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Energy. Context and motivation
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Applications

Weather forecast Climate predictions Climate projections or
Subseasonal  Seasonal Decadal multidecadal
1-15 days 15 d1 month 1-6 months 1-10 year 20-100 years
Applications for wind/solar/hydro generation Time
Postconstruction decisions Postconstruction decisions Preconstruction decisions
Energy producers: Energy producer&esource Power plant developerSite selection. Future
commit energy sales for next day management strategies risks assessment.
Grid operatorsMarket prices and Energy traderdkesource effects on InvestorsEvaluate return on investments
grid balance markets Policymakers/Asses changes to energy mix
Energy tradersAnticipate energy Plant operatorsPlanning for Riverbasin managersinderstand changes to
prices maintenance works, especially offshore better manage the river flow
Plant operatorsplanning for wind O&M :

cleaning and maintenance  Plant investorsanticipate cash flow,
optimize return on investments

Applications for demand

Longterm planning

Daily operation decisions Mid-term planning _

Grid operators: Grid operators: . ‘Grid operators: _
Anticipate hot/cold days. Anticipate hotter/colder seasons ~AntiCipate addition of more capacity. Adaptati
Schedule power plants to Schedule power plants to reinforce of tran_smlssmn line

reinforce supply. supply. N Policymakers:
Energy tradersAnticipate Energy traders: Plan addition of more capacity.
energy prices. Anticipate energy prices. Understand changes to energy



Case study 6
US wind drought- JFM 2015
Seasonal forecast
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Wind anomaly Q1 2015
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Widespread and extended In time

Observed weekly means and climatology
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Wind speed (m/s)
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Fcsts avallable 3 to 1 months ahead

Seasonal forecasts for Jan-Mar 2015

Lead time: 3 months
Start date: Oct 2014

Lead time: 2 months
Start date: Nov 2014

Lead time: 1 month
Start date: Dec 2014
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Associated Skill Scores

Start Date
Probability of Oct Nov Dec
terciles
Above normal RPSS 035 039 035
ormal BSP10| b n d|atrn dHbra @
Below normal
BS P90, 0.1 0.04 0.07
Probability of
extremes CRPSY 0.14 0.11 0.14
—— Above P90
EnsCorr| 0.55 0.54 0.51
—— Below P10
Ensemble
members

o

Observation
@

System: ECMWF SEASS
Reanalysis: ERAterim

Bias adjustment: calibration
Hindcast: 1992015

MC



Event impacts

N U Slean energy suffers

fromlack of wi nd o
Financial Times, September 2015.

n ENiNo Buffers U.S. Wind

PowerDr e ams 0O
Wall Street Dally, September 2015.

A E Nifo blowing down N Wenever anticipated a drop-off in

wind projections inU S 0 the wind resource as we have
Fierce Energy, July 2015. witnessed over the pastsixmo nt h

David Crane, RNG, September 2015.
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NINO3.4 teleconnection

ERA-Interim /| 10m wind speed / NINO3.4 positive minus neutral impact
DJF / 1981-2015

Bias correction: none Barcelona
Hatched area:siginficant at 95% confidence level from a two tailed Student's t-test Supercomputing
Mask: sea depth below 50m Center

Centro Nacional de Supercomputacion

Impact maps between NINO3.4 teleconnection index 10m wind
speed from ERA-Interim reanalysis.



High SSTs in western
tropical pacific
Z
Enhanced convection in the
area
VA
Upward flow produces
divergence at 200hPa
Z
Rossby wave propagates to
North America
VA
Results in persistent low
winds
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January-March 2015
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System: EC-EARTH

Lledéet al., 2018 Investigatingthe effects of Pacificseasurfacetemperatureson the wind drought of
20150verthe United States



