
Can bias correction methods improve the statistical characterization
of extreme rainfall compound events in climate simulations?
Grégoire Jacquemin1,2,a, Mathieu Vrac2,3,b, Xavier Freulon1,c, and Denis Allard4,d

1Mines Paris, PSL University, Centre for geosciences and geoengineering, 77300 Fontainebleau, France
2Laboratoire des Sciences du Climat et l’Environnement (LSCE), CEA, CNRS, UVSQ, Université Paris-Saclay, UMR8212,
91191 Gif-sur-Yvette, France
3Institut Pierre Simon Laplace (IPSL), FR636, Paris, France
4Biostatistiques et Processus Spatiaux (BioSP), INRAE, Avignon, 84914, France
agregoire.jacquemin@minesparis.psl.eu
bmathieu.vrac@lsce.ipsl.fr
cxavier.freulon@minesparis.psl.eu
ddenis.allard@inrae.fr

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. To understand their evo-

lution in terms of frequency under climate change, the outputs of climate simulations are used. Climate simulations are often

statistically biased which can affect the representation of CEs. Hence, this study examines to what extends bias correction

methods, including multivariate ones, improve the statistical characterization of CEs. It also aims at determining whether their5

evolution under climate change can be preserved by these methods. Two extreme rainfall events triggered by accumulated pre-

cipitation have been selected and analyzed either with a multivariate generalized Pareto modeling or a copula-based modeling.

Two multivariate bias correction methods (dOTC and R2D2) and one univariate bias correction method (CDF-t) are applied to

bias correct simulations from 10 global climate models. Bias corrected and raw data are compared in terms of return periods

and in terms of extremal dependence structure. The results show that bias correction methods improve the representation of the10

two studied CEs and that the sign of their evolution is preserved in most cases.

Keywords Bivariate Extremes, CDF-t, dOTC, R2D2, Asymptotic Dependence, Return Periods, Climate Change, Extremal

Index, Antecedent Precipitation Index

1 Introduction15

In early June 2016, the Seine and the Loire rivers flooded simultaneously, causing more than one billion euros in damages

and three fatalities across France (van Oldenborgh et al., 2016). Another catastrophic event occurred on 14th July 2021 in

Germany and Belgium: extremely intense precipitation triggered the flooding of the Ahr catchment, resulting in more than
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30 billion euros of damages and more than 200 deaths. High soil moisture levels previous to the precipitation are understood

to have amplified surface runoff and thereby the severity of the inundation (Mohr et al., 2023). Both events share a defining20

characteristic: they arose from the combination of two individual extreme events, the flooding of the Seine and the flooding of

the Loire for the former and the extreme precipitation and the high soil moisture level for the latter.

Such events are called compound events (CEs), which Zscheischler et al. (2020) define as the “combination of multiple

drivers and/or hazards that contributes to societal or environmental risk”. The two previously mentioned events are example

of CEs. Such combinations can amplify the impact of individual hazards, often leading to a more severe impact. Although the25

understanding, analysis and projection of CEs remain in their early stages, their study is primordial in a climate change context

to anticipate the evolution of existing risks and to prevent new risks to arise (Brett et al., 2025). Accurately capturing these

events requires a comprehensive and sophisticated statistical modeling of the dependence structure between the variables, in

particular in tails of the distribution (Bevacqua et al., 2017; Yang et al., 2023; Xu et al., 2023; Jacquemin et al., 2026).

Climate change is expected to modify the distribution of individual climate variables, such as temperature and precipitation,30

but may also influence the interactions between these variables, their spatial interactions (François and Vrac, 2023) and the

outputs of process models driven by these variables (Allard et al., 2025). Concerns have also arisen about the possibility that

compound events may become more frequent in the future under climate change. The changes in distribution and dependence

may lead to complex evolutions in the frequency of compound events under future climate conditions (Zscheischler et al.,

2018; Ridder et al., 2022; Heinrich et al., 2023). Recent developments in the study of the evolution of climate-related disasters35

have highlighted the strong correlation between the frequency and magnitude of certain extreme events and the global warming

level (temperature extremes in Seneviratne et al. (2016) and precipitation extremes in Li et al. (2019) for example). Projection

of CEs-related disasters in a future climate has thus become a major research question (Kharin et al., 2018).

Projecting future changes in the frequency of extreme events is usually based on outputs from climate simulations. However,

climate simulations are often statistically biased (Raäisaänen, 2007; Christensen et al., 2008), meaning that the statistical prop-40

erties of simulated climate variables (mean, variance, extreme quantiles and, more generally, the overall distribution) can differ

from the properties of reference variables (e.g., reanalyses, weather station measurements). To address these discrepancies, a

well-formed body of methods for Bias Correction (BC) has been developed. Statistical differences between observations and

simulations are learned over a past “calibration” period, and simulations are then corrected over a “projection” period, usually

in the future. Over the past decades, several univariate BC methods have been proposed. These include the Delta change method45

(correction of the mean, Gleick, 1986; Hay et al., 2000), the linear regression (Maraun et al., 2010), or the quantile mapping

and its different variants, introduced in Panofsky and Brier (1958) and later applied by Haddad and Rosenfeld (1997) and

Déqué (2007) for example. Finally, the CDF-t method proposed by Michelangeli et al. (2009) has the advantage to account for

non-stationarity between the calibration and the projection (Vrac et al., 2012). However, univariate BC methods are designed to

correct variables separately from each other, which means that the dependence structure between the variables is not corrected50

or even modified (Vrac, 2018). Hence, if the climate model dependence is biased with respect to the reference one, it will still

be biased after a quantile-based univariate BC. In such a case, to project the evolution of compound events, multivariate BC

methods are required to ensure that both the variables and the dependence structure between them are corrected.
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Among the existing multivariate BC methods, the matrix recorrelation method (MRec) was introduced by Bárdossy and Pe-

gram (2012) and used in Pegram and Bárdossy (2013) and El Hachem et al. (2025). This method first transforms the marginals55

into Gaussian distributions, then reconstruct the dependence structure of the reference with the Pearson cross-correlation ma-

trices. Hence, this method is not adapted for non-Gaussian climate variables (François et al., 2020) like precipitation, the main

variable used in this study. Another method, the Multivariate Bias Correction with N-dimensional probability density func-

tion transform (MBCn), has been introduced by Cannon (2018) and used in Adeyeri et al. (2020); Dieng et al. (2022); Meng

et al. (2022); Olschewski et al. (2024). A random orthogonal matrix is iteratively applied to the matrix of the bias-corrected60

marginals, until the multivariate distribution matches the one of the reference. However, this method is potentially instable

and it brings undesired stochasticity in the correction (François et al., 2020). Some studies have developed multivariate BC

methods attempting to adjust the temporal correlation of the variables on multiple timescales in addition to correcting the

inter-variables dependence (Mehrotra and Sharma, 2015, 2016, 2019). Statistics of interest are corrected towards those of daily

observations and then aggregated up to yearly timescales. This temporal feature is not of interest in this study, as the CEs65

considered here are seasonal, and only the daily timescale is relevant. The dynamical Optimal Transport Correction (dOTC,

Robin et al., 2019) relies on optimal transport theory to bias correct multivariate dimensions. The method is able to correct

the dependence structure and to account for temporal non-stationarities, both for the margins and the dependence structure.

Finally, the Rank Resampling for Distributions and Dependences (R2D2, Vrac, 2018) method first corrects the marginals with a

univariate BC method, then reconstruct the dependence structure based on the rank evolution of a pivot variable. R2D2 is based70

on the assumption of stability in time of the dependence structure and also provides some stochasticity to investigate climate

uncertainties.

Multivariate BC methods have already been employed to correct compound events. For example, the performance of two

multivariate BC methods, MBCn and one of its variants MBCr (Cannon, 2018), is evaluated in Meng et al. (2022) on the

representation of compound hot and dry events within 20 CMIP6 simulations. Their study highlights a better representation75

of the dependence between temperature and precipitation with the use of multivariate BC, as well as a number of CEs closer

to that of observations. Another example is the investigation of the evolution of the frequency of dry-hot CEs in the Pyrenees

under climate change in Lemus-Canovas and Lopez-Bustins (2021), where MBCn was also employed to correct the depen-

dence structure. This revealed more frequent compound hot and dry events in the future. Similarly, Olschewski et al. (2024)

investigated the evolution of false spring events (an earlier than average warming event followed by another period of freezing80

temperatures) and heat-drought CEs in the greater Mediterranean region for a high-impact future scenario, through the MBCn

method (Cannon, 2018). Once again, their results show a potential increase in frequency, as well as in intensity and duration for

the heat-drought CEs. In Kim et al. (2023a), the representation of four CEs in a Regional Climate Model (RCM) with boundary

conditions from a Global Climate Model (GCM) is assessed and compared to the representation of the same events with the

boundary conditions corrected through univariate BC and multivariate BC. The used BC methods allow to correct persistence85

biases and physical inconsistencies between the variables on multiple timescales: they are introduced in Mehrotra and Sharma

(2015) and their implementation is detailed in Kim et al. (2023b). They showed that the RCM with multivariate bias corrected

3

https://doi.org/10.5194/egusphere-2026-3269
Preprint. Discussion started: 19 June 2026
c© Author(s) 2026. CC BY 4.0 License.



boundary conditions exhibited lower errors in reproducing the CEs frequency and magnitude than the other RCMs (i.e., without

correction or with univariate correction).

