.
Many explosive ramp-up events are associated with this process as wind aloft at higher
speed is brought down to rotor level. Secondly, sudden near-surface cooling can drastically
increase atmospheric stability at rotor level and decrease the amount of vertical turbulent
mixing. This can lead to significant and sudden reductions in wind speed and associated
power output over a relatively short time frame. The key to predicting dry convective ramp
events lies in the ability to anticipate the underlying changes wind shear and
thermodynamic stability. Meteorological towers again provide little useful information about
the vertical mixing of the surface layer and NWP models have little skill in predicting specific
turbulent mixing events, especially over the DA timeframe. However, once again NWPs can
be used to indicate time windows in which the probabilities of dry convective ramp events

are higher or lower than average (Zack, 2007).

The ramp events described to this point have all been driven by substantial changes in wind

speed and hence significant meteorological events. However, ramp events can also be
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caused by very small changes in wind speed under the circumstance that wind speed is
already at or near the turbine cut-out (overspeed) threshold, which is typically around 25
m/s for most modern turbines. This type of ramp event is very difficult to predict accurately
as small errors in the wind speed forecast can result in large errors in power output
forecasts. The ability to predict such critical changes in wind speed varies depending on the
meteorological cause: as has been discussed, large events can often be anticipated by NWPs
with high levels of accuracy, however, local microscale circulations, dry turbulent mixing or

thunderstorms are difficult to forecast due to their rapid evolution (Zack, 2007).

Surface roughness is discussed here due to the significant influence that it exerts over
vertical wind profiles (and the modelling thereof) at local scales. Although surface roughness
has not commonly been identified as a direct cause of wind ramps, Wirth et al. (2018)
recently suggested that the effects of local roughness dominated over those of larger scale
phenomena during ramp events. The same authors, however, point out that their analysis is
based on an ‘unrealistic’ model. Rough surfaces (e.g., forests) generate frictional drag that
increases vertical wind shear and reduces the momentum of turbulent flow (American
Meteorological Society, 2020). Forests likely to affect the LHB turbines are also labelled in

Figure 6, Section 2.

Obstacles are the final microscale atmospheric influence discussed here. They typically
consist of buildings or shelter belts (e.g., a row of trees). Their effect is to reduce wind speed
and increase turbulence from ground level to 100m height. LHB is free from obstructive
buildings, however rows of trees are likely to exert an influence. Obstacles are not typically

accounted for by NWP models (Landberg, 2015).
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7.3 Appendix C — Google Colab CPU specifications

Computation times are provided in this section for comparative purposes only. All

experiments in this study were run using a standard Google Colab account with no hardware

acceleration (i.e., standard runtime). In order to be able to offer computational resources for

free, Colab adjusts usage limits and hardware availability on the fly. Resources available in

Colab therefore vary over time (Google, 2021). Colab CPU information as output on 30

December 2021 was as follows:

processor:
vendor_id:
cpu family:
model:
model name:
stepping:
microcode:
cpu MHz:
cache size:
physical id:
siblings:

core id:

cpu cores:
apicid:

initial apicid:
fpu:

fpu_exception:

cpuid level:
wp:
flags:

bugs:
bogomips:
clflush size:

0

Genuinelntel

6

79

Intel(R) Xeon(R) CPU @ 2.20GHz
0

Ox1

2200.158

56320 KB

O oOoOkFr OoONO

yes
yes

13

yes

fpu vme de pse tsc msr pae mce cx8 apic sep mtrr pge mca cmov pat pse36 clflush mmx fxsr
sse sse2 ss ht syscall nx pdpelgb rdtscp Im constant_tsc rep_good nopl xtopology
nonstop_tsc cpuid tsc_known_freq pni pcimulgdq ssse3 fma cx16 pcid sse4_1 sse4_2 x2apic
movbe popcnt aes xsave avx f16c rdrand hypervisor lahf_Im abm 3dnowprefetch
invpcid_single ssbd ibrs ibpb stibp fsgsbase tsc_adjust bmil hle avx2 smep bmi2 erms invpcid
rtm rdseed adx smap xsaveopt arat md_clear arch_capabilities

cpu_meltdown spectre_v1 spectre_v2 spec_store_bypass I1tf mds swapgs taa

4400.31

64

cache_alignment:64

address sizes:

46 bits physical, 48 bits virtual

power management: n/a
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7.4 Appendix D - RNN disadvantages

