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Abstract. Agricultural droughts, hydrological droughts and wildfires have significant environmental and socioeconomic con-

sequences. These hazards are physically linked because they share a number of forcings, and their space-time properties are

important as impacts result from their spatial extent and duration, in addition to their intensity. This paper introduces a proba-

bilistic model adapted to the description of multiple spatial hazards, based on the combination of simple ingredients: regressions

to describe dependencies between hazards, principal component analysis to describe spatial dependence, and simple covariance5

functions to describe time dependence and residual spatial dependence. This results in a modular framework that decomposes a

complex model into several simpler models. This model is then used to analyze the observed Soil Wetness Index, Fire Weather

Index and river flows in France over the last six decades, and in particular to estimate the probability of occurrence of the

remarkable 2022 summer event. Locally, the 2022 summer was extreme in terms of agricultural drought over a large part of

the country, but was rather moderate in terms of hydrological drought and fire weather. However, the magnitude, spatial extent10

and duration of the event become extreme nearly everywhere when the three hazards are considered together. The underlying

trends affecting all three hazards have more than doubled the probability of the event during the historical period, and future

projections suggest that it might become common by the end of the century with global warming.

1 Introduction

In 2022, warm and dry conditions prevailed across the Northern Hemisphere, with Europe experiencing the most widespread15

simultaneous warm–dry compound event since 1950 (Meng et al., 2023). These conditions were linked across Western Europe

to a persistent anticyclonic circulation pattern (Faranda et al., 2023), which for some regions led to the highest total water

storage deficit observed since the start of satellite measurements in 2002 and to the most severe and widespread soil-moisture

depletion over the past six decades (Bevacqua et al., 2024). Those particularly dry climate conditions took place against a

backdrop of long-term warming, with Europe witnessing an annual temperature that was 2.3 °C above the pre-industrial level20

and its warmest summer on record (Copernicus Climate Change Service, 2023).
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This drought led to multiple climate-related hazards. A technical report estimated the economic impact of the 2022 drought

in France at approximately C5 billion (Commissariat général au développement durable, 2025), encompassing a range of direct

effects, including structural damage, energy production, water resources, agricultural yields, and forest losses. For instance,

reduced crop yields in 2022 led to an estimated C1.1 billion loss in production, and a record number of drought restriction25

orders were issued to curb water use. The river drying and the decline in reservoir levels significantly affected hydropower

production, which is the second-largest source of electricity in France. At the same time, a total of 72,000 ha of vegetation

burned across the country, including a large portion in the Southwest (Rodrigues et al., 2023) due to severe fire weather

conditions amplified by anthropogenic climate change (Lanet et al., 2024). The extent of burned area caused a considerable

biomass loss in the Atlantic pine forests (Vallet et al., 2023) and generated an estimated 441,000 tons of CO2 emissions.30

Collectively, these hazards have posed significant challenges for drought risk management (Biella et al., 2025), as highlighted

more recently during the summer of 2025 (Usman et al., 2025; Keeping et al., 2025), and are likely to remain a major concern

in the light of future climate projections.

This raises the question of how rare the 2022 combined summer event in France actually was, and how rare similar events will

be in the future? This type of framing is commonly used in attribution studies to assess the changing likelihood of an extreme35

weather event with time (e.g., Christidis et al. (2015)). However, this task is not always straightforward as the response may

strongly vary depending on whether the hazards are analyzed individually or jointly, whether the focus is placed on their local

intensity or their spatial extent, and depending on how the data is aggregated in space and time (Philip et al., 2020; Leach

et al., 2020; Kirchmeier-Young et al., 2019; Angélil et al., 2018; Cattiaux and Ribes, 2018). These methodological choices

may produce different estimates and different conclusions on how exceptional the 2022 episode truly was.40