Benefits and shortcomings of multivariate BC methods are assessed in François et al. (2020) and in Allard et al. (2025),90

but they do not focus on their ability to correct extreme quantiles and asymptotic dependence. Moreover, there is a lack of

understanding about the ability of multivariate BC methods to preserve the signal of climate change for CEs. Therefore, this

work addresses two research questions, under the prism of two CEs. First, it investigates whether BC methods enhance the

realism of the representation of these two compound events. In this context, the representation of these events in raw climate

outputs is evaluated and the influence of BC methods on their representation is analyzed. Second, the study examines the95

extent to which BC methods preserve the climate change signal of raw climate simulation outputs for these compound events.

Indeed, although climate simulations exhibit statistical biases, they remain the most comprehensive tools for understanding the

evolution of the Earth’s climate system. It is thus essential that BC techniques preserve the physically plausible evolution of

climate variables under future scenarios. Following the conclusions of François et al. (2020) and Allard et al. (2025), this study

examines two multivariate BC methods, dOTC and R2D2, as well as the univariate CDF-t method as a benchmark to put in100

perspectives the contribution of the multivariate BC methods.

These three BC methods (CDF-t, dOTC and R2D2) are compared in an extreme value framework to assess the effectiveness of

correcting the dependence structure in the tails of the distribution and the impact of multivariate BC methods on the estimation

of compound event probabilities under current and projected climate scenarios. The performance of these methods is assessed

using two extremal statistics: the coefficient of extremal dependence χ and the bivariate return period RP . The coefficient105

of extremal dependence χ (Joe, 1993; Coles et al., 1999) allows to characterize the extremal dependence structure and to

compare such structures. The return period RP (Gumbel, 1941) is a natural statistic to characterize an extreme event and

the bivariate version encapsulates both the marginal exceedance probabilities and the joint exceedance probability. Estimation

of these statistics requires advanced statistical modeling: two different modelings are detailed and used with raw and bias-

corrected data. Both are based on the theory of multivariate extreme values. The first one, named the bi-GPD modeling, relies110

on bivariate Generalized Pareto Distribution (GPD) and is efficient when the variables are asymptotically strongly dependent

(Jacquemin et al., 2026). The second one, named the GPD-copula modeling, uses copulas to model the dependence structure

and is efficient when variables are asymptotically weakly dependent (Jacquemin et al., 2026). To evaluate the BC methods,

χ and RP are computed over reference data, raw simulation data and corrected simulation data. Their comparison permits

to discuss the realism of the representation of CEs in simulations as well as the improvement of this representation by BC115

methods. The temporal evolutions of the same statistics over future periods are also compared to determine whether the trends

are preserved or not by BC methods.

This article is organized as follows: in Section 2, the two CEs considered and the data used are presented in details. The

BC methods applied and compared in this article are briefly reminded in Section 3. The statistical modelings used to represent

the CEs are presented in the same Section, as well as the evaluation statistics: the coefficient of extremal dependence χ and120

the bivariate return period RP . The experiments conducted in this study are detailed in Section 4. They aim at answering

whether BC methods improve the realism of the representation of the two CEs under study in climate simulations and whether
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BC methods preserve the climate change signal from the climate simulations in the same two CEs. Results are presented,

commented and discussed in Section 5. Section 6 provides conclusions and perspectives of future works.

2 Data and events125

This Section presents the reference data and the simulation data used to compare and evaluate the BC methods. Then, the two

compound events under study are detailed. They both stroke Europe in the last 10 years. The first event occurred over central

France during spring 2016 and is referred to as the Seine/Loire event in the following. The second event is the major flooding

of the Ahr river in July 2021 and is called the Ahr event. Finally, the Antecedent Precipitation Index (API), a variable used in

the modeling of the events, is introduced.130

2.1 Reference and simulation data

Reference data used in this article are daily precipitation time series from ERA5 reanalysis (Hersbach et al., 2020) initially

provided at a 0.25° x 0.25° spatial resolution. Ten climate simulations from CMIP6 are considered for correction and are

presented in Table 1. For all simulations the considered scenario is SSP 5-8.5, the scenario with the highest radiative forcing

(O’Neill et al., 2016). All data (ERA5 and CMIP6 simulations) have been re-gridded to a common 1°x 1° spatial resolution.135

Simulation name Run Atmospheric resolution Data reference

BCC-CSM2-MR r1i1p1f1 ∼100 km Wu et al. (2018)

CanESM5 r10i1p1f1 ∼500 km Swart et al. (2019)

CNRM-CM6-1 r1i1p1f2 ∼250 km Voldoire (2023)

CNRM-CM6-1-HR r1i1p1f2 ∼100 km Voldoire (2019)

CNRM-ESM2-1 r1i1p1f2 ∼250 km Seferian (2023)

INM-CM4-8 r1i1p1f1 ∼100 km Volodin et al. (2019)

INM-CM5-0 r1i1p1f1 ∼100 km Volodin et al. (2019)

IPSL-CM6A-LR r14i1p1f1 ∼250 km Boucher et al. (2018)

MIROC6 r1i1p1f1 ∼250 km Shiogama et al. (2019)

MRI-ESM2-0 r1i1p1f1 ∼100 km Yukimoto et al. (2019)
Table 1. List of CMIP6 simulations used in this study, along with their run, approximate horizontal atmospheric resolution, and associated

reference.

2.2 The Seine/Loire 2016 event

Spring 2016 was particularly wet in France (Philip et al., 2018). On top of that, an almost stationary low pressure system created

moderate but continuous rain from 26 May to 4 June 2016 over Central and North-East France. This resulted in the flooding

of first small tributary rivers, like the Loing and the Yvette, and then in the almost simultaneous flooding of two major french
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rivers, the Seine and the Loire (Philip et al., 2018). This extreme event can be seen as a spatially compound event (Zscheischler140

et al., 2020). River discharge, the classical variable to represent floodings, is however not an output of climate simulations.

In order to exploit climate simulations, the Seine/Loire event is represented by climate variables such as precipitation. It can

be shown that the daily precipitation values from 26 May to 4 June 2016 were not extremes per se, but that the accumulated

precipitation of the last 20 days of May 2016 was exceptionally high.

To characterize this event, the precipitation variable from the data presented earlier is used. The watershed of the Seine and145

the watershed of the Loire are discretized over the 1°x 1° re-gridded ERA5 grid. The are presented on panel (a) of Figure 1,

in green for the watershed of the Seine and in red for the watershed of the Loire. The daily precipitation data is then averaged

over each watershed.

2.3 The Ahr 2021 event

On 11 July 2021, an upper-level low pressure system formed west of Ireland. It moved eastward across Europe, before being150

blocked by a quasi-stationary anticyclone located over northeastern Europe, already present during the 3 preceding weeks. This

anticyclone has led to sea surface temperature anomalies up to 8K over the Baltic sea (Mohr et al., 2023). In the meantime, a

surface low-pressure system arrived from northwestern Italy. It all resulted in very high values of precipitation over northern

Germany on the 14 and 15 of July 2021. It also resulted in the flooding of the Ahr catchment, a river between Belgium and

Germany, and in never seen before precipitation for this area. However, as analyzed in Mohr et al. (2023), the soil moisture155

level in the Ahr catchment before this extreme rainfall was high and played a decisive role in the disastrous flood. In this

work, the Ahr event is considered a preconditioned event (Zscheischler et al., 2020), with the high soil moisture level being the

preconditioning variable and the daily precipitation being the main variable.

To characterize the Ahr event, the precipitation is also used. The grid cell corresponding to the flooded area is retained as

well as the eight surrounding grid cells. The 3°x 3° retained area is shown on panel (b) of Figure 1. The daily precipitation data160

is then averaged over this area.

2.4 The Antecedent Precipitation Index

To account for the accumulation of precipitation, the relevant variables for the Seine/Loire event, the Antecedent Precipitation

Index (API) is used in this study. The API , introduced by Kohler and Linsley (1951), corresponds to accumulated precipi-

tation with the natural evacuation of water by the watershed. Moreover, to statistically model the Ahr event, the soil moisture165

variable presents two drawbacks: it is not an output of climate simulations and it is bounded. The upper bound (which rep-

resents the saturation of the soil in water) strongly limits the use of this variable in an extreme event study, as no distinction

between high values and extreme values can be made. To overcome both problems, the API is also used for the Ahr event to

describe the wetness conditions prior to the heavy rainfall, as in Mohr et al. (2023).