Unstable gradients

RNNs can suffer from unstable gradients during training. One solution to deal with this is a
popular regularisation technique known as Dropout, (Figure 37). Dropout has been shown to
improve model accuracy by 1-2%. At each step, each neuron has a probability, p of 'being
left out' temporarily (i.e., being ignored completely during a given training step) yet still
being included in subsequent time steps. The hyperparameter p, known as the dropout rate,
is generally configured at between 20-30% for RNNs. After training, neurons are no longer
left out. The principal behind training RNNs with dropout is that neurons are trained not to
rely on others, making them more able individually and less sensitive to small changes in

inputs. The result is a more stable network that is able to generalise better (Gerén 2019).

Figure 37. Concept of dropout. With each iteration, a random subset of neurons is left out (dropped). These
neurons generate a result of zero in this time step as shown by dashed arrows (modified after Gerén, 2019).

Data preparation — Scaling

One of the primary drawbacks found during the implementation of the LSTM-RNN used in
this study was the complexity of the data preparation process. To illustrate, scaling was
performed using the MinMaxScaler transformer from Scikit-learn. This transformer was
selected so that the effects of outliers (ramp events in this context) were preserved.
However, Scikit-learn offers eight different types of transformer classes and even dedicates

an entire page to a comparison of the behaviours of each, specifically when applied to a
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dataset containing marginal outliers'®. An understanding of such subject matter requires
advanced statistical knowledge which an average TSO analyst may not possess.
MinMaxScaler subtracts the minimum value and divides by the maximum minus the
minimum (Pedregosa et al, 2011). Scaling is necessary because RNNs often expect input
values between 0 and 1. The reason for this is that they employ an algorithm known as
'backpropagation' to minimise the chosen loss function (e.g., Mean Squared Error). At a high
level, the backpropagation algorithm is a stochastic gradient descent (Figure 38d) with an
efficient technique to calculate the gradients automatically: in two steps through the
network (one forwards, one backwards), the algorithm can calculate the error of the
network. In other words, it can gauge how much to adjust the weights of each neuron
connection and each bias term to reduce the error. Once the gradients are calculated, the
algorithm calculates the gradient descent, and the process is repeated until the network
converges to a solution (Figure 38a,b). If the characteristics being used to calculate the
gradients have the same scales, descent along the gradient is most direct (Figure 38c left),
and therefore most rapid. If the scales are different, the descent can take longer to converge
to the minimum point (Figure 38c, right). Gradient descent itself is an optimisation algorithm
capable of iteratively adjusting parameters to minimise the loss function. It is summarised

schematically in Figure 38 (Gerén 2019).

18

https://scikit-learn.org/stable/auto_examples/preprocessing/plot_all_scaling.html#sphx-glr-auto-examples-pre
processing-plot-all-scaling-py
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learning step

minimum

Gradient descent measures the local
gradient of the error function with
respect to a vector of the parameters,
0, then ‘steps’ in the direction of the
descending gradient until it reaches a
minimum. Step size is determined by
the learning rate hyperparameter and
refers to the amount that the network
weights are updated during training.

If the learning rate is too small, the
algorithm can take too long to reach
the minimum or may become stuck in
a local minimum or plateau. If it is too
high, the algorithm could step past
the minimum, causing it to diverge
and not reach a solution.

If the characteristics used
to calculate the gradients
have the same scales,
descent along the
gradient is most direct,
and therefore most rapid.
If the scales are different,
the descent can take
longer to converge to the

" > 9
random A
initial value 0
b.
cost
A
: plateau
' : > 0
local global
minimum minimum
C.
6, 8, B cost
A A
» 0,
d.

cost

9 .. .
1 minimum point.

Stochastic gradient descent selects a
random instance in the training set at
every step and calculates the
gradient based on only that instance.
This makes the algorithm much faster
and makes it possible to train on
huge training sets.

Due to its stochastic nature however,
once a minimum is reached the
algorithm continues to move around.
Final parameter values are therefore
good but not optimal.

Figure 38. Gradient descent optimization algorithm schematic. Modified after Gerén (2019).
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Data preparation — Reframing a time series as a supervised learning problem

Before a Recurrent Neural Network can be used for time series forecasting, the time series
forecasting problem must be reframed as a supervised learning problem. A time series is a
sequence of numbers ordered by a time index. A supervised problem is composed of an

input pattern, X, and an output pattern, y, such that an algorithm can predict y from X

(Figure 39).

