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Wind energy forecasting

« Several economic and operational issues as
maintenance, matching supply with demand and
financial operations require wind forecasting at several

time scales.

 Wind energy sector routinely uses weather forecast up
to 15 days. Beyond this time horizon a‘“retrospective

approach is used.

« Climate predictions can provide-additional value to wind

energy current approaches.
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Concept climate prediction

Climatology, currently the Climate prediction, an additional
benchmark in the industry source of information

How skillful / reliable are
/ the predictions?

/

Probability

Variable e.g. tercile events or
extremes

Initialization



Hydroelectric power
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Seasonal climate forecasts for medium-term electricity demand
forecasting
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« During the &0 years, seasonal climate forecasts have improved their skill.

#We anayzed the link beatween summer average temperature and demand over ltaly.
» Bath deterministic and probahbili stic foremsting appraaches are here considerad.

« Climate farecsts shaw 2 significant skill in predicting the demand in many regians.

Abstract:

The EDF group is the higgest French electric power producer and distributor. Its activities are greatly related to weather
and climate. In particular, optimal management of the hydroclectric power production system requires a good forecast of
water resources, from several days to several months in advance. Currently, only climatology at the seasonal timescale
is used for operational production m Seasonal probabilistic forecasts would improve watershed management
at some months’ lead-time if they are skilful enough. For this, two main problems have to be addressed: first, direct
precipitation forecasts at this timescale have little, but positive, skill over Europe; second, the spatial scales of seasonal
forecasting models are not adequate to predict local precipitation at the river basin scale. This study aims to evaluate
the quality of seasonal forecasts of precipitation for 48 catchments in southern France. These are obtained by spatially
downscaling global scale seasonal forecasts of geopotential height at 850 hPa. The method used is based on singular value
decomposition and multiple linear regression. The statistical downscaling model is caleulated from 45 years of observed
local precipitation in the watersheds and geopotential fields from ERA40 re-analysis data. The statistical model is then
applied to the seasonal hindcasts from the DEMETER project Two main results arise from this work. First, we show that it
is possible to obtain vseful and valuable information for EDF at the local scale from global seasonal averaged information.
Second, we find that only a probabilistic multi-model ensemble forecast approach provides useful information for EDF
catchments, even with quite low skill, and that a deterministic approach, using only the ensemble mean of the forecasts, is
not better than a forecast based on climatology. It has, nevertheless, to be pointed out that for operational purposes, being
able to know that a forecast for a given location or date is not reliable is, in itself, valuable information. Copyright © 2007
Royal Meteorological Society

kEY worns  downscaling; hydroelectric power; precipitation; seasonal forecasts; multi-model probabilistic forecasts

Recetved 31 August 2006; Revised 2 July 2007; Accepted 3 July 2007

INTRODUCTION

ARTICLE INFOD

ABSTRACT

Arsiole Ay Adr temperature is an effertive predicior for eledtricity demand, esperially during hat periods where the

Eaahud M juni M meed of electricair mnditioning can be high This paper presents for the first time an ssesment of the

iu “; 'e"c:“’;d ':j'“l'* Ok 2004 use of semanal climate forecasts of tsmperature for madium-term electricity demand prediction. The
oo 1201

eyt N ective smsonzl dimate forecsts provided by ECWME (Eurapean Centre for Medium Rangs

‘Weather Fonecasts) are used i forecast the June-july Balian elecricity demand for the period 1550

Kipwonds

Seazoral dimane fomecars
M adiam- e bad foecat
Elevmiciy demand
Prodabdlessic forec 21

il

Wi find 2 relationship between summer (june-july) average temperature patterns over Eurape and
ltalizn electricty demand using botha linesr and non-linear regres sion appraach. With the 2m to eval
wats the potential usefulness of the infarmation mntaned ino the climats ensamble farscst, the anal
¥sis is extendsd mnsidering 2 probabilistic approach.

Results show that, especially in the Center-South of italy, sexonal forecsts of temperature issued in
May lead toa significant carrelation mefficient of electridty demand greater than 06 for the summer
period The average carrelation abhiined from sasonal farsmsts is 053 for the temperatre predicted
in May and 0L19 for the predicfions issued in April for the linear model, while the non-linear appraach
leads to the coeffidents 0f 062 and 036 respectively. For the probhabilistic approach. seasonal forecasts
exhiit 2 pasitive and significant skill-smre in predi cting the demand above bedaw the upperflower ter
il in many regions.

