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1. Context
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Do bias correction methods improve
the realism of compound events?

Do bias correction methods
preserve climate change signal
seen in raw climate simulations?



The Ahr event (Belgium/Germany 2021)

Preconditioned compound event

53°N
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Extremely heavy precipitation after moderate
precipitation led to a massive flood of the Ahr river in July ]
2021 (van Oldenborgh et al., 2016). LN

The daily precipitation (PR) and the API are used to
model the event. 50°N

APl = YL PR = k'?

(@)
o

Ul
o

AN
o

Precipitation [mm/dy]

(OV)
o

N
o

The API (with k = 0.9 and N = 30) is used as a proxy for 49°N

soil moisture.
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2. Modeling compound events



Extended Generalized Pareto Distribution (EGPD)

The Generalized Pareto Distribution (GPD) is used in a peaks-over-threshold context to model the exceedances of a
variable above a defined threshold.

The Extended Generalized Pareto Distribution (EGPD) (Naveau et al., 2016) allows a complete modeling of the distribution.

Cumulative distribution function of the EGPD

f(G(x|&,0)) = pG(x|E,0) + (1 — p)G(x|&,0)°, with k, 5 > 0.

G is the GPD cumulative distribution function (¢ > —0.5).

» No threshold choice is required.

» The tail of the distribution behaves like a GPD.
» The bulk of the distribution is also modeled.

» There exists other forms for f .
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Delta decomposition for bivariate GPD

10

With the EGPD, margins are transformed to
exponential.

Two thresholds are defined (here the 95th quantile).

Points below both thresholds are removed.
For each point, a couple (E, A) is constructed.

The bivariate exceedance probability of any point
above both threshold can be numerically computed
(Our new method).
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Loire, exponential distribution
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Key takeaways from the article

11

This approach, called the bi-GPD approach, is
formally defined and constructed.

It is compared over simulated data to a more
classical approach, the GPD-copula approach.

In the context of asymptotic dependence, the bi-
GPD approach is more accurate and less biased
than the GPD-copula approach.

Open access to the article on the Environmetrics
website.
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ABSTRACT

Compound events (CEs), commonly defined as the “combination of multiple drivers and/
or hazards that contributes to societal or environmental risk”, often result in amplified
impacts compared to individual hazards. In order to estimate the return period of
bivariate CEs, a novel nonparametric approach employing bivariate Generalized Pareto
distributions (bi-GPD) is proposed and compared to a copula-based approach. Special
attention is given to account for temporal dependencies and nonconcurrent compound
events. The latter are defined as excess of variables over a threshold at a relatively close
time. The return period of such bivariate events is carefully defined and closed-form
expressions are obtained for both approaches. Simulations reveal the bi-GPD approach
is effective in case of positive asymptotic dependence and should be avoided in case of
asymptotic independence. The novel approach is then applied to ERAS reanalysis data to
analyze two types of compound events: a spatial CE with simultaneous floods due to
accumulated precipitation across two large watersheds in France and a preconditioned
CE consisting of a devastating flood triggered by extreme precipitation over a saturated
soil.

Introduction

Recent advances in the study of extreme events have highlighted the necessity of examining
multi-hazard events, and the interrelation between these hazards (Gill and Malamud 2014;
Terzi et al. 2019). These multi-hazard events are often referred to as compound events,
which are defined in Zscheischler et al. (2020) as “combination of multiple drivers and/or
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3. Data and methods



Data and materials

* 10 Global Climate Models (GCM).
+ All the considered runs follow the ssp5-8.5 scenario.

« 4 Bias Correction (BC) methods are compared: no correction, CDF-t,
dOTC and R2D2.

* BC methods are compared with two statistics: the bivariate return
period RP and the coefficient of extremal dependence y, computed
with the GPD-copula approach (see Jacquemin et al, 2026).

1992 2021 2041 2051

Model Name Run Resolution
BCC-CSM2-MR | r1i1p1f1 | ~100 km
CanESM5 r10i1p1f1 | ~500 km
CNRM-CM6-1 r1i1p1f2 | ~250 km
CNRM-CM6-1-HR | r1i1p1f2 | ~100 km
CNRM-ESM2-1 r1i1p1f2 | ~250 km
INM-CM4-8 r1i1p1f1 | ~100 km
INM-CM5-0 r1i1p1f1 | ~100 km
IPSL-CM6A-LR r14i1p1f1 | ~250 km
MIROCG6 r1i1p1f1 | ~250 km
MRI-ESM2-0 r1i1p1f1 | ~100 km
2070 2100
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Bias correction algorithms

CDF-t (cumulative distribution function transform) (Michelangeli et al., 2009)

1. The transformation between the cdf (cumulative distribution function) of ERA5 and the cdf of the simulation over the same
period is learn.

2. The transformation between the cdf of the simulation over the past and the cdf of the simulation over the future is learn.
3. The composition of these two transformation permits to construct the cdf of the corrected data over the future period.

R2D2 (rank resampling) (Vrac and Thao, 2020)

1. Apply univariate bias correction (CDF-t) on each variable separately.

2. Select one variable to be the pivot (the reference for the rank analogy).

3. Associate, in the rank space, points from the simulated data (calibration) to the reference data with respect to the pivot.
4. Replace the simulated values (projection) by the ones corresponding to the rank of the analogues.

dOTC (optimal transport) (Robin et al., 2019)

1. Multivariate optimal transport between the reference data and the model data of the reference period.
2. Multivariate optimal transport between the model data of the reference period and the projection period.
3. The two projection plans are combined to correct the projected data of the model.
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Two extremal statistics

15

Two statistics are used for the comparison: the bivariate return period RP and the coefficient of extremal
dependence y.