Date_time x ¥
31/12/2012 23:00 0 1 2
31122012 23:10 1 2 3
31122012 23:20 2 3 a
31122012 23:30 3 a 5
31122012 23:40 a :’> 5 6
31122012 23:50 5 6 7
01,01,/ 2012 00:00 & 7 8
01,/01/2012 00:10 7 8 9
01,/01/2012 00:20 8
01,/01/2012 00:30 9

Figure 39. Time series (left) vs supervised learning pattern (right).

By shifting a time series forwards or backwards, the time series can be reframed as a
supervised learning problem (Figure 40). In time series forecasting, past columns (t-n) can be
taken as input (X) and used to predict output values (y) of present and future columns (t, t+n

respectively).

Data_tln& E Da.tﬂ-_tllﬂ E-1 E E+1
31/12/2012 23:00 o0 3112/201223:00  Man o 1
31/12/2012 23:10 1 31122012 23:10 o 1 2
31/12/2012 23:20 2 31122012 23:20 1 2 3
31/12/2012 23:30 3 31122012 23:30 2 3 a
31/12/2012 23:40 a 31122012 73:40 3 a 5
31/12/2012 23:50 5 31/12/2012 23:50 a 5 &
01/01/2012 00:00 6 01,/01,/2012 00:00 5 6 7
01/01/2012 00:10 7 01012012 00:10 6 7 8
01/01/2012 00:20 8 01,/01/2012 00:20 7 8 9
01/01/2012 00:30 g 01,/01/2012 00:30 8 8 MaM

Figure 40. Converting a time series to a supervised learning problem.

Rows containing NaN values are discarded as they cannot be interpreted by the algorithm.

This concept can be expanded to consider multivariate time series as in Figure 41.
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Date time warl(t-1) warl(t-1}) wvarl(t) varl(t) warl(t#l) warl(t#l)

31/12/2012 23:10 o 100 1 101 2 102
31/12/2012 23:20 1 101 2 102 3 103
31/12/2012 23:30 2 102 3 103 4 104
31/12/2012 23:40 3 103 i 104 5 105
31/12/2012 23:50 4 104 5 105 6 106
01,/01,2012 00:00 5 105 6 106 7 107
01,/01/2012 00:10 6 106 7 107 8 108
01/01,/2012 00:20 7 107 8 108 9 109

Figure 41. Multivariate supervised learning problem

By repeating this sequence, with shifts of 2 or more-time steps, long input sequences (X) can
be generated and used to forecast individual output values (y) or sequences of output values

(Y) (Brownlee, 2019).

Pre-processing of the data was implemented in this study by defining a function to achieve
the ‘reframing’ described above. An alternative, simpler approach to this step might have
been to use the Pandas DataFrame.shift function, but again, this requires Python
programming knowledge that the average analyst may not have. This example of data
pre-processing warrants a discussion of another of the RNN’s major limitations: the fact that

RNNs act as black boxes.
Black box models

RNNs act as black box models in the sense that, while they are able to approximate a
function, they are unable to reveal any information about the form of the function being
approximated. As an example, the multivariate LSTM-RNN used in this study predicts wind
power, P, as a function of a matrix input features (wind speed, wind direction, power itself,
and temperature), here denoted x. The LSTM-RNN is therefore approximating the function,
f, such that:

f(x)= P #(18)

The issue is that the LSTM-RNN provides no insight into the relationship between its
weightings (see Section 3.5.4) and the form of f. The counter argument to using black box
models is that it is valid to do so when the model or the explanation of the underlying

processes do not matter. However, the perils of this paradigm were highlighted during the
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experimental stages of this study, where pre-processing the data using more than one time
step was found to be including the current power observation in the matrix of inputs. In
other words, the observation being predicted was already contained in the training data.
This led to misleadingly accurate results which would not necessarily be instantly noticeable

to a non-specialist TSO analyst.
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7.5 Appendix E — Auto-ARIMA and SARIMA