On a day j, the API is defined by:170

APIj =

m∑

i=1

ki−1PRj−i, (1)
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Figure 1. Seine (green) and Loire (red) watersheds on a 1°x 1° grid with precipitation on the 31/05/2016 (a). Selected area for the Ahr event

with precipitation of the 14/07/2021 (b).

where PRd is the total precipitation at day d. The value of the API depends on two parameters, k and m. The number of days

used to calculate the API is given by m and k accounts for the evacuation of the water by the watershed.

For the Seine/Loire, similarly as in Jacquemin et al. (2026), we set m= 17 and k = 0.87 for both watersheds. These values

come from the literature (Blanchard et al., 1981; Li et al., 2021) and from a model stability analysis (not shown). The maxima175

of API reached on May-June 2016 are 39.6 mm for the Seine and 41.1 mm for the Loire.

For the Ahr event, parameters m= 30 and k = 0.9 are chosen: they are within the suggested bounds of the literature (Blan-

chard et al., 1981; Teng et al., 1993; Schröter et al., 2015; De Moraes et al., 2024) and were used in Mohr et al. (2023) to

analyze the Ahr event. An analysis (not shown) also showed that the API with this set of parameters follows the variations

of the soil moisture in ERA5 in the upper soil levels (0-28 cm) without being bounded. The maximum of precipitation was180

reached on the 14th of July 2021 and the retained value for the API is on the same day, as the precipitation of the day is not

included in the calculus of the API (see Eq. (1)). The maximum value of precipitation is 46.6 mm and the corresponding API

value is 64.4 mm.

3 Methodology

First, the BC methods employed in this article are introduced: CDF-t, R2D2 and dOTC. Then, the two statistical modelings185

used to compute relevant statistics about the events under study are presented, as well as the practical estimation methods.

Finally, the extremal statistics over which the comparison of the BC methods is done are presented, as well as the formulas to

compute them from the two statistical modelings.
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3.1 Bias correction methods

CDF-t190

The “Cumulative Distribution Function - transform” (CDF-t) is a univariate BC method, introduced in Michelangeli et al.

(2009). This BC method is used in many studies, such as Pierce et al. (2015); Famien et al. (2018); Guo et al. (2020); Vrac

et al. (2025). Over the calibration period, the method learns the modification needed to transform the Cumulative Distribution

Function (cdf) of the climate simulations into the cdf of the reference time series. It then learns the evolution of the simulation

cdf between the calibration period and the projection period. This evolution is assumed to be the same for the reference cdf195

between the two periods. By combining the transformation and the evolution previously learned, CDF-t constructs the corrected

cdf over the projection period. Finally, a simple quantile-mapping is performed between the newly constructed cdf and the cdf

of the time series of the climate simulation over the projection period, to obtain the bias-corrected time series. CDF-t has the

advantage over the classic quantile-quantile method to take into account the evolution of the cdf of the simulation between the

calibration period and the projection period. A complete description can be found in Vrac et al. (2012); François et al. (2020).200

dOTC

The dynamical Optimal Transport Correction (dOTC) was introduced in Robin et al. (2019). It places the “quantile-mapping”

transfer function in the context of the optimal transport theory. The optimal transport theory defines the optimal way to trans-

form one distribution into another one. This transformation function is called an optimal transport plan. In dOTC, two optimal

plans are inferred: the first one between simulation data and reference data over the calibration period and the second one205

between simulation data over the calibration period and simulation data over the projection period. Finally, the two optimal

transport plans are combined to construct the multivariate cdf of the corrected data over the projection period. By taking into

account the evolution of the climate simulation’s cdfs between the calibration and the projection periods in a manner similar to

CDF-t, dOTC is the extension of CDF-t to the multivariate case (Robin et al., 2019).

R2D2210

The Rank Resampling for Distributions and Dependences (R2D2), presented by Vrac (2018), first corrects the marginal dis-

tributions with a univariate BC method (such as CDF-t), then corrects the dependence structure, and finally combines the two

steps to provide a multivariate correction. The dependence structure is corrected based on the Schaake Shuffle, described in

Clark et al. (2004). It consists in reordering a sample so that its rank structure matches the rank structure of a reference sam-

ple. For R2D2, a “pivot” needs to be selected i.e., a variable whose rank chronology will not be modified. Selecting different215

variables as pivot allows to bring variability in the timing of the events. Hence, R2D2 reconstructs the inter-variable correlation

of the reference data while keeping the rank chronology of the pivot variable (and changing the rank chronology of the other

variables). By construction, R2D2 assumes the reference inter-variable dependence structure to be stationary. A variation of

R2D2 was introduced in Vrac and Thao (2020) in which temporal correlation is also taken into account. This version of R2D2
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reconstructs the inter-variable correlation by conditioning the rank resampling on the pivot variable at lagged time steps. The220

first version is named R2D2_NTC (No Temporal Correlation) in this article to differentiate it from the second version of R2D2

that takes temporal correlation into account. The latter is the selected version in this article, whereas the former is used only in

Section 5.5 to focus on the preservation of the temporal correlation by BC methods.

Note that R2D2 can also be applied with a multivariate pivot (e.g., the two variables of interest). The use of a multivariate

pivot was tested but not retained for this study, due to the absence of a clear improvement of the results compared to the use225

of a univariate pivot (not shown). In this article, R2D2 can be used twice for each event, once with each variable as the pivot

variable. To facilitate reading, only the API of the Seine for the Seine/Loire event and the precipitation for the Ahr event are

retained as the pivot for R2D2 in the following.

3.2 Statistical methodology for bivariate extremes

To compare BC methods and assess their impacts on the representation of compound events, two statistics are selected: the230

coefficient of extremal dependence χ and the bivariate return period RP . Both are presented below. An appropriate statistical

representation of the bivariate extremes that define the compound event is required for both statistics to be as accurate as

possible. Hence, two bivariate extremal modelings are presented in this Section. Each modeling has its own strengths and

weaknesses, as established in Jacquemin et al. (2026).

In the following, the bold notation corresponds to vectors. Let us note F the cdf of X = (X1,X2), a bivariate random235

stationary process indexed over time, and Fi the marginal cdf of Xi, i= 1,2. For xi ∈ R, the cdf of Xi is denoted Fi(xi) =

IP(Xi ≤ xi) and the bivariate cdf of X is F (x1,x2) = IP(X1 ≤ x1,X2 ≤ x2). We further denote F̄ the joint survival function

defined by F̄ (x1,x2) = IP(X1 > x1,X2 > x2) and the marginal survival function F̄i = 1−Fi for i= 1,2. In the following, the

maximum of a vector and inequalities between vectors are meant component-wise.

Statistical modelings240

Following the conclusions in Jacquemin et al. (2026), the bi-GPD modeling is chosen to represent the Seine/Loire event.

The bi-GPD modeling relies on multivariate Generalized Pareto distribution, introduced in Rootzén and Tajvidi (2006) and

characterized in Rootzén et al. (2018). The modeling is presented in details in Jacquemin et al. (2026) and summarized here

for sake of completeness. This modeling requires an expression for the whole marginal distributions, not only for the tails.

In this work, the Extended Generalized Pareto Distribution (EGPD) presented by Naveau et al. (2016) is chosen to model the245

univariate distributions while ensuring a tail behavior similar to that of a GPD. Using the fitted EGPD, the two marginals are

then transformed to follow a unitary exponential distribution.

The vector Z = (Z1,Z2), defined by the exceedances of both unitary exponentials above a high bivariate threshold u=

(u1,u2), follows a unitary bivariate GPD. Then, according to Rootzén et al. (2018), there exists a random vector T = (T1,T2)

such that Z and E+T −max(T ) are equal in distribution, with E being a unitary exponential random variable independent250

from T . The random variable ∆ has been introduced by Legrand et al. (2023) with ∆= Z1 −Z2 = T1 −T2. From this, it
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was shown in Jacquemin et al. (2026) that the joint excess probability beyond the high bivariate threshold u can be expressed

non-parametrically, mobilizing the empirical cdf of ∆ and numerical integration.

Following the conclusions in Jacquemin et al. (2026), the GPD-copula modeling is chosen to represent the Ahr event, as the

bi-GPD modeling is unable to correctly represent asymptotically independent events. The GPD-copula modeling first relies on255

a modeling of the tails of the marginal distribution. The univariate extreme value theory states that, under some conditions, the

distribution of exceedances over a high threshold can be approximated by a GPD (Beirlant et al., 2006): for a threshold ui for

i= 1,2 such that Fi(ui) = p is close to 1, the function IP(Xi ≤ · |Xi > ui) is approximately a GPD.

To represent compound events, the dependence structure in the extremes must also be accounted for. According to Sklar’s

theorem (Sklar, 1959), there exists a function C : [0,1]2 → [0,1] called the copula of X defined for all x= (x1,x2)≥ 0 such260

that F (x1,x2) = C(F1(x1),F2(x2)). Let us suppose that F is in the domain of attraction of a bivariate extreme value dis-

tribution, which implies that the margins of F are in the domain of attraction of a univariate extreme value distribution, or

equivalently, that their exceedances over a high threshold can be approximated by a GPD (Beirlant et al., 2006). Then, apply-

ing Sklar’s theorem to the function of the bivariate exceedances, there exists a copula function characterizing the dependence

structure in the extremes. The combination of the GPD modeling for the univariate extremes and the copula for the joint265

exceedances leads to the GPD-copula modeling.