This wark & 2 significnt progres inunders tanding the relstions hip between tamperureand elecnic
ity demand. It is shown that much of the predicible slectricity demand anomaly over ltaly is mmnected
withso-clled heat-waves (Le. long lasting pasitive temperature anomalies) aver Eurape.

& 2014 Elsevier Ltd. All rights reserved.
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climate forecasts have significantly improved cheir skill on sea-
Sonal time-scales (from one month 10 Sx months) |27,5,22.4] but
main goal of this work i to investigate the uwse of sexsonal their application to dedsion-making processes are still rare on soi-
lorecasts for elactricity demand over [Laly, Rcusing on the entific literature Considering ko the challenges raised by the
1 period between 1990 and 2007. During the st decade,  recent FPT European Projects on Climate Services (CLIMEUN |1,
SPECS |3, EUPORIAS |2]), this paper provides an initisl ssesm
of the use of seasonal dimate predictions Tor power systems man-
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EDF group activities are greatly dependent on weather
and climate. Electricity demand is directly linked to

skill. Forecasting hydropower production is particularly
important in winter, where it is used to meet peak demand
at relatively low cost. In summer, it is useful to forecast
river flows and temperatures, both to forecast hydropower

= Cormsponding asthor

(ML De Felioe), andres alessanarid
1 (F. Catalans)

agement with the feus on electricity demand (load) forecst at
lead times of one amd twa montha
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MONTHLY TO SEASONAL TIMESCALES

 Energy producers: Resource management strategies

 Energy traders: Resource effects on markets /
« Wind farm operators: Planning for maintenance works K

« Wind farm investors: Optimise return on investments

ANNUAL TO DECADAL TIMESCALES
« Wind farm planners: Site selection

« Wind farm investors: Evaluate return on investments F

* Policy makers: Understand changes to energy mix



Challenges for the use of climate

Information: Observational uncertainty
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Range of the differences (m/s) between the 10-m wind
speed values produced by ERA-Interim, MERRA and
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Challenges for the use of climate
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iInformation: Predictability
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Correlation for 10-m wind speed between the ensemble
mean forecasts from ECMWF S4 and ERA-Interim
reanalysis in winter




Challenges for the use of climate
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Information: Blases

-2.5

Bias of 10-m wind speed between the ensemble mean

forecasts from ECMWF S4 and ERA-Interim reanalysis in
winter



Blas-adjustments
of seasonal predictions
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| Forecast quality Seasonal
Raw data Post-processing EEEEETTET predictions for

decision-making
Simple bias
correction

Calibration
method

Skill
10-m wind
speed
seasonal

Tailored
Reliability wind speed
seasonal
predictions

predictions
from
ECMWF
System4

Statistical
consistency

Quantile
mapping

A

Bias-adjustments have been applied to improve the
forecast quality of the seasonal climate predictions and
allow their application by the wind energy users.

9



Bias-adjustments @ = Q-
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Simple bias
correction

| Variability
— Observations

Variability
Ensemble

Simple bias correction is based on the assumption that both
the reference and forecasted distribution are well
approximated by a Gaussian distribution.

Leung et al. (1999)



Bias-adjustments @ = Q-
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Calibration
method

P yjji — axl' + Bzij Variability
ariability — Esemble
Observations / Oo
a = |p| L p= 1—p20—/
Jem ’
Variability

Mean Forecast

Variance inflation:

* Predictions with the same interannual variance as
the reference dataset

« Correction of the ensemble spread

Von Storch (1999)
Doblas-Reyes et al. (2005)



Bias-adjustments @&
Quantile
mapping

Vi =£,Cdfref_1e(?df3red(xij)

N

Inver_s e cumulative density Cumulative density function of
function of the reference _

: : the predictions
(quantile function)

Determines for each forecast to which quantile of the
forecast climatology it corresponds, and then maps it to
the corresponding quantile of the observational

climatology.

Themepl et al. (2012)



Total installed wind power
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Time(years)
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Impact of bias-correction on

S
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ECMWEF S4 seasonal predictions of wind speed in winter (DJF) issued the 15t
of November and wind speed for the ERA-Interim reanalysis.

