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Large Uncertainties in Climate Projections Remain
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Overview

1. Emergent constraints on Effective Climate Sensitivity in CMIP5: do they hold for
CMIP6? (Schlund et al., ESD, 2020)

2. Constraining uncertainty in projected gross primary production with machine learning
(Schlund et al., JGR: Biogeosci., 2020)
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1. Emergent constraints on Effective
Climate Sensitivity in CMIP5: do they
hold for CMIP6?
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Example — Sherwood et al. (2014)

X-axis: Lower tropospheric mixing index (LTMI)
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Evaluation of 11 Emergent Constraints on ECS

Name Reference Description

BRI Brient & Schneider (2016) Response of tropical low-level cloud albedo to changes in SST
COX Cox et al. (2018) Temperature variability metric

LIP Lipat et al. (2017) Extent of the Southern hemisphere Hadley cell

SHD Sherwood et al. (2014) Large-scale lower-tropospheric mixing (D index)

SHS Sherwood et al. (2014) Small-scale lower-tropospheric mixing (S index)

SHL Sherwood et al. (2014) Lower tropospheric mixing index (LTMI) =D + S

SU Su et al. (2014) Error in vertical profile of relative humidity

Tl Tian (2015) Tropical mid-tropospheric humidity asymmetry index

TIH Tian (2015) Southern ITCZ index

VOL Volodin (2008) Difference in tropical and mid-latitude cloud fraction

ZHA Zhai et al. (2015) Response of marine boundary layer cloud fraction to SST changes
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Summary: Evaluation of 11 emergent constraints on ECS
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Summary: Evaluation of 11 emergent constraints on ECS
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Conclusions from this study

« Higher best estimates/ranges of constrained ECS in CMIP6: Likely related to higher multi-
model mean/spread of ECS in CMIP6

* Possible reason for reduced skill of emergent constraints when applied to CMIP6: Basic
assumption for single-process emergent constraints is that a single observable process
dominates uncertainty in ECS which might not hold

Earth System Emergent constraints on equilibrium climate
Dynamics sensitivity in CMIP5: do they hold for CMIP6?
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Abstract. Animportant metric for temperature projections is the equilibrium climate sensitivity (ECS), which is
defined as the global mean surface air temperature change caused by a doubling of the atmospheric CO, concen-
tration. The range for ECS assessed by the Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment
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2. Constraining uncertainty In
projected gross primary production
with machine learning
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Machine Learning-based weighting - Concept

Use multiple process-oriented diagnostics to constrain multi-model projection of Y using observations
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Use supervised Machine Learning to learn non-linear relationships from gridded data




Constraining Future GPP with ML

Model data

* Temperature
* Precipitation
+ Leaf area index

Training Phase

« GPP

* Incoming radiation

* Temperature
* Precipitation
* Leaf area index
L ¢ Incoming radiation

Prediction Phase e

Observation-
driven data
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Constraining Future GPP with ML
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Constraining Future GPP with ML

Global feature importance (GBRT)
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Conclusions from this study

« Machine Learning-based approaches can reduce uncertainties in gridded climate projections
using multiple predictors

* Evaluation of feature importance allows us to explore process-oriented physical relations

JGR Biogeosciences
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Constraining Uncertainty in Projected Gross Primary
Production With Machine Learning

Key Points: Manuel Schlund®

, Veronika Eyring'? (1)), Gustau Camps-Valls® (), Pierre Friedlingstein®*,

« An emergent constraint on CO,

seasonal cycle amplitude changes
reduces uncertainties in global mean
gross primary production
projections

« A machine learning model with

multiple predictors can further
constrain the spatial distribution of
gross primary production

« High-latitude ecosystems show

higher gross primary production
increase over the 21st century
compared to regions closer to the
equator
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Abstract The terrestrial biosphere is currently slowing down global warming by absorbing about 30% of
human emissions of carbon dioxide (CO;). The largest flux of the terrestrial carbon uptake is gross
primary production (GPP) defined as the production of carbohydrates by photosynthesis. Elevated
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Summary

--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

. Emergent constraints on ECS show Machine learning techniques are :
. reduced skill and increased best estimates of i promising methods to improve ESM Analysis
: ECS in CMIP6 : : :
NN N T T T T T N O N T N T I T T T N T T T T N T T I 1400_.‘ g
BRI s —— 1200_: _
COX S — - ] F
LIP I — g 1000-: -48%
SHD E—— & 800 -
Q R &
SHL I — E‘ ] -
SHS ——— c;rJa -
F—————— % 400 -
V| p—— :
Tl I : : o:
VoL I MMM GBRT
CMIP5 e
ZHA [ ——
CMIP6 I E——
2.0 2?5 350 3?5 4?0 4?5 5.l0 5.5

ECS [K]