Auto-ARIMA

Auto-ARIMA is an algorithm that automatically seeks the most optimal parameters for an
ARIMA  model. It does this by conducting a series of differencing tests
(Kwiatkowski—Phillips—Schmidt—Shin, Augmented Dickey-Fuller or Phillips—Perron) to
determine the order of differencing, d and then fitting models within defined ranges of p
and q. If the ‘seasonal’ optional is enabled, Auto-ARIMA can also identify the optimal P and
Q hyperparameters after conducting the Canova-Hansen unit root test to determine the
optimal order of seasonal differencing, D. In order to find the best model, Auto-ARIMA
optimises for a given information criterion (the default is AIC) and returns the ARIMA

configuration that minimizes the value (Smith, 2007).
SARIMA

A seasonal ARIMA (SARIMA) model is formed by including additional seasonal terms in the
ARIMA model. SARIMA was found in this study to quickly run into memory issues when
fitting hourly univariate data datasets of more than one week in size (i.e., 168 observations).
The reason for this is the way in which Auto-ARIMA optimises for model parameters:
Auto-ARIMA must first estimate model performance for each configuration of the
non-seasonal parameters. It must then estimate the performance for each of those
non-seasonal configurations, multiplied by each seasonal lag. Thus, the number of
calculations required grows rapidly for data with long periods of seasonality and even more
so for granular data with high sample rates between seasonal peaks. This is the case for the
10-minutely LHB data, where the sample rate is every 10 minutes, and the seasonality is

approximately every 144 lags (Figure 42).
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Figure 42. Autocorrelation plot for the raw LHB data showing seasonal peaks at approximately every 144 lags,
equivalent to 24 hours.

To confront this problem, Google Colab Graphics Processing Unit (GPU) runtime was
employed to accelerate processing power. GPUs were originally designed to accelerate the
rendering of 3D graphics. They are capable of processing multiple lots of data
simultaneously and as such can deliver incredible acceleration in workloads that can take
advantage of their highly parallel nature (Intel, 2021). Despite this, Colab GPU runtime still
ran into memory issues on a one-week sub-selection of the LHB dataset. The primary
drawback of this is that sufficient seasonality cannot reliably be captured in a one-week
sample of a four-year dataset resampled at hourly intervals. A secondary drawback of using
Auto-ARIMA is its dependence on AIC optimisation. AIC optimisation returns the ARIMA
configuration that minimizes the AIC value and in doing so, emphasizes the model’s fit to the

data, rather than the model’s predictive performance.
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7.6

Appendix F - Supervisory Meetings

Date

01/06/2021

Meeting agenda | Topic focus

Attendees Hisham lhshaish (HS), Alexis Tantet (AT), Russell Sharp (RS)
Notes Actions
1 | Meteorological models (AT):

¢ Balance to be kept in mind btw. theoretical and operational.
* What is the added value?
e Three hierarchies of climate models:
1. Global weather models (reanalysis):
1.1. Historical - static assumptions of climate change
1.2. Projections - take into account climate change. Must
not be constrained by observations. Key is to use
climate models
1. Global Atlas models (e.g. ECMWF-ERAS).
Key to using these will be to downscale from 50kms to few
kms with a refined mesh and to take account variables such
as convection.
2. Models that include impact of topography (e.g. scale 5x5km

scale, proximity to mountains etc.

Scale (AT):

e Important to define scale.

* Regional assessments of wind potential include fluid dynamics
modelling and therefore become complex and
computationally expensive.

e Large scale models may also mask localised effects.

¢ Downscaling will require reanalysis combined with local
observations (model bias corrections).

¢ Climate projections add model uncertainty.

¢ Scale needs to be appropriate so that ramps are visible
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Notes Actions

Ramp modelling (AT):

e Reanalysis won’t be sufficient. Observations from meteo * RS:
stations will be needed (Anemometers, lidars, wind masts). e Gather historical statistics on:
¢ Key = height at which measurements are made. * Average number

e Ramp duration

e Local variation

¢ Variations between ramps.

¢ Turbine security:
e Shutdowns
¢ Costs
e Turbine damage

¢ Effect on market (whether or
not to sell, availability of
energy)

¢ Low frequency variability

¢ |nvestigate:
e Current state of the art
® Problems with ramp prediction

¢ Modelling of topography

Datasets (AT): e HI: follow up on contact with
ERAS Meteocat.
ECAD

COREDEX (Euro-, Med-)
SAFRAN (reanalysis)
COSMO/ COSMOS
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Date

03/11/2021

Meeting agenda

Project progress and next steps

Attendees Hisham lhshaish (HS), Ignacio Deza (ID), Russell Sharp (RS)
Notes Actions
1 | Review of progress made (RS): RS

RS asked about methodology to correct temperature readings.
ID/HI suggested:

¢ Take long term average readings or

¢ Interpolate

ID suggested plotting lag plots using trend data. HI suggested
using statsmodels autocorrelation plots. Remove daily a/c plots
already done as these skip the ramps

ID/HI suggested making time the index in the autocorrelation
plots — see example in data_preparation.ipynb

HI suggested removing random walk section
(data_preparation.ipynb) as AUTOARIMA will handle this

ID suggested performing autcorrelation plots without the
seasonality but keeping noise

In the differencing plots, ID suggested that the peaks are the
ramps once noise is removed using a filter.