A substantial body of literature has already examined compound events in climate sciences, with approaches that can be

broadly divided into two categories. A first group of studies focused on describing the properties of compound events from an

empirical point of view, documenting how different hazards co-occur (Wang et al., 2012; Abatzoglou et al., 2020; Richardson

et al., 2022; Deng et al., 2024). These studies typically provide insights into the physical mechanisms and spatiotemporal

patterns underlying compound events, showing for instance, the increasing synchrony between heatwaves, drought, and fire-45

prone weather conditions. A second body of research has used probabilistic frameworks to quantify the likelihood of compound

events and assess how rare these events are, and how they might change in a warming climate (Manning et al., 2019; Ridder

et al., 2020; Squire et al., 2021; Jacquemin et al., 2026). For instance, Zscheischler et al. (2021) used nonparametric dependence

modelling based on multivariate extreme-value theory to compare how wind and precipitation compounds are represented in

both reanalyses and unconditioned climate model simulations. Copula-based methods have also been suggested for compound50

event attribution (Zscheischler and Lehner, 2022) to represent the dependence between variables and quantify the contribution

of anthropogenic forcing to the probability of joint extremes.

Among previous studies, several have specifically focused on drought and fire-prone weather conditions to identify global

hotspots (Ridder et al., 2020) or to evaluate the performance of climate model emulators in reproducing those compound

events (Quilcaille et al., 2023). Other studies have shown that drought is often the primary precursor in cascading hazards,55

with drought and fire-prone weather situations representing the most recurrent compound events in Europe (Sutanto et al.,
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2020). Richardson et al. (2022) showed that burned area tends to be higher when periods of elevated fire-weather coincide

with longer-term soil-moisture deficits, and that the frequency of such compound events has increased across large portions of

the globe over recent decades. A case study of the 2019 Australian megafires provided additional evidence that both drought

and fire-weather conditions reached unprecedented levels in the observational record with a 0.5 % annual probability of joint60

occurrences, collectively contributing to this extreme fire season (Squire et al., 2021).

Here, we develop a probabilistic framework that describes the time-varying joint distribution of several spatially indexed

variables, to capture their dependence structure and how it might change under a warming climate. Second, we seek to evaluate

whether a combination of simple tools – principal component analysis (PCA) for spatial dependence and regressions for

inter-variable dependences – is sufficient to reproduce multivariate spatialized signals. We address these objectives through a65

national-scale case study in France, where the warming (about +1.66°C) lies above the global average (Ribes et al., 2022), with

even stronger warming during the summer season. France encompasses several climate hotspots, including Mediterranean areas

where heatwaves, drought, and fire-prone weather conditions have collectively increased in frequency and intensity over time

(Cramer et al., 2018), which provides a particularly relevant context for investigating compound events. Finally, we illustrate

how this model can be used by examining how exceptional the 2022 summer was in France (and how exceptional it will be in70

the future), viewed through the lens of agricultural drought, hydrological drought and fire-weather conditions.

2 Data

The data used in this study are illustrated in Figure 1 and described thereafter. Soil Wetness Index (SWI) data over the period

1959-2023 are provided by the SURFEX land surface scheme (Le Moigne et al., 2020) as driven by the SAFRAN near-surface

meteorological reanalysis (Vidal et al., 2010a). SWI represents the total water content in the soil layer, normalized by the water75

content at field capacity and at wilting point (see Vidal et al., 2010b, for computation details). Original data, available at a

daily resolution on a regular 8-km grid, are temporally averaged at a monthly time step and spatially averaged on a regular

0.25◦ longitude-latitude grid (using bilinear interpolation). The coarsening of the original spatial grid drastically reduces the

memory requirement of the analysis, with limited impact on the results given the spatial smoothness of monthly SWI data.

Note that SWI may take negative values (when the water content goes below the water content at wilting point), but this is80

extremely rare (less than 0.007% of the data). Negative values are replaced by a small positive value (10−3) to enable the use

of a log-transformation (see section 3.2).

Fire-weather conditions are represented using the commonly used Fire Weather Index (FWI) based on the method described

by Van Wagner (1987). FWI data are derived from the SAFRAN reanalysis and are available over the period 1959-2023. FWI

is a positive index, with large values corresponding to fire-prone conditions. FWI data are temporally and spatially averaged in85

the same way as SWI data.