Estimation of the parameters

For the GPD-copula modeling, the GPD parameters are estimated using Maximum Likelihood Estimation (MLE) and the R

package tea (Ossberger, 2020). A threshold ui of probability p= 0.95 is chosen for each margin. The parameters of the copula

are estimated using MLE and the R package VineCopula (Nagler et al., 2025).270

The copula is chosen among several classical parametric copula families, namely the Independent, Gaussian, Student, and

Frank families, as well as the Clayton, Gumbel and Joe families with their 90°, 180° and 270° rotations (see Nagler et al. (2025)

for more details). The Bayesian Information Criterion (BIC) is used to select the best copula family, averaged over quantiles

ranging from the 0.90 to the 0.98 probability levels, with a lag of 0.01. The BIC is set to 0 if the association (positive or

negative) at a certain probability level is different from the association at the 0.95 probability level. Moreover, to bring stability275

to the copula family selection process, the Gumbel copula is chosen if the difference between the averaged BIC corresponding

to the Gumbel and that of the selection process is less than 2 units. This whole process is intended to get a more robust copula

family selection, as an arbitrary threshold may not lead to the best representation of the high level dependence structure. It

brings stability, as the Gumbel is often chosen, but also discrimination, as a difference in copula family is generally linked to

a significant difference in the dependence structure. The limit of 2 BIC units is chosen based on the work of Kass and Raftery280

(1995), in which they show that models with less than 2 BIC units of difference are indiscernible. Finally, the Gumbel copula

is the preferred copula in case of indiscernibility as it is the only extreme value copula in the previously mentioned families.

The parameters of the EGPD are estimated using MLE and the mev package (Belzile [aut et al., 2024), modified to allow

ξ >−0.5. Other parameters not mentioned in this article are estimated similarly as in Jacquemin et al. (2026). More details are

given in Appendix A.285
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3.3 Extremal statistics used for evaluation

The first statistic used to compare the three BC methods is the coefficient of extremal dependence (Joe, 1993), defined as

χ= limv→1χ(v), with χ(v) = IP(F2(X2)> v | F1(X1)> v). Here, we use χ≃ χ(v) with v = 0.9999. Clearly, χ ∈ [0,1]. The

upper limit, χ= 1, corresponds to perfect asymptotic dependence, whereas χ= 0 corresponds to asymptotic independence.

The value of χ ∈ (0,1) gives a measure of the strength of the asymptotic dependence.290

The coefficient of extremal dependence can be expressed with both statistical modelings. It can be expressed in terms of

the copula, since χ(v) = 2+ (C(v,v)− 1)/(1− v) with v = 0.9999. With the bi-GPD modeling, the coefficient of extremal

dependence is expressed by χ(v) = F̄ (u1,u2)/(1− p) (Jacquemin et al., 2026). Note that in this case χ(v) is independent of

v conditionally on v ≥ p, with p= F1(u1) = F2(u2) and (u1,u2) the high bivariate threshold in the construction of ∆.

The second statistic used to compare the BC methods is the bivariate return period RP . Here, a univariate extreme event295

is defined as the exceedance of a random variable X above an extreme value xRP named the “return level”. For a bivariate

compound event (in our case, either a spatially CE or a preconditioned CE), the definition becomes that each variable Xi

exceeds its respective return level xRP,i at relatively close times. The notion behind relatively close times is discussed in details

in Jacquemin et al. (2026). Here, closeness is set to 4 days for the Seine/Loire event and 7 days for the Ahr event. A sensitivity

analysis revealed that our results did not change qualitatively when increasing this interval (Jacquemin et al., 2026). The return300

period RP is then defined as the expected time between two such events. The complete expressions for RP with each modeling

(the GPD-copula and the bi-GPD) can be found in Jacquemin et al. (2026), along with their mathematical derivation. They

are not detailed in this work because they require the introduction of statistical notions that are not of interest here. The key

element to note is that the return period RP requires estimating the probability F̄ (xT ) = IP[X1 > xRP,1,X2 > xRP,2]. This

probability is estimated with either the GPD-copula or the bi-GPD modeling.305

4 Design of experiments

For both the Seine/Loire and the Ahr events, the numerical experiments are the same. The calibration period is chosen to be

1992-2021. The 2022-2100 time period is cut into three 30-year projection periods: 2022-2051, 2041-2070, and 2071-2100.

The Seine/Loire event occurred in early June 2016, so only the values of API for the months of May and June are considered.

For the Ahr event, only the summer months (June, July, and August) are considered. The statistical modelings described310

previously are applied to compute the two extremal statistics of interest: the bi-GPD modeling for the Seine/Loire event and

the GPD-copula modeling for the Ahr event.

4.1 Evaluation of the bias correction methods

To evaluate the BC methods, we first propose an experiment that permits to assess whether the two extremal statistics of

interest are statistically well represented in the raw and in the bias corrected climate simulations. This evaluation takes place315

over the calibration period 1992-2021. A common 2-fold procedure is applied: data are separated into two subsets of 15 years,
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either randomly or sequentially. These experiments are referred to as “random 2-fold” and “sequential 2-fold" experiments,

respectively. For the sequential 2-fold experiment, the subset covering 1992-2006 is used for training the BC methods, and

the other one covering 2007-2021 is used for evaluation. For the random 2-fold experiment, the two subsets of 15 years each

are drawn randomly without replacement. Then, the roles of the subsets are inverted: the previous evaluation subset is now320

used for training while the previous training subset is now used for evaluation. Finally, the two 15-year corrected subsets are

joined to reconstruct a 30-year corrected version of the original dataset. These experiments are represented in Figure 2, with

the random split in panel (a) and the sequential split in panel (b). To create confidence intervals, the corrected dataset of size

30 years is then bootstrapped: it is realized by sampling years in order to preserve the temporal dynamic of the API variables.

The whole sequence i) construction of the subsets, ii) bias correction, iii) merging of the corrected subsets, iv) bootstrapping,325

v) computation of the extremal statistics (RP and χ) is repeated 100 times. The bootstrap step in iv) allows us to assess the

uncertainty of the estimation.

Some remarks can be made concerning these experiments. No BC method is applied to ERA5 and to the raw climate

simulations. In this case, these experiments boil down to a classical bootstrap for establishing a variability interval. In the case

of the sequential 2-fold experiment, the split is always the same. Therefore, the variability arises only from the 100 bootstrap330

samples. In the case of the random 2-fold experiment, the variability comes both from the random split and from the bootstrap.

Within the sequential experiment, the distributions of the two subsets may not be similar because an evolution occurred,

potentially due to climate change. With the random split, the distribution of the training subset and that of the evaluation subset

are assumed to be equal. In this experiment, the climate is therefore similar in both sets. Applying both experiments allows us

to evaluate the BC methods in an ideal stationary context (random 2-fold experiment) and then to evaluate the robustness of335

the BC methods when a temporal evolution is introduced (sequential 2-fold experiment).

The results are presented in Section 5.2 for the random 2-fold experiment and in Section 5.3 for the sequential 2-fold

experiment.

4.2 Bias correction experiment for projection

Based on a second type of experiment, we assess whether BC methods are able to preserve the evolution in time of the340

extremal statistics. BC methods are now calibrated over the entire period 1992-2021 and applied to each of the three 30-year

future periods: 2022-2051, 2041-2070, and 2071-2100. For the raw climate simulations, each statistic is computed for each of

the 4 periods, allowing us to determine an evolution over time. For each BC method, the evolution of the corrected climate

simulations is also estimated and compared to the raw evolution to determine whether BC methods preserve a climate change

signal in the compound events. Similarly to the previous sequential 2-fold experiment, data are bootstrapped 100 times to345

construct variability intervals. The results are presented in Section 5.4.
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Figure 2. Schematic views of (a) the random 2-fold experiment and (b) the sequential 2-fold experiment.

5 Results

The coefficients of extremal dependence (χ) and the return periods (RP ) computed through the experiments described in the

previous sections are now presented and analyzed. It may happen that the estimated shape parameter of the GPD or of the

EGPD is negative (ξ < 0) and that, in the meantime, the return level exceeds the maximum of the support of the distribution350

(equal to ui−σ/ξ). This combination leads to a univariate exceedance probability equal to 0 and therefore to an infinite return

period. Extremely high values for the return periods are also possible, say with values above 105 years. Since these are not

relevant to our study, return periods are from now on censored at 105 years in all figures.

