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Climate variable / Indicator

Decadal climate predictions

CMIFS DCPA+B (Boeret al., 2016):
HindcastPeriod 1960present
Initialised 1st November

(JdearTH3

o Joo T T To

Ensemble10 members ’ \
Forecastrange 10years e "
ForcingsCMIFS Histup to 2024+ SSP45 ﬂg’fé)
pcirs HTESSEL
TL255L91 ORCALL75
ot =, o l FulHield initialisation l

ERAS5 Ocean reconstruction
forced with ERAS fluxes, T
and S restored at the

— Observations _ o surface towards ORS5 and

——fime st i, nudged in the subsurface

towards EN4 and nudged

. : |
: ——————— Forecasts in the past ("hindcast”) - — — — — — » :47 Forecasts E—

T T T T T T T T T
1850 o 1960 1970 1980 1990 2000 2010 2020 2030 2100

| Decadal prediction is initialised every year from 1960 to K

! present. For illustrative purpose, only four initialisation | H H
: years (1960,1980, 2000, 2020) are presented. SOlara]HM urali (2022)



Decadal climate predictions

BSQlecadalforecasts

AThesystemsklIfuIIyS|muIatesthe regionalfeaturesof pastsurfacetemperaturevariations

AInltlallsatlonlmprovesthe information quality (wrt what climate projectionswould provide)
In the tropical Pacificand North Atlanticareas

AThecentral subpolarNorth Atlanticsuffersfrom initialisationshockandrelated drift.
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Decadal climate predictions: real time

WMO Lead Centre for

Sl e G R i Global Mean Near Surface Air Temperature

Initialisation: Nov 2024. Forecast Range: Year 1. Reference Period: 1991-2020.

The Lead Centre for Annual-to-Decadal Climate Prediction
collects and provides hindcasts, forecasts and verification data
from a number of contributing centres worldwide.
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Decadal climate predictions: real time

Global Mean Surface Air Temperature
o Forecast Initialised in Nov 2024, Reference Period: Pre-Industrial.
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System design in decadal prediction

Systematic assessmentof the multi-model decadal prediction forecast quality helps
illustrating,amongother things,the importanceof a largeenoughoperationalmulti-model

ACC diff RPSS

Temperature

Comparison between a researddGPP,
169 members]13 forecast systemjsand
an operational (C334c¢,40 members,
4 forecast systemsCMCECM2SR5, EC
Earth3il, HadGEM&C3.1IMM and
MPFESM1.2HR)

Precipitation
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Decadal climate predictions: carbon cycle

Predictionswith ECEartl8-CCsimulate the carbon cycle interactively includes LPJGUESS
vegetation),TM5 (atmosphericchemistry)and PISCE@®ceanbiogeochemistry)
Theoceanandland carbonsinksdeterminethe atmosphericCQ concentration
AOoceanc flux hashigh predictiveskill,while for the land CQ flux it islimited to 2 years
ALimitedskill of land and oceancarbondioxidesinkslinkedto biasesin physicalkclimate

AcContributionto GlobalCarbonBudget2024

Skill of global land CO2 flux anomalies Skill of global ocean CO2 flux anomalies

ctians

Forecast
orecastyear  Forcastyear

Land C flux skill is limited to 2 years lead time Ocean C flux skill is high and remains significant
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Decadal climate predictions: volcanic forcing

Explosivevolcanoesare not includedin the climate projectionsand predictionsbut create
signatureghat couldlastfrom yearsto decades

Resultdrom the DecadaPredictionVolcanicResponsdreadines&xercis¢VolResRE)

A 2xEIChichonreruptionis setin April 2022for the ECEarti8 decadalforecaststartedin late
2021andthe differencewith respectto DCPFA made
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Decadal climate predictions: volcanic forcing

Realtime systemsrequire a solution after an explosive

volcaniceruption hastakenplace

AComparisomf the volcanicforcingsgeneratedwith EVA
and EVA_ Hor AgungEIChichonandPinatuba

AEVAand EVA_ Horcingscan be reasonablechoicesfor
predicting the postvolcanic radiative and thermal
effects
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Decadal climate predictions: 2023

2023wasan exceptionalyearin terms of globatlmeantemperature Multiannualand decadal
predictionsystemdailedto predictthe extraordinaryanomaly

Globatmean, annuamean nearsurface
temperature anomalies (forecast year 1)

Year 1 global mean temperature

e Obs. (t=0.21) —=— CMCC-CM2-SR5 (t=0.22)
=== Multi-model (t=0.21) ~ —=— CESM2 (t=0.19)
—=— EC-Earth3-SR (t=0.22) —— SEASS5 (t=0.19)
150 1" —— canCM4i (t=0.21) —<— DePreSys3 (t=0.21)

Global mean annual temperature anomaly (C)
(relative to pre-industrial)
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Number of members

Globatmean, annuamean nearsurface temperature
2023 was the largest near miss in ~43 years of hindcas
only 1 member (from 125) exceeded the observations;
2024 was well predicted with anomalies >1.5 K.
2023 GMST predictions and WMO obs 2024 GMST predictions.l and WMO obs
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Decadal climate predictions: 2023