HI reminded RS that SARIMA/ AUTOARIMA handles differencing
automatically

ID suggested that removing seasonality and slightly cleaning the
noise (e.g., using moving average) will reveal ramps. If ramp
duration is 6 hours, look at 7 hours and reduce with low pass
filter. HI suggested using SARIMA if not de-noising the signal, if
de-noising the signal, use ARMA

e Amend temperature corrections

e Plot lag plots using trend data

¢ Remove daily a/c plots

¢ Recode a/c plots from example/
tidy up with/without noise

¢ Remove random walk section

e Search for Python low pass filter

methods (probably statsmodels)

2 | Wavelet Transform/ Ramp Function (HI/ID):

RS explained understanding of wavelet transform/ ramp
function. HI suggested assessing that at next stage.
ID agreed that it makes sense to use to denoise but it is an

advanced topic

RS

¢ Park for now
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Notes

Actions

ML next steps (HI/ ID):

e Hl suggested that Prophet will be better at picking ramp
magnitudes and pointed out that it magnifies seasonality.

e Hl suggested, if results from these steps are good, the bulk of
the work is done. If results from these steps are not good,
investigate Wavelet Transform

¢ ID suggested calculating cross-correlation of wind turbines. If
>0.8 -> combine, if <0.8 analyse separately.

¢ ID suggested investigating Power output by Turbine: Plots of
power output per m/s of wind will give turbine efficiencies. Plot
of wind speed vs power should give an almost perfect line. Shift

by 10 minutes if distribution is noisy.

RS:

e Establish baseline model
performance (AutoArima
SARIMA)

e Compare SARIMA, Prophet, LSTM

¢ Look into Anomaly Detection
with Random Forests
e Stabilized point prediction

(applied in LSTM)
e Cross turbine analysis

e Finish LHB contour map

Next time:
e Wavelet Transform/ Ramp Function
* NWP attribute selection

* How to handle NWP outputs programatically

RS to email once results are done
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Date

18/11/2021

Meeting agenda | Project progress and next steps

Attendees Hisham lhshaish (HS), Ignacio Deza (ID), Russell Sharp (RS), Ciaran Haines (CH), Ryan
Fellows (RF)
Notes Actions
1 | Review of progress made (RS): RS

¢ RS asked about Augmented Dickey Fuller test results and

stationarity of datasets. HI/ID answered that the data shouldn’t
be stationary.

RS asked about low pass filter. ID said to increase frequency.

ID suggested to derive a statistical model* from wind/power
relationship (sigmoidal or linear regression) to convert between
the two.

IS suggested to look at MAE between predicted and actual

values for each model.

KH asked “Do you have any ground truths? Do you have any
ramps labelled?”. RS responded “Not yet. This is the purpose of

the ramp function”.

KH/ ID suggested plotting current wind power against 24hr

lagged wind speed (exploratory analysis).

ID suggested using RF regression to predict wind from wind

then to transform to power using model*

RS asked ID “What will the ramps look like? Will | apply the
ramp function to get the ramps, then delete all the non-ramps
and be left with a series of timestamps which will be the timings

of the ramps?” ID answered “Yes”

¢ Look back at AFD test

¢ RS to read more on filter choice/
redo
¢ Derive statistical model from

wind/power relationship

¢ Look at MAE between predicted

and actual values for each model.

® Proceed with ramp function to

define ramps.

¢ RS to send SARIMA to Hisham
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Date

25/11/2021

Meeting agenda | Ramp characterisation (labelling)

Attendees Hisham lhshaish (HS), Ignacio Deza (ID), Russell Sharp (RS)
Notes Actions
1 | Publishable work (RS/ HI): RS

¢ RS/ HI reviewed how publishable RS’ thesis is. HI recommended
prioritising 2 days re-working NEURIPS proposal to include most
recent approaches and methodologies (Also to include data
description).