5.1 Moving away from the maximum

The initial return levels (one for each variable) of the CEs studied in this work correspond to the maximum of at least one355

of the variables defining the CE, see Section 2.4. On the climate simulations, the computations described earlier lead often to

estimated return periods exceeding 105 years and/or to high variability of those, for example because the initial return levels

are much larger than the values seen in some simulations. To limit the number of estimated return periods exceeding 105

years and also to reduce the variance of the results, it can thus be interesting to move away from the maximum, for instance

by considering return levels that are percentages of the initial return levels while still corresponding to extreme quantiles.360

For simplicity and ease of presentation, the same percentage will be considered for both return levels. Specifically, on the

Seine/Loire event, considering 80% of the initial return levels corresponds to a probability p= 0.997 on both margins. For the

Ahr event, the initial return levels correspond to the maximum observed value for precipitation and to the value of API on the
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same day (which is not necessarily the maximum observed API). Considering 80% of the return levels leads to a probability

p= 0.999 for the precipitation and p= 0.977 for the API .365

Figure 3 presents return periods for 80%, 90% and 100% of the initial return levels when using the random 2-fold experiment

(see Section 4.1). Clearly, when moving away from the maximum, the number of return periods above 105 years decreases, as

does their variability. For example, for the Seine/Loire event with dOTC bias correction (panel (a)), the inter-quartile range is

99 587 years at 100%, 1 794 years at 90% and 110 years at 80%. Note that, for all percentages, the median and the inter-quartile

range are lower for dOTC than for CDF-t for the Seine/Loire event (panel (a) of Figure 3). The order between the median370

(respectively the inter-quartile range) of CDF-t and the median (respectively the inter-quartile range) of dOTC is preserved by

reducing the return levels. This preservation of the order can also be observed between no correction and any other BC method,

for both the Seine/Loire and the Ahr events. Figure 3 thus illustrates that moving away from the maximum (but still remaining

at extremely high quantile levels) helps to stabilize our results, while preserving the same behavior as at the maximum. From

now on, the return levels used to present our results are set to 80% of the initial return levels.375

5.2 Evaluation in a stationary context: the random 2-fold experiment

Bias correction methods are first evaluated on their ability to retrieve the ERA5 values of the chosen extremal statistics (χ and

RP ) in a stationary context, i.e.: they are evaluated on their ability to improve the realism of the CEs in a stationary context,

which corresponds to the random 2-fold experience. These two statistics are presented in panels (a) and (c) in Figures 4 and 5

for the Seine/Loire and the Ahr event, respectively, for all combinations “climate simulations (including ERA5) × correction380

(including absence of correction)”. For each of these combinations, 100 random draws are performed. In all figures, the symbol

corresponds to the median value and the vertical bar represents the centered interval containing 95% of the values. The bold

dotted red line corresponds to the ERA5 median and the two outer red dotted lines correspond to the 95% variability interval.

The gray symbols on the left show the medians obtained with raw climate simulations. Other colors correspond to the bias

corrected climate simulations using the random 2-fold experiment described in Section 4.1. Recall that estimated RP above385

105 are censored to that value.

A nonparametric paired difference test is performed to test whether the mean of a statistic computed on the reference data

and the mean of the same statistic computed on climate simulations are equal or not. Specifically, on each bootstrap sample of

the pair (reference, climate simulation), the difference between the two statistics is computed. The difference is made between

the values for χ and, in order to bring numerical stability, between the logarithm of the values for RP . A 95% variability390

interval is constructed from this set of differences. The null hypothesis “H0: the expectations of the two statistics are equal”

is rejected if 0 is outside this variability interval. One can refer to Xu (2006) for more details on this statistical test. On each

combination of climate simulation and bias correction, a star symbol on the top or the bottom of the error bars indicates that

H0 has been rejected.

First, let us consider the Seine/Loire event (Figure 4). For the coefficient of extremal dependence χ (panel (a)), H0 is rejected395

for one raw climate simulation (CNRM-CM6-HR) only. Even though the raw BCC median is lower than the raw CNRM-CM6-

HR median, the statistical test focuses on the mean and not on the median, which may explain why H0 is not rejected for BCC.
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Figure 3. Return periods for the Seine/Loire event (a) and for the Ahr event (b) with 80%, 90% and 100% of the maximum observed values.

The boxplots pool all values computed from the 100 random 2-fold draws for ERA5 and for the 10 climate simulations. Values above 105

are censored to that threshold.
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Figure 4. Coefficient of extremal dependence χ (a, b) and bivariate RP (c, d) for the Seine/Loire event; Results of the random 2-fold

experiment (a, c) and of the sequential 2-fold experiment (b, d). See details in Section 4.1.

Figure 5. Similar to Figure 4 but for the Ahr event.
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Among the BC methods, CDF-t is in theory expected not to modify the dependence structure and therefore to exhibit χ

values equal to those of the raw simulations. However, with the bi-GPD modeling, χ is estimated using a frequency estimator

and is therefore determined by the number of points in the upper-right area (see Section 3.3). Within the 2-fold experiment,400

the number and the positions of the points in the upper-right area of a bivariate distribution may change from one random

sample to another. The sampling procedure therefore modifies the estimate of χ, resulting in a variability usually absent when

correcting with CDF-t. However, these differences remain limited: among all climate simulations, only the values from BCC

are significantly different from the ERA5 baseline and the values from CNRM-CM6-HR are not significantly different anymore

from the ERA5 baseline, despite little visual differences with the raw climate simulation. R2D2 and dOTC both return χ values405

closer to the ERA5 baseline than those of the uncorrected simulations. There are no significant differences and all variability

intervals overlap the ERA5 variability interval. This correction of the χ values is due to the correction of the dependence

structure by the multivariate BC methods.

For the return period RP (Figure 4, panel (c)), the situation is dramatically different on the raw climate simulations. Even

though H0 is rejected only for two uncorrected climate simulations (BCC and IPSL), for 6 of them (out of 10) the medians of410

the estimated return periods are larger than 105 years. Note that the variability interval for ERA5 is huge, from 10 years to 105

years. Indeed, for both API variables, the most extreme values in ERA5 data are only reached during the year 2016. During

the bootstrap step, it is possible that some samples do not contain the year 2016, which implies that even 80% of the maximum

values are highly unlikely for such samples, hence the huge variability. All BC methods improve the estimation of the return

periods for all the climate simulations: the medians are closer to the ERA5 median, the variability intervals overlap the ERA5415

variability interval and H0 is not rejected for any simulation. It can be noted that BCC with CDF-t exhibits a median 100

times higher than the ERA5 median (although not significantly different), which can be explained by strongly biased χ values.

Without correction, BCC presents χ values that are the furthest away from the ERA5 values and those are almost not modified

by CDF-t. In addition, for BCC the CDF-t corrected median of χ is equal to 0.29, closer to asymptotic independence (χ= 0)

than the ERA5 median, which is equal to 0.54. Moving towards asymptotic independence increases the return periods, thus420

explaining the gap between BCC return periods corrected by CDF-t and those of the other climate simulations, also corrected

by CDF-t.

Similar observations can be made for the Ahr event, presented on panels (a) and (c) of Figure 5. For the coefficient of

extremal dependence χ (panel (a)), no climate simulations reject H0 and the majority of them present a median χ value of

0. Only 3 raw climate simulations (out of 10) have a median value different from 0. Note that the estimated χ value with the425

ERA5 data is equal to 0, thus multivariate BC methods try to correct the climate simulations towards this value. CDF-t brings

some variability in the estimated values but no major changes in the medians are observed. The three climate simulations with

medians different from 0 are brought closer to 0 by dOTC and MRI-ESM2 even has a median equal to 0. R2D2 leads to an even

stronger correction, all medians being equal to 0. Even though the χ values are mostly correct for the raw climate simulations,

the multivariate BC methods improve the realism of the extremal dependence coefficients.430

Regarding RP (Figure 5, panel (c)), one must first acknowledge that the variability interval for ERA5 goes from 102 years

to 105 years. On raw simulations, H0 is never rejected even though for two simulations (CNRM-ESM2 and INM-CM4) the
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median is above the 105 years limit and for MIROC6 the median is below the lower limit of the ERA5 interval. For all BC

methods, the median of the estimated return periods gets closer to the ERA5 median, usually between the median and the lower

end of the variability interval. H0 is never rejected. In almost all cases, the upper end of the variability interval is above 105.435

This can be explained by the nature of the Ahr event, characterized by two asymptotically independent variables. Furthermore,

the GPD-copula modeling shows a high variability because the estimation of the copula parameters is sensitive to the low

number of points resulting from the bootstrap (see Jacquemin et al., 2026, for more details).

In conclusion, multivariate BC methods lead to improved estimations of two important extremal statistics, the coefficient

of extremal dependence χ and the return period RP , in a stationary context. Among the tested BC methods, CDF-t requires440

a correct dependence structure prior to the correction in order to provide an accurate estimate of RP , which is expected by

construction of CDF-t.

5.3 Evaluation in a non-stationary context: the sequential 2-fold experiment

In contrast to the previous experiment, the sequential 2-fold experiment described in Section 4.1 brings some non-stationarity.

