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Increasing risk associated with climate warming

(a) Global surface temperature change (b) Reasons for Concern (RFC)
Increase relative to the period 1850-1900 Impact and risk assessments assuming low to no adaptation
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Earth System Models: holistic representations of climate-biosphere interactions
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Intrinsic variability affects near-term outcomes

Intrinsic variability e
contributes to future

oo

climate outcomes
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The climate system is highly dynamic

Intrinsic variability
affects near-term
outcomes

Trends due to

natural variability
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Initialized prediction

Decadal
predictions

Initial value
problem

5 5 J | N | —»

day week month season year decade century
Weather Seasonal to Long term climate
predictions interannual change projections
predictions

Kirtman, Power, et al. IPCC (2013)



Initialization

Memory in the climate system

atmosphere
(weather)

courtesy of Paul Dirmeyer (GMU/COLA)

Predictability

~7 days ~30 days Time



Predictability limits in the context of external forcing

Time-evolving
climatology

P.(1)

e Initialized

P (1) forecast
distribution

Time

Branstator & Teng, J. Climate (2010)



Robust skill of decadal climate predictions

Forecast Year 2-9 ACC for ~1965-2005
Decadal Climate Prediction Project (DCPP)

Total Skill Impact of initialisation

(a) Temperature (b) Temperature

« Large multi-model ensembles enable
reduction in noise necessary to achieve
skillful prediction.

 Initialized DCPP ensembles exhibit robust
near-term (5-10 yr) skill improvements over
uninitialized projection ensembles.

(c) Precipitation

Anomaly correlation coefficient: [-1, 1]

N T —
2i1(f —f )o,-0) Phase of variability

in forecast (f) relative

ACC= ~ =3 —
’\/zi=1(’ir -f) ”JZH(OI' ~0) to observations (0).

CMIP5 DCPP
8 systems
Ninit=7.I
Nuninit=56

Smith, Eade, et al., npj Clim. & Atm. Sci. (2019)



Ocean biogeochemistry & ecology predictions using Earth system models
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Skilful prediction of cod stocks in the North and
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Community Earth System Model Prediction Experiments

_ CCSM4-DP DPLE SMYLE HRDP
(no BGC) (no BGC)

Model CCsSMm4 CESM1.1 CESM1.1 CESM1.3
- ocn POP2 (1°, 60L) POP2 (1°, 60L) POP2 (1°, 60L) POP2 (0.1°, 62L)
- atm CAMA4-FV (1°, 26L) CAMS5-FV (1°, 30L) CAM®6-FV (1°, 32L) CAMS5-SE (0.25°, 30L)
- Ind CLM4 (1°) CLM4 (1°) CLM4 (1°) CLM4 (0.25°)
- ice CICE4 (1°) CICE4 (1°) CICE5 (1°) CICE4 (0.1°)
Forcing CMIP5 CMIP5 CMIP6 CMIP5
RCP4.5 (from 2006) RCP8.5 (from 2006) SSP3-7.0 (from 2015) RCP8.5 (from 2006)
Initialization Full Field Full Field Full Field Full Field
- ocn/ice CORE-FOSI (1°) JRA-FOSI (1°) JRA-FOSI (1°) JRA-FOSI (0.1°)
- atm CCSM4 Ensemble CESM1-LE JRA55 Reanalysis JRA55 Reanalysis
- Ind CCSM4 Ensemble CESM1-LE CRU-JRAvV2 HighResMIP Tier 1
(AMIP)
Hindcasts Nov 1st Nov 1st Feb 1, May 1, Aug 1, Nov  Nov 1st
1955-2014 (N=60) 1954-2017 (N=64) 1 1982,1984,..., 2016
120 months 122 months 1970-2019 (N=200) (N=18)
24 months 62 months
Ensemble Size 10 40 20 10
Simulation Years 6,000 26,000 8,000 930

DPLE = Decadal Prediction Large Ensemble; SMYLE = Seasonal-to-Multiyear Large Ensemble; FOSI = Forced Ocean Sea-lce Simulation



CCSM4-DP: Skillful decadal forecasts of upper ocean heat content
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Spurious El Nino events from initialization shock

Zonal wind in Equatorial Pacific (Nino3) CCSM4-DP: Initial start years show spurious El Niho events
0 b. Zonal Wind (Nino3) Composite over start years
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Yeager, Danabasoglu, et al. BAMS (2018) Karspeck, Yeager, et al., Clim. Dyn. (2015)



