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Regional fact sheet - Europe
Common regional changes

• Regardless of future levels of global warming, temperatures will rise in all European areas at a rate 
exceeding global mean temperature changes, similar to past observations (high confidence). 

• The frequency and intensity of hot extremes, including marine heatwaves, have increased in recent decades 
and are projected to keep increasing regardless of the greenhouse gas emissions scenario. Critical 
thresholds relevant for ecosystems and humans are projected to be exceeded for global warming of 2°C and 
higher (high confidence).

• The frequency of cold spells and frost days will decrease under all the greenhouse gas emissions scenarios 
in this report and all time horizons, similar to past observations. (high confidence)

• Despite strong internal variability, observed trends in European mean and extreme temperatures cannot be 
explained without accounting for anthropogenic factors. Before the 1980s, warming by greenhouse gases 
was partly offset by anthropogenic aerosol emissions. Reduced aerosol influence in the recent decades has 
led to an observable positive trend in shortwave radiation. (high confidence)

• Observations have a seasonal and regional pattern consistent with projected increase of precipitation in 
winter in Northern Europe. A precipitation decrease is projected in summer in the Mediterranean extending 
to northward regions. Extreme precipitation and pluvial flooding are projected to increase at global warming 
levels exceeding 1.5°C in all regions except the Mediterranean. (high confidence)

• Regardless of level of global warming, relative sea level will rise in all European areas except the Baltic Sea, 
at a rate close to or exceeding global mean sea level. Changes are projected to continue beyond 2100. 
Extreme sea level events will become more frequent and more intense, leading to more coastal flooding. 
Shorelines along sandy coasts will retreat throughout the 21st century (high confidence).

• Strong declines in glaciers, permafrost, snow cover extent, and snow seasonal duration at high 
latitudes/altitudes are observed and will continue in a warming world (high confidence).

• Multiple climatic impact-drivers have already changed concurrently over recent decades. The number of 
climatic impact-driver changes is expected to increase with increasing global warming (high confidence).

Projected changes 
in seasonal (Dec–
Feb, DJF, and 
Jun–Aug, JJA) 
mean temperature 
and precipitation 
at 1.5°C, 2°C, and  
4°C global 
warming relative 
to 1995-2014.

Based on EURO 
CORDEX (40 
models) using the 
RCP 8.5 scenario 
to compute the 
warming levels.

Results expanded 
in the Interactive 
Atlas (active links)

+4°C Global warming scenario (2080-2100) with respect to 1995-2005. 
From EURO CORDEX (40 models) / RCP 8.5. – IPCC, Regional fact sheet, 6th assessment report, 2022

+ + + +

• Undetermined change in winter 
precipitation 

• Reduction of summer precipitation

• Rising temperature

Climate projections for Western Europe (2080-2100)

Winter Summer Winter Summer 

Projected temperature change Projected precipitation change
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“Safe” yield, Qs
∆S = 0, no long-term depletion
=> Qs < R

“Sustainable” yield, Qa : 
∆D < ∆Da, acceptable impacts on any other users 
=> Qa < R - (D0 + ∆Da) + ∆S
=> Qa < -∆Da

D
Outflows 

R
Recharge

Q
Pumping

S
Stock

What is an “acceptable” pumping rate ? 

• Springs 
• Streams
• Wetlands

Elshall et al, (2020), Gleeson et al. (2020) ; Zhou et al (2009)
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A « real world » problem…

𝑄!"#, River Pumping

𝑄$% , Aquifer Pumping

Observations

x

𝑄!"# + 𝑄$% ≪ 𝑅
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A « real world » problem…

But summer
river low flows...

𝑄!"# + 𝑄$% ≪ 𝑅
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Fig. 1. Flow chart of BRGM simulation model GARDENIA. 

The aquifer level A L  is related to the level G of this reservoir by the 
equation: 

A L  = G / S T O  + GO (1) 

where: A L  = aquifer level (calculated); G = level of reservoir G; G O  = local 
base level of the aquifer; and S T O  = equivalent storage coefficient. 

The input data are the series of monthly rainfalls near the site and the series 
of monthly potential evapotranspirations, Potential  evapotranspiration ( P E T )  
is merely an index calculated by the monthly formula of Turc (1961). A correc- 
tion P E T C  in percent (the same for all months) may be applied to this index to 
represent better  the local P E T .  The output  series is the series of monthly 
piezometric levels. The values used are observed near the middle of each 
month, but  the exact day of the month varies substantially. 