Comparing the results in this non-stationary context to the ones in the stationary context (see previous Section) allows us to445

assess the impact of non-stationarity on the bias correction. On Figures 4 and 5, panels (b) and (d) can hence be compared

to panels (a) and (c) for χ and RP respectively. Notice that in this experiment, contrarily to the previous one, the data-set is

always partitioned into two calibration [1992-2006] and evaluation sets [2007-2021]. The variability in the estimates is thus

only due to the bootstrapping step. As a consequence, the medians and variability intervals on ERA5 and on the raw simulations

are slightly different than those obtained with the random 2-fold experiment. The same nonparametric statistical test than in450

the previous Section is performed: the null hypothesis “H0: the expectations of the two statistics are equal” is rejected if 0 is

outside the variability interval of the differences.

We start with the Seine/Loire event and the extremal dependence coefficient χ (Figure 4, panel (b)). For the raw climate

simulations, H0 is rejected only for BCC. As detailed in the previous Section, CDF-t does not modify the extremal dependence

coefficient χ, but the sequential 2-fold experiment may modify its value. This explains the differences in the χ values between455

the uncorrected climate simulations and the ones corrected by CDF-t. Despite these limited differences, H0 is only rejected

for BCC corrected by CDF-t. It is never rejected for the multivariate BC methods. However, the medians are more dispersed

and the variability intervals are smaller for all climate simulations. The reduction of variability is due to the unique split into

training and evaluation subsets, while the spread of the medians is due to the non-stationarity between the two periods.

Regarding RP (Figure 4, panel (d)), as was the case with the random 2-fold experiment, H0 is rejected for two raw climate460

simulations (BCC and IPSL) and for 6 of them (out of 10) the medians of the estimated return periods are larger than 105 years.

Climate simulations are overall well corrected by the three BC methods but quite differently than in the previous experiment:

the medians are a bit more dispersed and the variability bars are sometimes smaller than in the random 2-fold experiment, but

there are notable exceptions. A striking example is R2D2 applied to MRI-ESM2: the median is above 103 years, whereas it

is close to the ERA5 median in all other cases. On the contrary, when focusing on CDF-t applied to BCC, RP is very well465

corrected in the sequential experiment, whereas in the random experiment, the median is about 100 times larger than the ERA5
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median, albeit not significantly different. This unexpected behavior can partly be explained by a compensation phenomenon

between the biased χ and an evolution bias of the margins in the sequential experiment.

A similar analysis can be conducted for the Ahr event (Figure 5, right column). No major changes can be noted for the

uncorrected and CDF-t corrected χ values (panel (b)) when compared to the random experiment (panel (a)). For dOTC, the470

variability is lower for most of the climate simulations, but four of them have medians different from 0 (compared to two in

panel (a)). Eight of the ten R2D2 corrected simulations have a variability of 0, whereas the two other have medians close to the

upper limit of the ERA5 variability interval, although not significantly different. This is due to the unique partitioning of the

sequential 2-fold experiment.

When looking at RP (Figure 5, panel (d)), there are several important differences as compared to the random 2-fold exper-475

iment: H0 gets rejected twice, the medians are more dispersed and the variability intervals are often tighter. The spread of the

medians is particularly visible for R2D2, with H0 being rejected for CNRM-ESM2 and the median of MIROC6 being at 105

years. Again, the reduction of variability is due to the unique separation into training and validation subsets, while the spread

of the medians is due to the non-stationarity between the two periods.

According to this experiment, BC methods are relevant tools for providing corrected values for the two considered extremal480

statistics in a non-stationary context. It comes at the cost of slightly less accurate estimates than in the stationary context and,

in some particular cases, R2D2 may even degrade the return period. One explanation could be that R2D2 modifies the temporal

correlation of the variables: this idea will be further explored in Section 5.5.

5.4 The influence of bias correction on climate change signal

Now, BC methods are calibrated on the whole 1992-2021 period and applied to three future periods, as described in Section485

4.2. For each of the 10 climate model simulations and each of the four periods, the medians of the coefficients of extremal

dependence χ and return periods RP are presented respectively on Figures 6 and 7 for the Seine/Loire event and on Figures

8 and 9 for the Ahr event. Dotted lines represent the 95% variability interval estimated through bootstrap. The red cross to

the left represents the ERA5 value estimated on the whole 1992-2021 period. CDF-t corrected values of χ being close to the

uncorrected ones, they are not represented.490

To assess whether BC methods modify the climate change signal in terms of compound event statistics, this signal must first

be determined in the raw climate simulations. According to literature, the climate change signals of extreme precipitation and

of extreme accumulated precipitation are not clear: the evolution of these extremes does not follow a monotonous increase or

decrease, but often presents some variations (Calvin et al., 2023). For RP , regarding both events, only one of the raw climate

simulations (in gray) show a monotonic evolution along all four periods: BCC for the Seine/Loire event is monotonically495

decreasing (Figure 7). The other climate simulations show either little variations, for example IPSL for the Seine/Loire event

(Figure 7) and MIROC6 for the Ahr event (Figure 9), or complex variations, for example CNRM-ESM2 for both events (Figure

7 and 9).
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Figure 6. Coefficient of extremal dependence χ for the Seine/Loire event over four 30-year periods, for each of the 10 climate simulations.

CDF-t results are not represented as they are similar to the results without correction.

Evolution of χ

To better understand whether the evolutions of the coefficient of extremal dependence χ are kept by the BC methods, Table 2500

summarizes the evolution between all pairs of adjacent periods, for every BC method and for both events. Remind that CDF-t
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Figure 7. Bivariate return period RP for the Seine/Loire event over four 30-year periods, for each of the 10 climate simulations.

is not represented for χ as the values are similar to the uncorrected ones. First, for each raw climate simulation and each pair

of adjacent periods, the evolution of χ is summarized by its trend: increasing if the value of χ increases with the periods,

decreasing in the opposite case, and stationary if the values of both periods are equal to 0. There are hence 30 raw trends

per event (10 climate simulations and 3 evolutions between adjacent periods). Then, for each BC method, the number and505

percentage of agreements for the trends are computed. A BC method is said to be in agreement with the raw climate simulation
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Figure 8. Similar to Fig 6 but for the Ahr event. For the same reason, CDF-t is not represented.

if the corrected χ values present the same trend as the uncorrected ones over the same adjacent periods. In such a case, the BC

method is said to preserve the trend of the climate simulation.

In this study, the sign of the trend is not of interest therefore only the stationary trends are separated from the evolutions

(increasing or decreasing) in Table 2. It can be noted that χ values corrected by dOTC follow the same evolution as the510

uncorrected ones most of the time (87%), whereas χ values corrected by R2D2 follow it in less cases (67%). The example of
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Figure 9. Similar to Fig 7 but for the Ahr event.

CNRM-CM6 for the Seine/Loire event (Figure 6) is quite telling: χ values corrected by dOTC follow the same variations as

the uncorrected ones, whereas χ values corrected by R2D2 show opposite variations over the last three periods. Remind that

for the Ahr event (Figure 8), the ERA5 χ value without bootstrap is equal to 0 and most raw climate simulations have the

same value and show stationary evolution (21 over 30, see Table 2). Both multivariate BC methods exhibit some variations and515
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values different from 0 (only 33% of agreement when stationarity in raw simulations) that can be explained by the sensitivity

of the GPD-copula modeling used to represent the Ahr event.

Seine/Loire Ahr

Bias Correction method dOTC R2D2 dOTC R2D2

Evolution in raw simulations 30 9

Agreement (number and %) 26 (87%) 20 (67%) 4 (44%) 4 (44%)

Stationarity in raw simulations 0 21

Agreement (number and %) 0 0 7 (33%) 7 (33%)
Table 2. Trend of the evolution of the coefficient of extremal dependence χ between two adjacent periods for the Seine/Loire event and the

Ahr event.

Evolution of RP

Table 3 summarizes the trends of the return period RP between two adjacent periods, for every BC method and for both events.

The trend is undetermined if the return periods of both periods are censored at 105 years.520

For the Seine/Loire event and the raw climate simulations, there is an evolution in 19 cases and an indetermination in the

other 11 cases (see Table 3). For example, CDF-t is in agreement with the raw climate simulations in 14 out of 19 cases (74%).

Overall, the BC methods agree with the raw climate simulations around 75% of the time. With 79%, dOTC seems to be slightly

more in agreement with the raw climate simulations than CDF-t (74%) and R2D2 (74%). This conclusion has to be qualified

by the fact that one third of the cases are undetermined due to raw climate simulations with censored return periods, thereby525

leading to a reduced sample to determine the preservation of the trend.

Seine/Loire Ahr
Bias Correction method CDF-t dOTC R2D2 CDF-t dOTC R2D2

Evolution in raw simulations 19 28
Agreement (number and %) 14 (74%) 15 (79%) 14 (74%) 22 (79%) 19 (68%) 16 (57%)
Indetermination in raw simulations 11 2

Table 3. Trend of the evolution of the return periods between two adjacent periods for the Seine/Loire event and the Ahr event.