Monthly streamflow (Q) data are provided by 580 hydrometric stations selected as part of the Explore2 project (Strohmenger

et al., 2023) and gauging near-natural catchments. Unlike SWI and FWI data, the period of availability is station-specific (see
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Number GCM RCM Starting Year

1 CNRM-CERFACS-CNRM-CM5 CNRM-ALADIN63 1951

2 CNRM-CERFACS-CNRM-CM5 MOHC-HadREM3-GA7-05 1952

3 ICHEC-EC-EARTH KNMI-RACMO22E 1951

4 ICHEC-EC-EARTH MOHC-HadREM3-GA7-05 1952

5 ICHEC-EC-EARTH SMHI-RCA4 1970

6 IPSL-IPSL-CM5A-MR DMI-HIRHAM5 1952

7 IPSL-IPSL-CM5A-MR SMHI-RCA4 1971

8 MOHC-HadGEM2-ES CLMcom-CCLM4-8-17 1951

9 MOHC-HadGEM2-ES CNRM-ALADIN63 1951

10 MOHC-HadGEM2-ES ICTP-RegCM4-6 1972

11 MOHC-HadGEM2-ES MOHC-HadREM3-GA7-05 1953

12 MPI-M-MPI-ESM-LR CLMcom-CCLM4-8-17 1951

13 MPI-M-MPI-ESM-LR ICTP-RegCM4-6 1971

14 MPI-M-MPI-ESM-LR MPI-CSC-REMO2009 1971

15 NCC-NorESM1-M DMI-HIRHAM5 1952

16 NCC-NorESM1-M GERICS-REMO2015 1951

17 NCC-NorESM1-M IPSL-WRF381P 1952

Table 1. GCM-RCM combinations from the EURO-CORDEX experiment

Supplementary Figure S1). Moreover, the spatial support of Q (stations) differs from that of SWI and FWI (pixels). Spatial

supports will be matched by averaging the SWI/FWI pixels contained within the catchment covered by each station.90

Data at a specific location are used throughout this paper to illustrate results. More specifically, streamflow are taken from

the station ‘The Tarn River at Bedoues‘, controlling a catchment of 189 km2, and (SWI, FWI) values are taken at the nearest

pixel. These data are shown in Figure 1 and will be consistently referred to as data from ‘the Tarn example pixel/station‘.

We will also use SWI projections derived from 17 Global Climate Model / Regional Climate Model (GCM/RCM) combina-

tions (Table 1) from the CMIP5/EURO-CORDEX experiment (Jacob et al., 2014) under RCP8.5 scenario and bias-corrected95

with the ADAMONT method (Verfaillie et al., 2017). This projection dataset is described in detail by Robin et al. (2024) and

Marson et al. (2024). The starting date of climate projections varies between the early 50s and the early 70s depending on

the GCM/RCM combination, as specified in Table 1. SWI on the same 8 km regular grid is obtained using SURFEX forced

by these climate projections under historical greenhouse gas conditions until 2005, and under the RCP8.5 emissions scenarios

afterwards until 2100. All SWI projections are temporally averaged at a monthly time step and spatially averaged on the same100

regular 0.25◦ grid as before.
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Figure 1. Data illustration. Top: maps of interannual average values. Bottom: example monthly time series (left) and corresponding stan-

dardized anomalies (right) for the hydrometric station ‘The Tarn River at Bedoues‘ (Q) and the two nearest pixels (SWI, FWI), shown as

yellow dots in the maps.

3 Methods

3.1 General Principle

The principle behind the proposed model is to postulate a causal graph that describes causal relations between the studied vari-

ables, and that should be able to explain the observed dependency between them. When the variables vary in space and time, an105

additional space-time model needs to be added at least for the variables sitting at the root of the graph (i.e. unforced variables).

The resulting space-time dependencies and signals will propagate through the graph to the downward forced variables. The

advantage of this approach is that it splits the complex modeling of multiple variables varying in space and time into several

simpler sub-models, first describing inter-variable dependencies then space-time variability. The next section describes how

this approach is implemented in the case of agricultural droughts, hydrological droughts and fire weather.110
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3.2 Notation

Variables S̃x,t, F̃x,t and Q̃g,t denote the observed values of SWI, FWI and Q, respectively, recorded at some spatial location

(pixel x for SWI and FWI, stream gauging station g for Q) and some time step t.