¢ HIl pointed out that there is no requirement to have all code in a
gitlab repository but recommended writing a table of contents
for all notebooks. HI stated that evaluation and reflection is the
most important part. HI said that code should be introduced
with some comments but not to go overboard on this. RS

showed an example which HI validated.

e Rework NEURIPS proposal

¢ TOC for notebooks

Filtering/ Ramp characterisation process (RS, HI, ID)

¢ RS explained difficulties encountered with filtering/ ramp
characterisation process. ID explained that there is no need to
filter before performing the wavelet transform. ID explained
that the Hannesdéttir approach is likely adapted to the field of
investigation and not necessary here.

e RS, HI, ID discussed wavelet transform and different time scales
involved. ID and HI recommended that RS choose 3 scales and

compare LSTMs on each.

e Skip filtering process. Just

perform wavelet transform.

Next steps

e RS communicated aims to finish result by end of November,
write up by 20 December. Hl indicated that this was ambitious.
ID suggested tackling remaining tasks step by step, completing
each one before moving on: labelling, LSTM, Prophet, ARIMA...

New wind predictions.

e Labelling, LSTM, Prophet,
ARIMA... New wind predictions.
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Date

29/11/2021

Meeting agenda | Thesis guidance (NWP outputs)

Attendees Hisham lhshaish (HS), Russell Sharp (RS)
Notes Actions
1 | Thesis guidance: ¢ RS to include inclusion of NWP

¢ RS asked for HI’s advice regarding the inclusion of NWP outputs
into the thesis. RS was concerned that there was insufficient
time remaining to extract information from the ECMWF ERA5
dataset with the associated manipulation of NetCDF files etc. HI
advised that this would require at least one month’s work from
an inexperienced user. Hl and RS agreed that this should be

included in the further research discussion section.

outputs in discussion section of

thesis.

Proposal for publishing archive
e RS commented that his first draft of the proposal was nearly
done and that he would amend it in light of this discussion.
e HI said that he was expecting the following sections for this
document:
e Motivation
e literature review
e Structural approach

e Perspective

* RS to amend proposal to
re-frame inclusion of NWP

outputs.

Next steps

e RS said that he would focus on writing the main report and
tuning of the models to capitalise on early feedback from HI. HI
agreed and said to send sections over once done.

e Hl suggested that Learning rate will be key to tuning the LSTM

as this controls how loss is minimised.

¢ RS to focus on writing main
report sections.
* RS to look into LSTM learning

rate.
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Date

02/12/2021

Meeting agenda | Ramp classification

Attendees Hisham lhshaish (HI), Russell Sharp (RS), Ignacio Deza (ID)
Notes Actions
1 | SARIMA results

¢ RS asked what options there were to deal with SARIMA memory
issues. HI suggested using Colab GPUs (runtime > change
runtime selection) or to investigate SARIMA parallel processing.
HI confirmed that SARIMA will not be able to capture much of

the seasonality when sub-selecting only one week.

* RS to try GPUs/ investigate

SARIMA parallel processing.

Wavelet Transform (WT)

¢ |D explained the difference between Fourier Transform (FT) and
WT (e.g. FT is infinite, WT is finite in time and space.

¢ |D explained that:

e The number of coefficients depends on the length of time
series.

e Coefficients [0] = fundamental frequencies (basically the
mean).

e Each array of coefficients corresponds to the frequency band
to be filtered. Deleting them removes anything that looks like
noise. Tuning is by trial and error. Deleting the coefficients
that correspond to the 1-hour cycles for example, removes
the data that we are not interested in.

e Derivatives of the coefficients give the direction and
magnitude of the signal.

e WRT plots:

e ‘new data’ = WT
e ‘Derivatives’ = ramp index
¢ ‘Threshold’ is effectively equivalent to A in Gallego et al
(2013).
e RS asked what scores to expect. ID said that the standard

deviation of the noise = the accuracy limit of the model.

¢ RS to tune and feed labelled time
series to LSTM as a multivariate
series (refer to Brownlee TS

forecasting with LSTM)
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Notes

Actions

Additional
¢ |D recommended investigating
e ‘keras show model graph’ to visualise RNN
¢ Joblib — to save running notebooks each time

¢ Lorentzian distribution (indicative of a complex system)

¢ RS to investigate:
¢ ‘keras show model graph’

« joblib

e Lorentzian distribution re:

power series.
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Date

16/12/2021

Meeting agenda | Ramp classification

Attendees

Haines (CH), Peter Mayhew (PM)

Hisham lhshaish (HI), Russell Sharp (RS), Ignacio Deza (ID), Ryan Fellows (RF), Ciaran

Notes

Actions

1 | Round table discussion

Each member presented progress and issues.
HI told PM that it was important to show how objectives are

derived from aims.