Hence it appears that  the model (in the simplest version) involves six para- 
meters: (1) water retention capacity of the soil R U M A X ;  (2) potential evapo- 

3D FD solution saturated flow Distributed Reservoir model Basic river flow routing 

MARTHE, a simple surface-subsurface flow model

Coupled with through

https://github.com/pymartheproject/pymartheThiery et al., 2021

https://github.com/pymartheproject/pymarthe
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A 3-step worklow

STEP 1 : Parameter 
estimation

STEP 2 : scenario 
selectionSTEP 3 : pumping 

optimization

White et al. (2018)
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A 3-step worklow

STEP 1 : Parameter 
estimation

STEP 2 : scenario 
selectionSTEP 3 : pumping 

optimization

White et al. (2018)
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STEP 1: 
ensemble-based 
history-matching 

∆𝐏! = )𝐉"𝑪 #
$%)𝐉 + 1 + λ 𝐂 𝐩$%

$%
𝐂 𝐩$% 𝐏' − 𝐏! + )𝐉 𝐃 − 2𝐃!

Iterative Ensemble Smoother  => Levenberg-Marquardt – Ensemble Randomized Maximum Likelihood(LM-EnRML)

Parameter ensemble update (Chen & Oliver, 2013) 

Figure 6. Improvement of fit versus number of forward
model runs of the MODFLOW-NWT model (>6 h per run).
The blue shaded rectangle represents a “desirable” range of
fit, one reflecting adequate history matching and reasonable
parameter fields. Larger symbols indicate iteration used for
comparison; dashed lines reflect overfitting. IES, iterative
ensemble smoother; phi, measurement objective function;
SVD, singular value decomposition.

observation influence, and was not sufficiently flexible to
improve its simplification scheme as the PE progresses.

Of the three PE approaches that reached the desired
level of fit, the traditional SVD approach took many more
runs to attain the fit (Figure 6), and only attained the
fit near the end of the PE process. Why did this PE
approach take more PE iterations and end at a misfit
higher than the other successful methods? We again
attribute this to the signal-to-noise ratio in the Jacobian
matrix. Recall that in the traditional approach the full
Jacobian matrix is filled each PE iteration. This full
matrix has all the signal for all observations influential
to the regression, but also all of the noise of those
that are not. This larger noise component reduces the
efficiency of the parameter upgrade selection. Indeed,
the ultimate best fit of the traditional method appears
to be only coincidentally meeting the desired fit, and
may not have if not for a fortuitous choice in parameter
upgrades between PE iteration 7 and 8 (Figure 5). Though
not tested here, the traditional SVD approach may have
attained lower measurement objective functions (phis) in
fewer PE iterations if it used a larger singular value
truncation threshold (thus retaining fewer singular values
in the solution). Moore and Doherty (2006) show how
this threshold can off-set the adverse effects of spurious
parameter values when the PE process has high amounts
of measurement or numerical noise. However, the number
of forward runs is expected to still be appreciably higher
even with such a modification.

Both the randomized Jacobian and IES PE approaches
reached the desired level of fit very quickly (two
PE iterations) and in appreciably fewer runs than the
traditional approach—in fact, fewer than the number of

parameters in the PE problem. Given the >6 h runtime
of the forward run and the large number of parameters,
this reduction in total runs translates to a large reduction
in wall-clock time needed. Although both the randomized
Jacobian and IES approaches found lower misfits than
the traditional approach, the larger exploration of the
parameter space by the IES ensemble found appreciably
lower measurement objective functions after PE iteration
2 (Figure 5). For our test problem, however, values below
31,000 were found to contain extreme parameter values
and thus were deemed unacceptably overfit. This finding
is consistent with the experience of the authors that results
of the randomized Jacobian and IES approaches typically
have an increase in extreme parameter values after PE
iteration 2 or 3.

The high level of efficiency for these two methods
indicates that they can capture the signal that is resident
in influential observations while allowing augmented
exploration of parameter space beyond what the localized
Jacobian typically performs. Consider noise in gradients
calculated from the Jacobian matrix: by using gradients
derived from sampling across parameter space, the effect
of noise in a local gradient approximation (such as that
arising from solver tolerance selection—Figure 1) is
mitigated. Noise in the solution process is mitigated
by smaller fundamental subspaces compared to a full
Jacobian matrix. Recall that the Jacobian matrix is the
means to an end, where the end is a better update to the
parameters—an approximation to the Jacobian will not
hurt the PE process if it lowers the noise floor and ampli-
fies the signal for influential observations. Approaches
based on random parameter increments or random IES
realizations provide flexibility of parameter upgrade
definition capable of capturing the information that is
contained in broadscale system behavior, overcoming
measurement and numerical noise that contaminates this
information. This, in turn, allows very efficient discern-
ment of improved parameter sets in early iterations of a
PE process.