1 83 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
rank

T
135791113151719212325272931333537394143454?4951
rank

== \ \
1 3 5 T 911 13 15 17 1921 2325272931 33 35373941 43454749 51
rank
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Impact of bias-correction on
reliability
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Raw data Simple bias correction in cross-validation
14 {’:r; 19 -§
0.9 =] 0.9 §
g oe - 3 08/ o
g g
g 0.7 5 071
= 06/ g = 06 o
g g 2 2
"_(E 0.5 2 S 05 s
o I ® K
o 0.4 o fe) 0.4+ e
205 2 _
Q E 0.3
_8 7]
(@) 0.2 8 0.2 -
§ g
0.1+ o 0.1 F
& Bl
0 0l X
0 01 02 03 04 05 06 91_7 08 09 1 O 071 02 03 04 05 06 07 08 09 1 <
Forecast probability Forecast probability
Calibrated data in cross-validation Quantile-Quantile mapping
14 1 §
0.9 0.9 ]
5 0.8 3 0.8 ©
& &
2 4 > 1
o 0.7 o 0.7
"&‘J 0.6 g 0.6
g 4 g g
o 0.5 B S 051 B
2 ATI_H_L-L i 2 i
— ( e r — B
T 0.4 { - T 0.4 -
= 0.34 c 0.34
8 b
o] K]
(@) 0.2+ " o) 0.24 o
E &
0.1+ r 0.14 r
j=3 b=4
=1 <
o™ \ o
04 [ 0 i
o Lo

0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
Forecast probability Forecast probability

17



Calibration of attributable risk



Attribution of extreme events @ = e
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How accurate are extreme probability estimates from models?

— Without climate change
How man can we

—  With climate change Attribution illustration trust P, and P, ?
== Climatology

2
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Anomaly

Fraction of attributable risk

PNAT

FAR =1 —

PALL
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Bellprat and Doblas-Reyes (2016, GRL)



Climatology 1975-2004

Example of attribution

Dry DJF 2002/03 | El Nifio
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Wet DJF 1999/00 | La Nifia
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Attribution of a 30-year summer event @"M 9

= Without climate change Not reliable, ensemble
== With climate change too confident
==  Climatology Raw model output Raw model output
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Reliability can be calibrated by ensemble inflation
Calibrated model output Calibrated output
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Climate models ensembles tend to be overconfident,
ensemble calibration often leads to a reduction in FAR
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Bellprat and Doblas-Reyes (2016, GRL)
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Reliability (Brier-component) Reliability (Brier-component)

z HadGEM3-A: Temperature > Q80 (JJA 1960-2010) - Calibrated HadGEM3-A: Temperature > Q80 (JJA 1960-2010)
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Dissemination activities
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Tailored wind speed predictions @" Qe

o g
» sl Pov Tl . o hwlS

Below normal (%) Normal (%) Above normal (%)

40 5 0 8 100 40 55 70 85 100 40 5 0 85 100
ECMWF S4 10-m wind speed seasonal forecast for JJA 2015 initialized the 1stof May. The most likely
wind speed category (below-normal, normal or above normal) and its percentage probability to occur is
shown. White areas show where the probability is less than 40 % and approximately equal for all three

categories. Grey areas show where the climate prediction model doesn’t improve the climatology. 24
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RESILIENCE: seasonal wind speed predictions

i Qi
Seasonal pmdictiouks of wind speed need to be tailored to satisty mg information requirements of the ((@ :‘.‘“3"."“‘“‘" Blima“} SBI'““:BS 'actshaet 7

gy sector. This is d with the of climate to factor terms throt
ication of ad hnigues for quality and ion of wind ictions :
s | wind Ten-metre wind speed predictions are produced by a seasonal predicticn system call

Molteri et al., 2011) from tha Ewropaan Centre for Medium Ranga Weathar Forecas "se n' c“malﬂ I“in"maﬂu“ In Im w‘nu stakﬂhuluﬂp cnﬂn
which is basad an a fuly coupled globel cimate medal. Thase predictiors have saome in
nead o ba sahed to bacame cimate sarvicas for tha wind industry.

e quality of the 54 prediction. Given tha span The: high ?u_ndnlllln l_:l ul_lﬂ Power im the electricity system provides many challenges mainly dwe to the un-
bast avaiiable estimata of wind spead. TH predictability and variability of wind power generation. T , having of wind power
predicled tanmetre wind speed with tha is becoming increasingly important for many stakeholders in the wind energy sector.

for the period 1981-2016 Doa et al., 2

“Wind cbeervations are needed to assess
wind observations, a reanalysis is used as
the 54 prediction is assessed comparing
ing variahla of the ERAIntarim global reanaly
is usad as the refarenca forecast.