Similar consideration can be made for the Ahr event (see Table 3). For raw climate simulations, an evolution is observed in

28 cases, which leaves only 2 undetermined cases. The percentage of agreement is the highest for CDF-t (79%), close to the

one for the Seine/Loire event (74%). The percentage is slightly lower for dOTC (68%) but remains high. However, R2D2 only

agrees with the raw climate simulations in 57% of the cases, which is lower than the two other BC methods and lower than530

with the Seine/Loire event (74%).

It appears that in around 75% of the cases, the sign of the evolution is correctly preserved. However, this simple summary

does not account for all the different behaviors among the climate simulations and the BC methods. Some climate simula-
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tions are highlighted to illustrate contrasted behaviors. For the Seine/Loire event (Figure 7), the uncorrected return periods of

CanESM5 are censored for all periods, but those of the three BC methods show an increasing trend between 2022-2051 and535

2041-2070, followed by a decreasing trend between 2041-2070 and 2071-2100. For IPSL, the return periods of the three BC

follow the same evolution whereas the uncorrected ones are censored. In these two cases, event though the agreement between

the BC methods and the uncorrected climate simulation cannot be acknowledged, the agreement between the BC methods

give confidence in their capacity to capture an overall evolution. In two other cases, there is a lack of agreement between the

simulations and the BC methods: CNRM-CM6 for the Seine/Loire event (Figure 7) and MRI-ESM2 for the Ahr event (Figure540

9). These four examples emphasize the diversity of behaviors of the BC methods in the context of preserving evolution.

To conclude, BC methods preserve the evolutions of both extremal statistics in most cases. More precisely, for the Seine/Loire

event, the evolutions of the uncorrected coefficient of extremal dependence χ are almost always preserved by dOTC and often

preserved by R2D2. The assumption of the stationarity of the dependence structure by R2D2 can explain this difference between

the two BC methods. For the Ahr event, the evolution of χ is mostly stationary: both BC methods show difficulties to preserve545

this stationarity which can be explained by the sensitivity of the GPD-copula modeling. The evolutions of the return period

are preserved in around 75% of the cases across both events. R2D2 shows slightly less consistency than CDF-t and dOTC,

especially for the Ahr event.

5.5 The impact of bias correction on the extremal temporal correlation

Another aspect of the BC methods that can be evaluated is whether and how they modify the temporal correlation of the550

variables. Some climate variables, such as the API , present strong temporal correlation, which leads the extremes of the

variable to occur in groups called “clusters”. The temporal correlation of the extremes is taken into account using the extremal

index θ, see Leadbetter et al. (1983) for the original definition and Nandagopalan (1994) and Beirlant et al. (2006) for an

extension to the bivariate case. The extremal index quantifies the temporal dependence of a process in its extreme values. It

belongs to the interval (0,1], with θ = 1 corresponding to temporal independence. It is usually interpreted as the inverse of555

the mean cluster size (Moloney et al., 2019). For example, on the ERA5 data, the estimate of the bivariate extremal index of

the Seine/Loire event is θ = 0.34 (Jacquemin et al., 2026), which can be interpreted as extremes being clustered in groups of

average length equal to 1/0.34≃ 3 days.

The same experiments as those described in Section 4.1 are conducted to compute the joint exceedance probability and the

extremal index. These two statistics are linked to the return period RP , see details in Jacquemin et al. (2026). Considering560

the joint exceedance probability allows us to evaluate the BC methods as was done with the return period RP , but without

the impact of the extremal temporal correlation, encapsulated by the extremal index θ. Comparing the extremal index values

allows to evaluate whether the BC methods modify the extremal temporal correlation with respect to the reference. The joint

exceedance probability is estimated either with the bi-GPD or the GPD-copula modeling (see Section 3.3) and the extremal

index θ is estimated using the Dgaps estimator proposed in Holešovskỳ and Fusek (2020). Note that estimated probabilities565

below 10−7 are censored to that value. A statistical test similar to the one in Section 5.2 is performed between the bootstrapped
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values for θ and to bring more stability, between the logarithm of the bootstrapped values for the joint exceedance probability.

Recall that the null hypothesis is “H0: the expectations of the two statistics are equal”.

Figure 10. Joint exceedance probability (a, b) and bivariate extremal index θ (c, d) for the Seine/Loire event over the reference period (1992-

2021), for the random 2-fold experiment (a, c) and the sequential 2-fold experiment (b, d). See details in Section 4.1.

Seine/Loire event

For the Seine/Loire event, Figure 10 shows the joint exceedance probability and the bivariate extremal index θ in panels (a)570

and (b) respectively for the random 2-fold experiment and in panels (c) and (d) for the sequential 2-fold experiment over the

reference period (1992-2021). Figure 11 is similar but for the Ahr event. The R2D2 version with no temporal correlation (named

R2D2_NTC) mentioned in Section 3.1 is added. On Figure 10 and 11, it is represented in pink, on the right of each panel. One

consequence of not taking the temporal correlation into account is that R2D2_NTC corrects χ to the exact value of ERA5 for

all climate simulations (not shown). Its addition allows to put into perspective the interest of taking into account the temporal575

correlation by R2D2 (Vrac and Thao, 2020).

The joint exceedance probability is incorrectly represented in the raw climate simulations (panels (a) and (b) of Figure 10),

with the ERA5 median being outside the variability interval for most of them. H0 is rejected for only two climate simulations

(BCC and IPSL for both experiments), but five median values are censored at 10−7 for each experiment. The joint exceedance

probability is accurately corrected by all the BC methods. Note that panels (a) and (b) of Figure 10 are similar to panels (c)580
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Figure 11. Similar to Figure 10 but for the Ahr event.

and (d) of Figure 4, up to an inverse transformation. This similarity is explained by the accuracy of the estimation of θ both in

the raw and in the corrected climate simulations.

Regarding θ, H0 is not rejected for any of the raw climate simulations on both experiments (panels (c) and (d) of Figure 10).

It is also not rejected for any of the climate simulations corrected by CDF-t or dOTC. However, R2D2_NTC corrected values

are biased: all the medians are close to or above the ERA5 upper interval limit. H0 is also rejected for two simulations in the585

random experiment and for three in the sequential experiment. Taking the temporal correlation into account in R2D2 allows

to reduce this bias as H0 is not rejected for any simulations corrected by R2D2 in the random experiment and is rejected for

only two of them in the sequential experiment (CanESM5 and IPSL). Nevertheless, R2D2 corrected values are still slightly

biased towards higher values, with all the medians above the ERA5 median and two of them above the ERA5 upper interval

limit, for both experiments. Note that R2D2_NTC accurately corrects the joint exceedance probabilities (panels (a) and (b))590

and even seem to outperform R2D2 on two simulations with the sequential experiment (MIROC6 and MRI-ESM2, panel (b)).

This illustrates that R2D2_NTC is relevant to correct the joint exceedance probability when the extremal temporal correlation

is not of interest. R2D2 can efficiently be constrained in order to limit the degradation of the extremal temporal correlation, but

it may comes at the cost of a less precise correction of the joint exceedance probability.
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Ahr event595

A similar behavior can be observed for the Ahr event in Figure 11. The joint exceedance probability is accurately corrected

for most of the climate simulations by the BC methods (panels (a) and (b)). For the extremal index θ (panels (c) and (d)), H0

is rejected only three times for the raw climate simulations across both experiments. H0 is rejected twice for CDF-t corrected

simulations, and once for dOTC. However, the θ values of simulations corrected with R2D2_NTC are strongly biased, close to

the upper value θ = 1 corresponding to independence. Similarly to what was observed on the Seine/Loire event, those corrected600

with R2D2 are closer to the ERA5 intervals, but nonetheless still biased. It is probably due to the parameters used to constrain

the temporal correlation that can be improved (see Appendix A). For R2D2_NTC, the Schaake Shuffle destroys the temporal

correlation of the variable that is not the pivot (the precipitation PR), thus leading to θ values close to 1.

The bias towards higher values with R2D2_NTC is stronger for the Ahr event than for the Seine/Loire event (panels (c) and

(d) of Figures 10 and 11). This could be linked to the choice of the pivot and to the difference of temporal dynamic between605

the two variables. Recall that the pivot is the API of the Seine for the Seine/Loire event and the precipitation PR for the

Ahr event (see Section 3.1). To investigate the influence of the choice of the pivot, the joint exceedance probability and the

bivariate extremal index θ are represented on Figure 12 with R2D2 and R2D2_NTC, and with both variables as the pivot. On

both experiments, it clearly appears that the θ values are more biased with the precipitation PR as the pivot (in green and

pink) than they are with the API as the pivot (in blue and red), both with R2D2 and R2D2_NTC (panels (c) and (d)). Note610

that θ values are slightly biased above the ERA5 upper interval limit for both experiments with R2D2_NTC and the API as

the pivot, whereas H0 is only rejected once across both experiments for θ values corrected with R2D2 and the API as the

pivot. This illustrates that the choice of the pivot can impact the quality of the extremal temporal dependence. The API is by

construction a temporally correlated variable, unlike the precipitation: the univariate extremal index of the API is thus lower

than that of precipitation, which is close to 1. It seems that selecting the variable with the lowest univariate extremal index615

value (i.e., the most temporally correlated variable in the extremes) for the pivot (here, the API) limits the degradation of the

bivariate extremal temporal correlation.