» The return period RP is the expected waiting time between two exceedances above a “return level” xzp.

1

» The univariate return period is: RP = NP> 2ar]

» N is the number of data points per year and @ is the extremal index, which express the strength of the temporal
dependence in extreme quantiles.

» A’similar” expression is available for compound events (Jacquemin et al., 2026, 10.1002/env.70063).

» The coefficient of extremal dependence y is defined by: y = lim P[X; > x| X, > x].
X—00

» 0 <y =<1, with y = 0 showing asymptotic independence and y = 1 showing asymptotic perfect dependence.
g asymp Y
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4. Bias correction of compound
events



Do bias correction methods improve the realism of compound events?

» The first objective is to evaluate whether multivariate bias correction methods are reliable to correct extremal statistics.

» To do so, the sequential 2-fold experiment is applied over the reference period (1992-2021) for the 10 climate simulations.

1992 2006 2021

 P—— Pe—

—_—

Calibration » Projection L
Projection =

Bias correction — i ) . .
(Projection, Projection)

Calibration » Projection

p—
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Do bias correction methods improve the realism of compound events?

» Confidence intervals are constructed through
bootstrap.

P A statistical test is performed to ensure that a value
is significantly different from the ERAS value (red
dotted line).

» Uncorrected climate simulations are mostly correct
(for RP and y).

» CDF-t and dOTC bring most of the return periods
closer to the ERAS value, but without improvements of
the x.

» R2D2 struggles more than dOTC in terms of RP but
is more efficient for .
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Do bias correction methods preserve climate change signal in raw climate
simulations?

* The second objective is to evaluate whether multivariate bias correction methods preserve the climate change signal of

extremal statistics.

» To do so, the experiment for future periods is applied over the three projection period for the 10 climate simulations.

1992 2021 2071 2100

Calibration » Projection
Bias correction
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Do bias correction methods preserve climate change signal in raw climate

simulations?
Return periods RP

Correction

o @ Nocorrection @ CDFt @ dOTC @ R2D2 % ERAS - — — 95% confidence

interval

CanESM5 CNRM-CM6 CNRM-CM6-HR CNRM-ESM2

Return periods (years)

1992 2022 2041 20711992 2022 2041 20711992 2022 2041 20711992 2022 2041 20711992 2022 2041 2071

2021 2051 2070 21002021 2051 2070 21002021 2051 2070 21002021 2051 2070 21002021 2051 2070 2100

» Great diversity of behaviors among the climate simulations.
 In around 2/3 of the cases, the sign of the evolution is preserved by the bias correction method.
* 4 simulations show an increase in RP, 3 show a decrease and 3 show no significative evolution.
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Do bias correction methods preserve climate change signal in raw climate
simulations?

Correction
method

95% confidence

No correction doTC @ R2D2 X ERA5 =77 interval

BCC CanESM5 CNRM-CM6 CNRM-CM6-HR CNRM-ESM2

™~ o

= @ @ ®
IPSL MIROC6 MRI-ESM2

@ P  J
1992 2022 2041 20711992 2022 2041 20711992 2022 2041 20711992 2022 2041 20711992 2022 2041 2071

2021 2051 2070 21002021 2051 2070 21002021 2051 2070 21002021 2051 2070 21002021 2051 2070 2100

» CDF-t is not represented as it does not modify the dependence structure.
« BC methods may introduce some unexpected variations.
* No climate simulations show a significative evolution in terms of dependence structure.
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5. Extension to Europe



Extension to Europe

The objective is to compute RP and y on every grid cell over Europe for an event “similar”’ to the Ahr event.
» On each grid cell, the variables PR and API are constructed similar to the Ahr event.

» The study is done with the IPSL climate simulation, and the CDF-t bias correction method for the projection period
2071-2100.

» Different choices can be made for the extension of the return levels. Here, return levels are deduced from a 100 years
return period for ERAS data.

» For the reference period (1992-2021, ERAS data), the return period is 100 years for each cell. For the projection period
(2071-2100, IPSL data corrected with CDF-t), the return period corresponds to a100-year event of today, “similar to the
Ahr event”.

» The log-ratio of the two return periods is computed: Evolution = log;, RRPFM , With RP e rerence = 100 here.

PR eference

23 Projecting the evolution of compound events



Extension to Europe
Evolution of the return period RP
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Return periods Return periods Evolution
ERAS5 data, 1992-2021 IPSL data corrected, Red indicates an increase in

probability of occurrence, and

2071-2100 blue a decrease.
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1992-2021 2071-2100
Extension to Europe

Latitude

» This is an extension of the Seine/Loire event,
with grid cells replacing watersheds.

Paris |

» The API of each grid cell is considered.

» A specific grid cell is chosen, usually a major
European city under flood threats (Paris, Prague,
etc.)

» The y is computed between the API of the grid
cell of the city, and the API of all the other grid
cells.

Latitude

» This is done for ERAS data over the reference
period (1992-2021) and for corrected IPSL data
over the projection period (2071-2100).

Longitude Longitude
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6. Conclusion and perspectives



Conclusion and perspectives
Conclusions
Necessity to use bias correction when projecting the evolution of compound events.

Multivariate BC methods are required when the dependence is not correctly represented in the climate simulations.
Otherwise, CDF-t is sufficient.

Climate simulations show a wide variety of evolutions.

At the European level, for the IPSL model, the “Ahr event” may become more frequent in northern Europe and less frequent
in southern Europe.

The dependence between extreme events may spatially evolve across Europe due to the climate change.

Perspectives

Confirm return period evolutions with other climate simulations.
Confirm the evolution of the spatial dependence with other climate simulation and multivariate bias correction methods.

Similar study about hot and dry compound events has started and will be continued.
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