DPLE: Large ensemble size needed to beat persistence forecast

Predictability for observed (O) & model (M)
climate variable:

Combination of predictable signal (S) &
chaotic noise (N)

O=5,+ N,
M =5+ N,

Ensemble averaging to reduce noise:

Scaife & Smith, npj Clim. & Atm. Sci. (2018)
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Potential Predictability of Net Primary Productivity

|
-10 -08 -06 -04 -02 0.0 0.2 0.4 0.6 0.8 10 -10 -08 -06 -04 -02 0.0 0.2 0.4 0.6 0.8 1.0
ACC AACC (CESM-DPLE - persistence) Krumhardt, Lovenduski, et al. GBC (2020)



Skillful multiyear predictions of pH in the California Current System

Potential predictability of surface pH anomalies

Lead Year 1 Lead Year 2 Lead Year 3 Lead Year 4 Lead Year 5
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Thermocline oxygen concentrations are highly predictable

Anomaly correlation coefficient
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Predicting aerobic habitat

B O5 supply B
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Seasonal-to-Multiyear Large Ensemble (SMYLE)

NPP predictability in coastal North American LMEs
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Seasonal to multiannual marine ecosystem prediction

A Chlorophyll Prediction Skill (Lead Time: 1-3 mon)

Chlorophyll Prediction in GFDL model -
/ S N -, O
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Seasonal-to-Multiyear Large Ensemble (SMYLE)

May initialization
Diatom fraction e-ratio Particulate export (100m)
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The Flying Leap* 2.0: Building toward fully prognostic fish

FEISTY Total Fish Biomass Simulations Annual mean of total fish biomass
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Chlorophyll Conc. (mg/m>®) from CESM Model: 01—MAY—1987
LR: ~100 km grid HR: ~10 km grid
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HRDP: SST Anomaly Correlation

HRDP:

Start dates: Nov. 1 1982,
84, 86, ..., 2016

Ensemble: 10 x 5 years

White contours: 0.6
and 0.8 correlation
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HRDP: Tropical Cyclone Frequency
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A signal-to-noise paradox in climate science

Predictability for observed (O) & model (M)
climate variable:

Combination of predictable signal (S) &
chaotic noise (N)

O=5,+ N,
M =5+ N,

Ensemble averaging to reduce noise:

Scaife & Smith, npj Clim. & Atm. Sci. (2018)

Ensemble Mean Skill

NAO Skill vs Ensemble Size
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High-Resolution Earth System Simulations

HR/L SST variace ratio
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Mesoscale variability drives air-sea turbulent heat flux

Monthly anomaly ), oruros LHF v. SST a) J-OFURO3
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A signal-to-noise paradox in climate science

NAO Skill vs Ensemble Size

Ratio of predictable components: [0, ] 1.0
0 0 The discrepancy Model predicti
o ]/o | odel predicting
RPC = ?lg/ ;Ot s fAC(; betyveen 1?lgnt..al-to.-total real world
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of predictable variance is higher in Actuol
observations
Theory ........
(Scaife et al. 2014; Eade et al. 2014; Siegert et al. 2016; Scaife & Smith
2018; Strommen & Palmer 2018; Yeager et al. 2018; Zhang & Kirtman 0.0 )
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Scaife & Smith, npj Clim. & Atm. Sci. (2018)



HRDP (10) ACC DPLE (40) ACC

DJFM SLP
(pentadal average)

SLP skill is quite sensitive to
ensemble size. DPLE skill scores
are comparable to HRDP only
with 40-members. -08 -06 04 -0.2 0.0 02 04 06 0.8
HRDP (10) ACC

Courtesy of Steve Yeager



DJFM SLP
(pentadal average)

High ACC in HRDP achieved
with RPC~1 (in contrast to
DPLE).

Note: RPC in DPLE would be
even higher if ACC from HRDP
were used.

o o
RPC = asig/otot > ACC
T V.- ok f
Osig/ otot osig/ otot

Courtesy of Steve Yeager

HRDP (10) ACC DPLE (40) ACC
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CESM Large Ensemble: A Big Data Problem

1° CESM-LE: Data from a single variable
(1920-2100)

A\
3D Ocean Field (ﬁ;&

Monthly time resolution
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(different initializations)
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Earth System Data Science
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