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1. Framing the problem

• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8)
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Future JJAS precipitation relative change
2081-2100 against 1995-2014 (SSP5-8.5)

• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014)
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2081-2100 against 1995-2014 (SSP5-8.5)
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• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014)
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2081-2100 against 1995-2014 (SSP5-8.5)

1. Framing the problem

1

• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014)
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Multi Model Mean
2081-2100 against 1995-2014 (SSP5-8.5)
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• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014)
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• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014)
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• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014) 

• Major difficulty for production of a robust and 
reliable regional climate information (Hall, 
2014, Xie et al., 2015)
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• Uncertainties on precipitation future projection 
are still significant (IPCC 2021, WGI, Ch. 8) 

• Governed by model uncertainties at mid- and 
long-term (Lehner et al., 2020, Shepherd et al., 
2014) 

• Major difficulty for production of a robust and 
reliable regional climate information (Hall, 
2014, Xie et al., 2015) 

• The goal of the PhD is to reduce inter model 
spread of precipitation projections 

• Focus on Southern Asia region to study Indian 
Summer (JJAS) precipitations
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”

[Traditional model evaluation] has been 
unkindly, but perhaps not inaccurately, 
compared to a ‘beauty contest’. While 
traditional evaluation may make sense as a 
basic first step in certifying that an ESM is in 
fact an ESM, its utility in identifying those 
that produce trustworthy simulations of 
future climate is unclear. Conversely, an ESM 
regarded as less attractive in a ‘beauty 
contest’ could be dismissed, yet it may contain 
more accurate and useful estimates of some 
key attribute of future change.

Traditional model evaluation
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[Traditional model evaluation] has been 
unkindly, but perhaps not inaccurately, 
compared to a ‘beauty contest’. While 
traditional evaluation may make sense as a 
basic first step in certifying that an ESM is in 
fact an ESM, its utility in identifying those 
that produce trustworthy simulations of 
future climate is unclear. Conversely, an ESM 
regarded as less attractive in a ‘beauty 
contest’ could be dismissed, yet it may contain 
more accurate and useful estimates of some 
key attribute of future change.

Traditional model evaluation

IPCC, AR6, WGI
Section 1.5.4.7, Fig. 1.23

GCM

Emergent constraint

How models ability to reproduce 
current climate informs on their 

ability to accurately project 
future climate ?
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Mean change between 
2081-2100 and 1995-2014

How to reduce inter-model spread in projection of precipitation change over India ?
??

• One realisation • SSP5-8.5 & RCP 8.5
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Projected future change
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Linear trend between 
1979 and 2024
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•  GCMs (CMIP6 & CMIP5)n = 69
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• One realisation • SSP5-8.5 & RCP 8.5
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2. Traditional Emergent Constraint

1. Poor uncertainty reduction 

2. Lost the spatial information 

3. Constrained the mean only
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3. Inter-model Maximum Covariance Analysis (MCA) constraint

• MCA (PCA’s older brother !) looks for 
maximum covariance between two fields 
(Bretherton et al., 1992)
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5. Conclusion

• Projections of future precipitation change  face 
important model uncertainties
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5. Conclusion

• Projections of future precipitation change  face 
important model uncertainties 

• An original method based on emergent constraints 
and Maximum Covariance Analysis: is the present 
informative for the future ?
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Observational constraints on global climate projections:
An original method applied to changes in Indian summer monsoon rainfall
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ABSTRACT: The lack of consensus in global projections of regional precipitation changes represents a major obstacle for the design of
adaptation policies. This persistent spread is mainly arising from modeling uncertainty, i.e. from our limited knowledge in but also plural
representation of complex mechanisms in current global climate models. Regardless of further model developments, here we propose
an original statistical method in order to make the best use of available projections. Focusing on the Indian Summer Monsoon Rainfall
(IMSR), a regional phenomenon of importance for the livelihood of billions of people, we perform Maximum Covariance Analysis (MCA)
to relate the inter-model spread in future precipitation changes to the simulation of recent precipitation linear trends - i.e. looking for
a present-future nexus in model representation of precipitation. Observations (ERA5, GPCP) are then used to account for model errors
and thus build a revised multi-model ensemble. The robustness of our method is assessed using an out-of-sample validation approach,
that is by checking its ability to reliably predict the future regional precipitation anomalies simulated by a left-out model. Compared to
more straightforward emergent constraint approaches, our approach already enables a promising reduction in the inter-model spread at the
grid-point level, with the benefit of statistically assessing its robustness.

SIGNIFICANCE STATEMENT: Human-driven
global warming is still associated with uncertain changes
in regional precipitation in state-of-the-art global climate
models. Such model-dependent uncertainty in hydro-
logical changes may have substantial impacts on both
ecosystems and societies and remain a major obstacle
for the design of adaptation policies. The goal of our
study is to develop and evaluate an original statistical tool
that is e!cient in reducing uncertainties in the projected
precipitation change over India, including on a local scale,
relating patterns of future precipitation changes to those
of recent precipitation trends - is the present informative
for the future ? Results are promising and suggest a robust
reduction in modeling uncertainty in future monsoon
precipitation.

1. Introduction

Global warming is occurring at an unprecedented pace
(Forster et al. 2025) and won’t stop until carbon neutrality
is achieved. According to the ’Summary for Policymakers’
from the latest Assessment Report of the Intergovernmental
Panel on Climate Change (IPCC), the global mean surface
temperature has risen more rapidly since 1970 than dur-
ing any other 50-year interval over the past two millennia
(IPCC 2021). Such a rapid warming is associated with
significant but uncertain changes in atmospheric circula-
tion and regional precipitation (Allan et al. 2020; Douville
and Cherchi 2025) ultimately leading to potentially major

Corresponding author: George Whittle, george.whittle@meteo.fr

hydrological impacts on societies and ecosystems (Pörtner
et al. 2022).

General Circulation Models (GCMs) still project a wide
range of water cycle changes, which are generally much
more uncertain than the temperature response, especially
at the regional scale (Douville et al. 2021; Dessai et al.
2018). Such inter-model spread in global and regional
projections arises from a combination of three sources -
scenario uncertainty, modeling uncertainty, and internal
climate variability (Hawkins and Sutton 2009; Shepherd
2019; Lehner et al. 2020). Internal variability results from
the chaotic nature of the climate system and is thus fun-
damentally irreducible. Scenario uncertainty stems from
the considered socio-economic development pathways and
associated emissions of greenhouse gases (i.e. human and
political choices) and are unpredictable from a climate
science perspective. In contrast, modeling uncertainty is
an epistemic uncertainty (Shepherd 2019) rather arising
from our limited knowledge of and ability to represent the
Earth system’s complex mechanisms, including forcings,
feedbacks and responses to a specific emission scenario.
Through equations of physics and dynamics, with di”erent
architectures, discretization techniques, physical parame-
terizations and tuning methods, modeling centers are able
to provide an imperfect (e.g. severe and persistent biases
to observations, Balaji et al. 2022; Wang et al. 2014; Zhang
et al. 2023) though valuable representation of the climate
system (Schmidt 2009). Such ambitious constructions are
doomed to di”er from the one and only real climate sys-
tem trajectory, but their increasing number and diversity
are desirable for providing a likely range that is expected

1
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