Figure S1 in Appendix A is similar to Figure 12 but for the Seine/Loire event, with the API of the Seine and the API of the

Loire as the pivots. For the θ values (panels (c) and (d)), no strong differences can be observed between the two pivots. Indeed,

both variables used for the Seine/Loire event have similar temporal dynamics and similar extremal temporal correlation. For620

such events, the choice of the pivot does not seem to impact the extremal temporal correlation and moreover, it is less degraded

by R2D2_NTC than for a CE with variables presenting different dynamics.

To conclude, the extremal temporal correlation of the variables is an important parameter of the compound events under

study. Some BC methods may accurately correct the joint exceedance probability but degrade the extremal temporal correlation,

which would result in biased return periods. It is thus mandatory to verify that climate simulations accurately reproduce the625

extremal temporal correlation of the reference variables, and to select a BC method that does not modify it too much. For the two

CEs studied here, we can conclude that CDF-t and dOTC do not modify the extremal temporal correlation too much. However,

R2D2_NTC can strongly degrades it depending on the choice of the pivot. R2D2 can be constrained to limit this degradation but
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Figure 12. Joint exceedance probability (a, b) and bivariate extremal index θ (c, d) for the Ahr event over the reference period (1992-2021),

for the random 2-fold experiment (a, c) and the sequential 2-fold experiment (b, d). See details in Section 4.1. The focus is made on R2D2

and R2D2_NTC with both the daily precipitation PR and the API as the pivot (see Section 3.1).

the optimization of two parameters is required (Vrac and Thao, 2020). Finally, the variable with the lowest univariate extremal

index should be chosen for the pivot as it helps limiting the degradation of the extremal temporal correlation.630

6 Conclusion

This work addressed the question of the realism of two extreme rainfall CEs in climate simulations and their improvement

with (multivariate) BC methods. The ability of (multivariate) BC methods to preserve the climate change signal of raw climate

simulation outputs was also discussed for the two CEs studied here.

Hence, two multivariate BC methods (dOTC and R2D2) were compared to a univariate BC method (CDF-t) on their capabil-635

ity to correct two extremal statistics (χ and RP ) in the context of two CEs. If the extremal dependence (χ) is well represented

in the raw climate simulations, CDF-t appears to be sufficient for both events studied. Otherwise, a multivariate BC method

should be used. Both dOTC and R2D2 lead to an improved estimation of χ and of the return period RP over the calibration

period, in a stationary and in a non-stationary context. However, careful selection of the pivot and optimization of R2D2 are

necessary in order to minimize the modification of the extremal temporal correlation. The variable with the lowest univariate640
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extremal index should be chosen for the pivot and the optimization of the R2D2 parameters can be achieved by considering the

statistics of interest within some 2-fold experiments similar to the ones presented here.

Their ability to preserve the climate change signal was also investigated. All tested BC methods seem to preserve the

temporal evolution of the return period in around 75% of the cases. Only R2D2 showed some limitations in preserving the

evolution of the raw climate simulations, both in terms of return period RP and coefficient of extremal dependence χ. This645

behavior was expected as, by construction, R2D2 assumes the stationarity of the dependence structure. It is important to note

that the climate change signal for extremes of precipitation and of API is complex, non-monotonic, and that the climate

simulations used in this article do not agree between themselves. For practitioners, we advise to assess the ability of the chosen

BC method to preserve the evolution of the climate simulation on each case study.

To conclude, this study showed that multivariate bias correction methods improve the realism of extreme rainfall compound650

events and that, in most cases, they preserve their evolution under climate change.

A first perspective for this study would be to spatially extend the analysis of the two CEs. Other watersheds could be

considered as spatially compound events. For preconditioned compound events, a similar analysis could be conducted for all

grid cells in Europe. However, the conclusions of this study could differ when studying similar events at other locations or

with other types of CEs. A second perspective would be to apply the framework proposed in this article to other CEs, such655

as compound hot and dry events, false springs or winter storms. This analytical framework is theoretically general enough to

assess the evolution of such compound events but technical limitations may arise. Moreover, this study was limited to bivariate

CEs: statistical frameworks and multivariate BC methods can be extended to more than two dimensions but the conclusions

may differ.

Also, it is important to note that the two multivariate bias correction methods tested in this work (dOTC and R2D2) are660

designed to correct the whole distribution and not specifically the extremes. Therefore, another line of research would be to

design a multivariate bias correction method which would focus on extreme values. This could improve the way extreme events

are represented in the climate simulations and therefore provide a more accurate insight about their temporal evolutions. Some

attempts have been made (Byun and Hamlet, 2024; Holthuijzen et al., 2022) but they lack the theoretical background to ensure

an effective correction of extremes and extremal dependence.665

Another related field that may be relevant to this study is that of attribution. Indeed, attribution of extreme events quantifies

the degree to which climate change has altered the probability or intensity of a specific extreme event (Stott et al., 2004).

This quantification is realized through counterfactual simulations: a world with anthropogenic forcing is compared to one

without. As stated in Philip et al. (2020), bias correction methods are not always used in attribution studies. Moreover, when an

attribution study correct the biases of the simulations, it is usually done with an additive or a multiplicative correction, which670

may not be adapted for the extremes (Philip et al., 2020). Hence, the bias correction methods studied here (CDF-t, dOTC and

R2D2) could be used in the context of attributing compound events (Zscheischler and Lehner, 2022), to better characterize

them both in the factual and counterfactual worlds (Jeon et al., 2016; Wang et al., 2025). These bias correction methods could

lead to a better estimation of the probability of occurrence of compound events and to a better quantification of the influence

of climate change on their evolution.675
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Data availability. The CMIP6 model simulations can be downloaded through the Earth System Grid Federation portals. Instructions to

access the data are available here: https://pcmdi.llnl.gov/mips/cmip6/data-access-getting-started.html. The ERA5 reanalysis data used as

reference in this study can be accessed via the “Climate Data Store” (CDS) web portal https://cds.climate.copernicus.eu.

Appendix A: Technical details

The packages and parameters used to get the described results are detailed in this technical Appendix. Data are presented in680

section 2.1.

Technical details for the computation of the bias correction

Bias correction is done in Python (version 3.13.9) using the SBCK package (version 2.0.0a46). The Statistical Bias Correction

Kit (SBCK) is developed by Yohan Robin and can be found here https://github.com/yrobink/SBCK-python/tree/version-2.X.Y.

Following the protocol of section 4.1, the data is separated (randomly or sequentially), BC methods are learned and applied,685

then the corrected datasets are merged and saved. Some PrePostProcessing (PPP) methods are used, namely the “LFLoglin”

and the “FilterWarnings” ones. The “LFLoglin” method applies a log-linear function to the data before the bias correction, and

the inverse transform after the BC. It ensures the positivity of the values after BC. For the Ahr event, the “SSR” method is

also used for CDF-t and R2D2. The “SSR” method transforms values equal to 0 into random values between 0 and the smallest

strictly positive value. The BC method is applied and the data below a threshold (given or inferred from the reference data) are690

transformed back into 0.

The specific parameters for CDF-t are norm= origin and oob= Y 0. For dOTC, a bin width of [0.25,0.25] is specified.

R2D2 requires a univariate BC method: CDF-t is used for the different versions of R2D2. For R2D2_NTC, the pivot is a single

variable (discussed in section 3.1 and the same parameters as CDF-t are used. Finally, similar parameters are used for R2D2,

and the parameters lag_search and lag_keep are set at 6 and 3 respectively, the default proposed values.695

Technical details for the computation of the statistics

The bootstrap and the computation of the statistics are done in R (version 4.3.1). The package bi-GPD developed by Grégoire

Jacquemin is used (see Jacquemin et al. (2026) for more details and https://github.com/gjacqueminFR/biGPD for the code).

The mev package (Belzile [aut et al., 2024) is modified to accept ξ >−0.5 and used to estimate the parameters of the EGPD.

The EGPD of type 4 is used, with the estimation function initialized at (0.5,1.5,4.5,6,−0.05) for the Seine variable and at700

(0.5,0.9,4.5,8,−0.05) for the Loire variable. As detailed in section 5.5, the bivariate extremal index θ is estimated over the

complete data, and its value is used for the bootstrapped iteration. The Dgaps package (Holešovskỳ and Fusek, 2020) is used

to estimate the value of θ, with Dparam= 3.

For the GPD-copula modeling, most of the technical details are given in section 3.2. It can be mentioned that if less than four

unique values for any of the two variables should be used to select the copula family, then the independent copula is chosen705

instead. Code is available upon demand to the corresponding author.
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