Case study 3

Heat wave and wind drought
In Spain- Sep 2016
Subseasonal forecasts




Heat wave and wind drought in Spain.
Sep 2016

Observed weekly means and climatology

| A heat wave and wind drought
T ;: over Iberian Peninsulacreated a
- combination of:
L AN f - large increase in electricity
: ; 11 1 demand
5, S =3 lower than usualwind power
i N generation
=D
g v - .J“. p10-p90
o i R .p33-p66
g N !'- i’\\ . = climatological mean
g- l‘." —._ \ f\; - observed daily mean |
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Surface wind and temperature anomalies for the week 30/08/2016
5/09/2016. ERAnterim with respect to climatology (1982017)
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Temperature forecasts:

Forecasts for week starting 2016-08-30

Start date: Start date: Start date: Start date:
20160804 20160811 20160818 20160825
Lead: Lead: Lead: Lead:
4 weeks 3 weeks 2 weeks 1 weeks
300
fairRPSS: 0.0 .05 0.03
‘.
ru
¥
g ) §
o~ o o
I =9 N - L |- L
295
. gi(- 23(- g(-
S 2 i
e
2
o
0] 4o
a = |00 w o
= 2 = ®
@
}_
o
o . o
g & 2 *
o v o
g [ 2 g
[+) [+
290 o] 2
b
]
f»‘f'
¥
’
]
I
|

0.42

Probability for
each tercile

Above normal

Normal

[ ]

Below normal

Wind speed
Ensemble members
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€ Observations
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Extremes
probability

—— Below P10

—— Above P90

System: ECMWF monthly
prediction system
Reanalysis: ERAterim
Bias adjusted,calibrated
Hindcast: 199€015
Lat=40.5 N/Lon =358.5E



Decadal predictions




Decadal predictions

Between seasonalpredictions and climate projections
Both initial value and boundary condition problems
Different sourcesof predictability

Atlantic Multidecadal Oscillation

Monthly values for the AMO index, 1856 -2013
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Decadal predictions

Table 2. Forecast systems that provide subdaily surface wind speed data confributing to the CMIP6/DCPP and
their specifications (available simulations at the time of the study).

n° of DCPP

Near-real

Spatial

Month of

Forecast system members time data resolution initialisation Reference
EC-Earth3-i1 10 No 0.7°x0.7° November Bilbao et al. (2021)
EC-Earth3-i2 5 No 0.7°x0.7° November Tian etal. (2021)
EC-Earth3-i4 10 Yes 0.7°x0.7° November Bilbao etal. (2021)

IPSL-CM6A-LR 10 No 1.25%°x2.5° January Boucher et al. (2020)

MPI-ESM1.2-HR 10 No 0.9°x0.9° November Miller etal. (2018)

sfcWind - Multi-model vs ERA5 - Annual mean

Start dates: 1960-2016 - Forecast period: years 1-5 - Reference period: 1981-2010
ACC
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X
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Decadal predictions

sfcWind - EC-Earth3-i4 vs ERAS5 - Annual mean
Start dates: 1960-2021 - Forecast period: years 1-5 - Reference period: 1981-2010
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Assessing seamless seasonal to
decadal predictions
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\ FACILITATING SEAMLESS CLIMATE ADAPTATION



Method 1:ensemble member subselection methodology
using global SST pattern correlation

Seasonal prediction - Decadal prediction - SST

Ensemble mean SST
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Forecast: May-October Forecast: May-October of Year 1

Select Top30 decadal prediction members with highest
global SST pattern correlation for the year 1981

Seasonal prediction - Decadal prediction - SST

Ensemble mean SST
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Selection till the end of the

1982
study period (2016, in our case)



Method 1:ensemble member subselection methodology
using global SST pattern correlation

(a) GMSST (b) AMV
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Method 1:ensemble member subselection methodology
using global SST pattern correlation
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Method 2: ensemble membersubselection methodology
based on RMSE at each grid cell

Seasonal prediction - Decadal prediction (any Seasonal prediction - Decadal prediction (any
Ensemble mean of any considered variable) Ensemble mean of considered variable)
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Select Top30 decadal prediction members Select Top30 decadal prediction members
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Codevelopment of a decission
support tool




S254E DST

https://s2s4e.eu/dst



