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The future of forecasting for
renewable energy

From on work with Conor Sweeney, Ricardo J.
Bessa & Pierre Pinson

WIRES Energy and Environment
https://doi.org/10.1002/wene.365



Status Quo 2

Universityof ~S3&*

&
Strathclyde

Glasgow

* National weather centres produce global and regional

numerical weather prediction (NWP)

 Forecast vendors produce and sell site-specific

 Forecast users procure weather and/or power forecast
to present to decision-makers on trading desks and In
control rooms Wide range of models from “in-

house vendors” to complete
dependency on service providers
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Two-way data exchange
required for quality forecast
set-up

Live two-way data exchange
required for very short-term
forecasting



Status Quo

4D Grid of Weather
Predictions

“Site” Wind Speed and
Direction Forecast

Windfarm Export
Meter

Wind Turbine SCADA
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Weather-to-power
relationship...

Weather is a prediction, and
therefore uncertain

Single wind speed and
direction for wind farm
Wind farm power curve is
complex and uncertain



Recent evolution...
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4D Grid of Weather

Predictions
Weather-to-power
Feature relationship...
Engineering

Windfarm Export Engineered features capture:

g I NN S S S S S S S S - -y

Meter e common NWP biases, phase
and spatial errors
e variation acrosslarge areas
 wider weather situation and
Wind Turbine SCADA /i\ indicators of uncertainty

*Andrade & Bessa (2017), doi:10.1109/TSTE.2017.2694340



Innovation Reaching BAU
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/Vendors and expert\

users can
incorporate this type
of innovation very
easily!

No new data sources
or exchanges

%




The next evolution?
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*Gilbert, Browell & McMillan (2019), doi:10.1109/TSTE.2019.2920085
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Information Data

Consumer Expert User

Pragmatist

/ New data: \

Turbine SCADA is
voluminous and messy

For 3" party providers:
New info exchange
required
OR
Offer as a software
product
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Something completely different... =
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What do we want to predict

anyway?

Forecasts presented to

decision maker

Forecast integrated
within Decision Support

e 0 %
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Energy: Blocks of energy for trading and
generator scheduling

Power: ramps for system operation;
iInstantaneous power for ancillary service
provision

Interdependency with markets: risk
management, algorithmic trading

Network flows/constraints: constraint
management and regional balancing
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Leveraging turbine-level data

for wind power forecasting
Work with Ciaran Gilbert and David McMillan

IEEE Trans. Sustainable Energy
https://doi.org/10.1109/TSTE.2019.2920085



Hierarchies in Forecasting
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Motivation:

1. Gather as much information as possible to
Improve forecast skill
« Electricity network is a natural hierarchy
« Turbine — Farm — Region — National/Zone
« Information from other levels can improve predictive
performance
2. Coherency across hierarchy

« Some applications require that forecasts from lower level
to sum to upper level, e.g. market settlement
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Motivation:

1. Gather as much information as possible to
Improve forecast skill
« Electricity network is a natural hierarchy
 Turbine - Farm — Region — National/Zone

* Information from other levels can improve predictive
performance



Hierarchies in Forecasting
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* Wind farm power curve is complicated by
many factors: layout, terrain, interactions

* |tis difficultto distinguish betwee

n random
variation and true processes...
Erro

 ...can looking at individual turbine behaviours
can help extract more signal from the noise?