Recordwarmthin 2023resultedfrom ENSGind NorthernHemisphereshortwaveanomalies

A100-memberensemblestartedin Nov2022 70%of the 2023warmingwaspredictable

AForecastaccuracydependson forecastinga strong El Nifio in 2023 and anomalouslyhigh
absorbedshortwaveradiationin the NorthernHemisphereduring springand summer2023

2023 annuaimean nearsurface temperature anomalies
Globatlmean neassurface air temperature

EC-NOV2022 forecast, Global T2m anomaly B Mean 2023 T2m anomaly
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Decadal climate predictions: sign&b-noise paradox

Perfectmodel decadalpredictions(i.e., ensembleinitialisedeveryyearover 19602005 from
a continuous historical simulation) with ECEartl8 are also affected by the signatto-noise

paradoxmeasuredby the RPG=sqrt(r?

(em,0

(a) Perfect_Init

Metrics for the perfect
model 18member
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surface air temperature
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temperature (forecast
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Decadal climate predictions: sign&b-noise paradox

Coincidentallydifferencein lag-1 autocorrelationbetween the ensemblemembersand the
reference(observationin DCPPA and continuoushistorical simulationin the perfectmodel

predictions)is alwaysnegative which affectsthe nature of %, s, andré, .y
Surface temperature SLP

(a) Perfect_lInit (b) Perfect_Init

Metrics for the perfect
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Decadal climate predictions: sign&b-noise paradox

Coincidentallydifferencein lag-1 autocorrelationbetween the ensemblemembersand the
reference(observationin DCPPA and continuoushistorical simulationin the perfectmodel
predictions)is alwaysnegative which affectsthe nature of r% ., ;;andré g,

r2(em,m)
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Eddyresolving decadal climate predictions

PREDDYCT will use-NESMO to conduct global scale
CESMHRDP shows great skill in the Kuroshio predictions at 1€km resolution to investigate the role of

Extension up to 4 yrs ahead, much higher than for mesoscale eddies and their interactions on the
CESMDPLE (Kim et al., 2023) predictability of the climate of the North Atlantic region

from seasonal to multiannual timescales

@ % ihesp.github i _archi htmizutm_sour com * D

3. CESM-HRDP

* 62-month hindcasts initialized every November 1st from 1982, 1984, ..., 2016 (18 start dates). For each start date, the
hindcast ensemble size is 10. The experiment therefore comprises 930 simulation years at ocean-mesoscale-eddy

resolving and TC-permitting horizontal resolution.

* A 61-year FOSI simulation spanning 1958-2018 that was used for initializing the ocean and sea ice components in
HRDP. The FOSI simulation is the Sth cycle of an OMIP2 spinup run utilizing JRA55-do surface forcing and performed
with the high resolution configuration of CESM's ocean and sea-ice component models.

These dataset will be made available on the NCAR side in the near future.

(a) Obs SSH EOF1+2 |, (a) ACC vs. FOSI (1987-2017) (b) ACC vs. Obs (1993-2017)
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Decadal predictions by constraining projections

Ensemblemean correlation (top row) and residual correlation of 10 and/2ar predictions for

nearsurface temperature anomalies with niyear global SST selection and 30 best members
(a) Best30: FY1-10 (b) Best30: FY11-20 (c) Best30: FY1-20
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Mahmood et al. (2021), Mahmood et al. (2022



Climate services: Making data and knowledge useftL

Climateservicesconsistin the provisionof climateinformationto supportdecisiormakingin
context The service component involves appropriate engagementand co-production
approach,an effective delivery mechanisman evaluationsystem,and the recognitionof a
variety of knowledgesystems

Identifying relevant Bias-adjusting Tailoring climate
climate data climate data information

Establishing user
requirements and needs

Assessing forecast

Developing :
climate services product quality

Barcelona

@ Supercomputing Exchange of knowledge led by: Users 4. Climate service provider
Center
Centro Nacional de Supercomputacion
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Hot-dry compound extremes

AHot daysasdaysabovethe 90th percentileof daily maximumtemperature
ADrydaysasdaysfaIIing In amonth with SPI/SPHE=1.

ACompounchot-dry extremeeventsshowsignificantskillin the 2-5 yearsrange Most skillis
linkedto the trend.

HDSPI3

Spearman correlation for |
compound extreme indices |
(top) and added skill from AT
initialisation measured with =0 L 43
the residual correlation ' '
(bottom) for DCPP prediction:
and forecast years-3

- . i »_ "“ > . " 5
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Aranyossy et al. (submitted)
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Product for food security

JRGsinterestedin multiyearpredictionsof globalcrop-relatedindicators
The standardisedprecipitationevaporation index (SPH) and heat magnitude day index
(HMDB) indicatorswere computedfrom the decadalprediction multi-modelensemble

(a) Forecasted SPEI6 / Start date: Nov. 2013 (b) Forecasted HMDI3 / Start date: Nov. 2013
Multi-year probabilistic : = : "
calibrated forecast (a, b) £§' 23 .
and observed (c, d) most §8 88 3
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Product for cotton producers