The Jacobian matrix used in both the IES and ran-
domized Jacobian approaches is formed from empirical
cross-covariance between parameters and observations.
However, in IES the parameter increments used to con-
struct the Jacobian matrix are based on an ensemble of
parameters and observations rather than local parameter
perturbation. Therefore, in addition to the benefits of ran-
domness, the IES ensembles explore larger portions of the
parameter space during each PE iteration. Local minima
to the objective function can occur in highly nonlinear
PE problems or when model outputs are contaminated by
numerical noise, as was the case in our test model. The
enhanced exploration helps IES overcome local minima
and reach a lower measurement objective function than
approaches using local perturbation sensitivity methods.

Finally, the IES approach implicitly amplifies the
signal-to-noise ratio by focusing on an implied lower-
dimensional subspace (as expressed by a relatively low
number of realizations in the ensemble compared to the
number of parameters) within the much larger model

NGWA.org R.J. Hunt et al. Groundwater 59, no. 6: 788–798 795
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where )𝐉 is an ensemble-estimate of the Jacobian matrix  

IES is implemented in the open-source PEST++ suite (White et al., 2018)

(Hunt et al., 2021)

IES
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Measurement Objective Function throughout IES Iterations 

STEP 1: ensemble-based history-matching 
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Calibration performance 

STEP 1: ensemble-based history-matching 



14Nuts Workshop – Strasbourg 2026Pryet et al.

A 3-step worklow

STEP 1 : Parameter 
estimation

STEP 2 : scenario 
selectionSTEP 3 : pumping 

optimization

White et al. (2018)



15Nuts Workshop – Strasbourg 2026Pryet et al.

Long term simulation with multiple (17) climate models (GCMs-RCMs)

Forcings

Simulated 
variables Recharge

Runoff

Potential Evapotranspiration

Precipitation

STEP 2: 
scenario 
selection

17 GCM-RCMs from 
the Explore2 dataset 
(Marson et al., 2024)
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Comparison of Hydrologic Variables over Historical and Future Periods 

STEP 2: scenario selection
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M
Q5 Q50 Q95 Q5 Q50 Q95

Run	model		
(	×#!" )

Simulated	recharge	(R)	
(	×#!" )

Historical 30-year 
reference period

Compute	
quantiles

Select	closest-to-
quantile		annual	

scenarios			

1

2

3

annual optimization scenario
initialization period Forcings	(Ptot,	PET)

(×#!" climate	models)

surface-subsurface		
flow	model	with	
posterior	base	
parameter	set	

Future 30-year 
reference period

STEP 2: scenario 
selection

Forcings from climate models 

Simulated groundwater recharge 
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A 3-step worklow

STEP 1 : Parameter 
estimation

STEP 2 : scenario 
selectionSTEP 3 : pumping 

optimization

White et al. (2018)



19Nuts Workshop – Strasbourg 2026Pryet et al.
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Management Variables 

Aquifer pumping River pumping

Objective #1 : max. total pumping

STEP 3: Constrained, multi-objective optimization
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Aquifer pumping River pumping

Objective #1 : max. total pumping

Objective #2 : min. river flow deficit :

STEP 3: Constrained, multi-objective optimization

𝑄!,#

River discharge 

Deficit

Management Variables 
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Aquifer pumping River pumping

Objective #1 : max. total pumping

Objective #2 : min. river flow deficit :

With constraints on gw levels :

STEP 3: Constrained, multi-objective optimization

ℎ!,#

ℎ(),+)

Management Variables 
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Aquifer pumping River pumping

Objective #1 : max. total pumping

Objective #2 : min. river flow deficit :

With constraints on gw levels :
Model outputs (uncertain!) 

STEP 3: Constrained, multi-objective optimization

ℎ!,#

ℎ(),+)

Management Variables 
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STEP 3 : optimization
Deterministic estimateRobust estimate

Shift toward 
undesired value Ensemble of 

simulated values

Probability of 
“failure”

Synthetic data, illustrative purpose only

CDFÞ Chance 
constrained 
optimization
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MOU
initial decision 

variable ensemble
Nind =116

posterior parameter ensemble 

M

𝑖-th forcing scenario

STEP 3 : optimization

constraints

𝐷!"#

𝑄$%$

White et al. (2022)

=>Implementation

• Particle swarm for the generation of the offsprings (Eberhart & Kennedy, 1995; Siade et al., 2019)
• Nondominated, Sorting-based Genetic Algorithm (NSGA-II) as the constrained environmental selector (Deb et al., 2002)
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historical median 
scenario

low pumping, 
high deficit 

high pumping, low deficit STEP 3 : optimization

Specified reliability = 0.66
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Reliability as the 3rd

objective 

STEP 3 : optimization
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Wet

Median Dry

Historical
Future

STEP 3 : optimization

ÞScenario 
comparison

Specified reliability = 0.66
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Change in Agricultural 
Practices ? 

Winter Water Storage ? 
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