Hierarchies in Forecasting
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Methodology Overview
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Objective

* Produce probabilistic (density) forecasts

* Extend forecasting methodologies to incorporate turbine-level
information

New Approaches

1. Bottom-up: make predictions for individual turbines and use as
additional explanatory information

2. Spatial Dependency: predict the full joint distribution of output
from all turbines in a wind farm

Benchmarks (using NWP and windfarm data only)
1. Analog Ensemble (kNN) — super robust and competitive
2. GBM/quantile regression — leading machine learning algorithm




Objective: Density Forecasts @
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— Measured
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Benchmark =
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Density forecast for wind
farm

GBM

Gradient Boosted Decision
Tree — a powerful non-linear
function approximator

= feam (Xnwp)

Quantile regression: one
model per quantile: 5,...,95

Inputs: features derived
from NWP

Target: Windfarm power




Bottom-up Approach =
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Density forecast for wind

farm

Bottom-up

1. Produce deterministic
forecasts for each individual

q“ = fGaBM (XNWP) X1, -e s XN)
turbine T
2. Use these as additional
features in a windfarm Yo X *e *w X(v)
| | | | |

power forecasting model
TTTT T




Spatial Dependency Approach
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Spatial Dependency Approach

Density forecast for wind
farm = Distribution of sum
of all turbines

1. Produce density forecast for
each turbine

Model spatial dependency
using Gaussian copula with
parametric covariance

Joint Predictive Distribution
Individual turbine density forecasts
AND spatial dependency model

VAN/AVANIAN

Sample and sum turbine
power prediction

Construct wind farm density
ai’ = fism1 (Xnwe) T 4% = f&ms Enwe) forecast from samples
a_ ra 94 = fema(*Nwp) o
:2 fGBM'Z(:NWP) | ' G:m " | Additional Benchmarks:
AN N N N AN 1. Empirical Covariance (data-driven)
l l l 2. Vine Copula (facilitates more complex

1 1 1 1 L spatial structure)



Case Study
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Set up

2 Wind Farms with 56 and 35 turbines

NWP inputs plus engineered features

30 minute wind farm production

30 minute wind turbine production

Produce probabilistic (density) forecasts up to 48h ahead

lon
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Only one parameter

to estimate
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Spatial Structure at WF-B o
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Results: Reliability

Power [% of Nominal Power]
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Best Benchmark
Spatial Dependency
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Results: Scores
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Best Full Spatial
“

9.69 9.27 9.11 (6%)

A CRPS 7.02 6.74 6.66 (5%)
MAE 11.39 11.21(2%) 11.26
WES CRPS 8.10 8.00 (1%) 8.02

Additional benchmarks...
Empirical Covariance and Vine Copula

...performance a little worse than parametric covariance model.




Results: Scores
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Questions for you: 2

Universityof ~S3&*

Strathclyde

Glasgow

What is 5% reduction in
MAE worth to you?

How much effort is required to
integrate turbine-level datain to
your forecasting systems?




Summary
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« [Forecasting practice is evolving rapidly, recent advances coming
from data science
— New business models may emerge as a result
— Forecasts should get a little better

— Potentially more value will come from improving the way we use
forecast information in the future...

«  We can leverage existing data to improve wind power forecast
with software alone!

« Ongoing research includes:

— Forecasting ancillary service capability using high-resolution SCADA
(when minimum instantaneous power is key)

— Hierarchical and spatio-temporal dependency on Site-Region-
National scale

— Decision-support for spatially-constrained problems: regional
balancing, network constraints (wind and net-demand)



Thanks! Questions for me?
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Papers and more at jethrobrowell.com S
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Welcome to my website where you can find out
about my academic activities and access associated
resources.

Thanks for visiting!

Jethro
Tweets oy @ietnrobrovel ®
New Paper! Some thoughts from Calum =) Jethro Browe =
Edmunds, Sergio Martin Martinez, myself
AR Doug Parr
and colleagues on wind participating in 9 N

response and reserve markets. Just I :
3 g Cutting air passenger duty encourages flying
published in Renewable and Sustainable and should not be messed with/reduced in

Energy Reviews. Enjoy 50 days free access order to save a struggling airline
with this link. Pre-print also available.

IF this becomes response of govt confronting

New Paper! Ciaran Gilbert recently tricky industrial issue, can be little hope for
published his work on improving wind farm UK decarbonisation efforts
power forecasts by leveraging data from bbe.co.uk/news/business-..

individual turbines! Read it here.