Probability of the most likely tercile - Variable: Precipitation - Forecast system: Multi-model - Crop seasons: 2-5
Start date: 2021 - Reference period: 1981-2010 - Calibration: False - Crop type: Both-IRC+RFC

Multi-model precipitation
forecast targeting cotton
production

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

40 55 70 85 100 40 55 70 85 100 46 55 70 85 100

Cotton - Both-IRC+RFC
First month Last month

Beginning and end
month of relevant
precipitation
information for
cotton production
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Products for regional farming

FOCUS-AFRICA (@ ==

2024-2028 Climate Forecasts for Tanzania

Outlook based on multi-annual predictions produced at the end of 2023

This document provides multi-annual forecasts of temperature, precipitation and drought conditions
for the 2024-2028 period over Tanzania. The probability of the most likely category is provided with
respect to the averaged 1991-2020 conditions. The complete catalogue of predictions and their
quality can be found at https://earth.bsc.es/s /cdelga frica- tudy/. The forecasts
shown in this document are based on the multi-model ensemble. In the link above, it is possible to
select the highest-quality source of information among individual forecast systems, multi-model

ensemble, climatology and persistence forecasts

Summary of the outlook:

« Warmer-than-normal conditions are expected over the entire country during the 2025-
2026 period, particularly over the central, southern and western regions (Figure 1)

« For the March-April-May season, drier-than-normal conditions are expected over the
western regions, and wetter-than-normal conditions are expected over the central and
eastern regions during the 2024-2025 and 2024-2028 periods (Figures 2 and 3).

« For the October-November-December season, drier-than-normal conditions are expected
over central, eastern and southern regions, and wetter-than-normal conditions are
expected over some northwestern regions during the 2024-2025 and 2024-2028 periods
(Figures 2 and 3).

Outlook of p e conditions ged over 2025-2026

Mar-Apr-May Oct-Nov-Dec

Esncmble mesa nonaly Emscmbie mean anocly

Figure 1. Multi-annual predictions of average temperature conditions for the 2025-2026 period [Mar-Apr-
May average on the left; Oct-Nov-Dec average on the right).

In the period 2025-2026, the forecasts point to warmer-than-normal conditions over the entire
country during both March-April-May and October-November-December seasons, particularly over
the central, southern and western regions (Figure 1).
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Climateinformation co-developedwith local organisationgvia
field work) and the national weather services has been
provided through printed bulletins summarising the
predictionsandan online interactive platform.

Forecastquality | Forecast maps
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DelgadeTorres et al. (2025)



Summary

ADecadalclimate prediction has evolved substantiallysince its emergence20
yearsaga

AGIobaIproducingcentresare complementedby contributing centresdelivering
predictionseveryyearwith physicakystemsjncludingCQ fluxes

ASystematicerrors penaliseseverelydecadalpredictions

Awork on updated climate forcingsis fundamentaland needsto team up with
shorter-term forecastingandreanalyses

APredictionscansupportthe understandingof climateanomalieg2023warming)

Aa part of the signalto-noiseparadoxin decadalpredictionscanbe explainedby
the different nature of prediction and referencetime series Thisis commonto
predictionsystemsat other time scales

AThereis an increasingnumber of examplesof the use of decadalpredictionsin
climateservices
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Nearterm seamless climate information

Skill of 26year projectionsising previous observations to select arB@mber ensemble.

A Heterogeneous improvements with respect to the full ensemble of historical
simulations
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(a) TX90p - Correlation Best30 (b) TX90p - RMSSS Best30 v.s. Clim (c) TX90p - RPSS Best30 v.s. Clim
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Di Luca et al. (2024, J. Climate)



Temporal merging seasonal and decadal prediction:

Seasonal prediction - Decadal prediction - SST Seasonal prediction - Decadal prediction - SST
Ensemble mean SST Ensemble mean SST

"‘{?sﬁm?‘ Member 1 AFFETY. Member 1
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Global S5T spatial RMSE
Global S5T spatial RMSE

Init: May (each year) Init: around Jan (each year) Init: May (each year) Init: around Jan (each year)
Forecast: May-October Forecast: May-October of Year 1 Forecast: May-October Forecast: May-October of Year 1
Select Top30 decadal prediction members with lowest Select Top30 decadal prediction members with lowest
global SST spatial RMSE values for the year 1981 global SST spatial RMSE values for the year 1982
I T >
1981 1982 Selection till the end of the

study period (2016, in our case)
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Nino3.4 forecast quality for seasonal, multannual,
decadal and S2D constrained ensembles (May init.

ACC for Nino3.4; constrained based on spatial ACC with seasonal pred

.. . . . Period: full; Moving months: 1
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Seamless forecasts of NiN03.4 index

ERAS
Seasonal predictions initialised in May
Multi-annual forecast initialised in May

Bame'o"a .- .- . . - - - .-, . - -
( o e e \\ASPE( T Decadal predictions initialised at the end of the previous year
Centro Nacional de Supercomputacion "N\ FACIITATING SEAMLESS CLMATE ADAPTATION H H H H
Seamless forecast (decadal predictions constrained in May)

DelgadaTorres et al. (in prep.)