Like othar variables predicted with a coupled modal, wind spead predictions are affectt development
resulting fram e inability %o perfectly reproduce all the relevant processes respocsible
wariabily in a numerical way. 54 seasonal predicticns requie bias correction - simple b
ftion, calibration and/or guantile mapping - in order to slatistically resemble the o
referenca and minimisa forecast arors.

" burbine “Wiind farm Wind farm | Operation & Warierance | Wind farm

i jon |manifaciurane  dawlpal®  constuchons | Ny ganenstion & repairs. | decommissi

This process raduces the uncertainty of wind speed predictions and peovides usable ¢ Sile s
mation tailored to tha wind energy sacior

Climate services
for wind energy

Ieeslory Figngy magrs \Wind
Consuiiams B producars Ve Spaans

Figure 1:5tages of wind famm deselapmant, stakchoiders imaied @1 sach stage and ‘empeal horns of cimale: inlormation used
Prospecting Pre-consiruction Post-consiruction

Wind spead pt
»  Climste projections can e Climate predctions

‘Westher Torecasts below 6h are usatul 10 pradict sudien

ikely wing

b (1s8d for ane selEction from years 1o decades Vet likE ramps that can be managed by fihing and fanm
according 1o the predi can be relevant o under- contml

mn\:un; m;\:i'_j'im_ n - 3'_'-"1'1 i "'":"Irt" TE o Westher forecasts from 6h 1o 2-3 days are used by trang-
particlar  oean T VAN Peso e, Tof B mission syslem operEions for power syslem mansgement
Future decades e, they c2n infrm wind

heriing fesanes, [REMNING. CONQESION MENAJEMEN,.
wind tarm operaions use dayahead & inraday fuecasts for
fracing in the enefgy markst

enery  inestons  about
e wlaliiy of the m-

gounce in the hilwe and
hara thig rigk cen bave an ™ ‘Westher forecasts Inom 2-3 days up b0 a week are sl
impact o the retum on for operaticn & mainierance planning of wind s, comen-
@ " 7 [ 100 40 it Torea | parees plants and Iranamesion ines
= (limsie predictions fmm sul-3easons o 553s0ns are par-
HCulEy INERENnG [ SUDRAI Offsnide wind fanm sandging
Inoistics and onshive operation and energy QEneraion

= Climsie prediclions from seasons (0 decades ane relevan
0 unckerstand and quantity e wind resource, L8, infim wind
enengy Imsesion about the walstily of the rescuros in the fu-
fure and how This rigk can have & impact on 1he retum o
imestment
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ASSESSMENT REPORT 1: Dec-Jan-Feb 2009, US

7
Key event characterisation

g US ERA-Interim 10m wind speed
/ R E s I L I E N c E peserpton tercile categories (DJF 2009)
BRI [ ?:’;

7777 PROTOTYPE FRERIES
P

SEASON: December-January-February (DJF)

YEAR: 2009/2010

= Data from ECMWF System 4
(European Centre for Medium-
Range Weather Forecasts)

RESILIENCE seasonal wind speed prediction

Time series of 10-m wind speed calibrated from ECMWF Skill assessment and probability density
System 4 and ERA-Interim reanalysis (DJF 1981-2009) function (DJF 2009 prediction)

Skill: Corr=0.543 RPSS=0.226 CRPSS=0.115
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Visualisation tool for wind energy
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Summary

This study describes a simple methodology to develop useful information
for the wind industry that can be easily integrated in their decision-
making processes.

We have used three methods of bias correction which are simple enough
to be understandable for the users. They have been used to produce
forecasts with improved forecast quality.

The comparison of the three methods indicates that calibration method
displays better reliability than simple bias correction and quantile
mapping, however in terms of skill the three methods produce similar
results.

Event attribution studies should take into account model inadequacies,
which are translated in an overestimation of the attributable risk.

Calibration ensures correct simulated probabilities of extreme events.

Future work will focus on the formulation of predictions for specific sites.
This i1s a non-trivial task because the bias-adjustments necessary require
long-enough observational references that are not readily available.



WWW.bsc.es

gXCEL(E)N
EVER!

Barcelona = ( Jcoos
Supercomputing

center
Centro Nacional de Supercomputac

©

Thank you

veronica.torralba@bsc.es