¢ RS to tighten up link between

aims and objectives.

2 | RS Progress/ issues

RS discussed the issue that duplicated data was producing
better results than cleaned. HI said this could have been giving
your model more flexibility. ID likened it to spending all your life
around the Midlands accent, then listening to someone speak
English with a Spanish accent; you wouldn’t have had any noise
in your training data. ID suggested there may be an issue in RS’
code.

RS asked whether or not to include both sets of results. ID said,
‘If you cannot find a reason why, include both and explain what
they show. If you can, just include the clean results’.

RS asked whether or not to include SARIMA if it only uses a
sub-selection of 3 days. Hl said ‘not in results, but discuss it’.

RS asked about how long to spend on model tuning, and if
marks will be lost for not including extensive tuning. ID and HI
said that you won’t lose marks as long as you acknowledge the
tunings that would have been possible. ID recommended
searching for Keras Tuner, Keras Family, Github.

HI reminded RS that he was not aiming to create the best model
but to write a scientific paper evaluating a family of models,
including a discussion of and justification for any shortcomings.
HI asked RS to send an elaborated version of his previous
proposal to include the approach, an explanation of the ramp
characterisation process, and expectations/ preliminary results.
Deliverable: Better specified approach with prelim results prior

to handing in the thesis (for publication on archive).

* RS to:

¢ Look at cleansing/LSTM code.

¢ Explain different results with
cleaned vs dirty data and
include one or the other

e Remove SARIMA from results

¢ Acknowledge tuning

parameters in discussion.

¢ Discuss each model

shortcomings and reasons why.

¢ Elaborate proposal
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Notes

Actions

¢ Hl asked RS to share colab repository and report so far.
¢ ID suggested feeding ‘dirty data’ to the trained models instead
of the test set. The test set makes it too easy for the models

(esp. LSTM)

¢ Send colab and report to HI
and ID

¢ Feed dirty data to models

Additional
* Ignacio away from 17/12 - 01/01
e Hisham away 27/12 - 07/01
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Date

28/12/2021

Meeting agenda

HI review of written report

Attendees Hisham lhshaish (HI), Russell Sharp (RS)
Notes Actions
1 | Motivation ¢ RS to emphasise motivation.

HIl recommended making the motivation for the project more
emphatic — link to projections of wind power use, industry
dynamics etc. Hl said RS may wish to link to management of
energy supply, complexity/ chaotic nature of the data, topology,
mesoscale considerations etc. Emphasise that this is an

exploration of the application of ML to the problems of VRE.

2 | Wavelet Transform

HI stated that the WT section was light on the benefits of WT.
HI suggested that RS include that it maintains relevant signal by
removing noise, enabling models to capture most significant

part of the data.

¢ RS to include benefits and

applications of WT.

3 | Experiments/ results

HI stated that arguments to support the fact that the 10min
LSTM was superior are missing.

Add explicit motivation for investigating multivariate LSTM (to
include mention of Vector ARIMA in further research section) —
e.g. so that we can arrive at power predictions from other
variables.

HI noted that learning rate is terrible — LSTM doesn’t converge.
HI also noted that since they are stochastic, LSTMs need to be
run at least x10. Sklearn or Keras should have a package for this,
if not, RS to ask HI for code. This can also be discussed as
additional computational complexity.

HI reminded RS that this is an application of ML rather than
empirical ML science — for which standardized computational

architecture would be required.

* RS to remove fabricated variables
from LSTM and re-run x10.
Provide arguments for
superiority.

* RS to add motivation for
multivariate LSTM

* RS to add additional
computational complexity to

discussion.

4 | Forecasting

¢ RS to refer to further research for

72-hour forecasts.
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Notes Actions

¢ RS asked about whether to include 72-hour forecasts as these
are essentially the purpose of further research. Hl agreed and

said that they can be referred to.

NeurlPS proposal ¢ HI to upload proposal

e HI said that he will reshape the proposal and upload to Archive.

Lit review ¢ RS to add additional motivations
e Hl said that this is sufficient, but that RS may wish to add “X was and references to lit review
motivated by Y holes in the knowledge as identified in the section

literature”
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