Standardized anomalies are computed from the raw values by subtracting the interannual (1959-2023) monthly means and

dividing by the interannual monthly standard deviations, after a log transformation. Taking FWI as an example, this can be115

formalized as follows:

Fx,t =
log

(
F̃x,t

)
−µx,m(t)

σx,m(t)
(1)

where m(t) denotes the calendar month (between 1 and 12) associated with time step t, µx,i denotes the empirical mean

of all transformed values log
(
F̃x,t

)
recorded during month i, and σx,i similarly denotes the empirical standard deviation of

transformed values. The motivation for using standardized anomalies is to remove the infra-annual seasonal trend, and to make120

all variables dimensionless and hence easier to model and compare. The bottom panels of Figure 1 illustrate that standardized

data indeed show much less seasonality and asymmetry than the raw data.

An overview of the model used to describe these standardized anomalies is provided in Figure 2. The model is based on

the assumption that SWI anomalies are able to explain an important part of the variability of FWI and Q anomalies, in both

space and time. This assumption is based on physical reasoning (dry soils are a precursor to both low flows and fire-prone125

weather) but also on an empirical observation: (SWI,FWI) and (SWI,Q) are much more correlated than (FWI,Q) (not shown).

This reinforces the idea that the former pairs are linked by causal relationships, while the correlation between FWI and Q is

merely a consequence of them having SWI as a common driver (this will be further ascertained in Section 4.1). This leads to

proposing two separate regressions between (SWI,FWI) and (SWI,Q) (right part of Figure 2). The (SWI,FWI) regression is

defined at the pixel scale, whereas catchment-averaged SWI values are used for the (SWI,Q) regression.130

While these regressions are sufficient to compute conditional probabilities (e.g. of having extreme FWI and Q anomalies

given that SWI anomalies are extreme), they are not sufficient to compute joint probabilities (e.g. of SWI, FWI and Q being

extreme together). To achieve this, SWI also needs to be equipped with a probabilistic model that should vary in time to reflect

past trends in SWI values. In addition, since we are interested in spatial extents, the model should also be able to describe

spatial dependence in SWI values. This is achieved by means of a Principal Component Analysis (PCA), as will be described135

in Section 3.3.

All the regressions mentioned in Figure 2 are performed using Generalized Additive Models for Location, Scale and Shape

(GAMLSS, Rigby and Stasinopoulos, 2005). In a nutshell, GAMLSS is an extension of linear regression where the distribution

of the response variable conditionally on explanatory variables does not have to be Gaussian, and where all the parameters of

this distribution can be modeled as linear or smooth functions of the explanatory variables. In this analysis, this will be useful140

to describe the variability in both the mean and the standard deviation of the data, and to allow for asymmetric distributions.
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Figure 2. Probabilistic model overview.

3.3 Step 1: Principal Components of SWI anomalies

Standardized SWI anomalies Sx,t are arranged in a NT ×NX matrix, with NT = 65× 12 = 780 monthly time steps and

NX = 1103 pixels, and a PCA is performed. This results in a set of K components (the choice of K will be discussed in

section 4.1). Each component is a map (λk,x)x=1:NX
referred to as component loadings. The time series of standardized SWI145

anomalies are then described by K time series (τk,t)t=1:NT
(also known as component scores) corresponding to their projection

onto the K loadings.

In order to compute time-varying probabilities of occurrence, each times series τk,t is equipped with the following time-

varying probabilistic model:





τk,t ∼ SN (µk,t,σk,t,νk)

µk,t = P
(
t;α(τ)

k

)

log(σk,t) = P
(
t;β(τ)

k

)
(2)150

In equation 2, SN refers to the skew-normal distribution, which is favored over the standard normal distribution because

component scores show noticeable asymmetry, as will be illustrated later (section 4.1). The location and scale parameters of

this skew-normal distribution vary in time, while the shape parameter ν remains constant. Variability in time is induced by

means of simple polynomial regressions with time, noted P (t;α), which allow describing smooth but not necessarily linear or

monotonic variations, as described next. We also assume independence between component scores (τi,t ⊥ τj,t′∀i ̸= j), which155

are already uncorrelated by construction of the PCA.
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Polynomial regression is formally defined as shown in the equation below, where time t is expressed in years and is centered:

P (t;α) =
3∑

i=0

αihi(t) , with





h0(t) = 1

h1(t) = t

h2(t) = t2− 1

h3(t) = t3− 3t

(3)

In equation 3, (hi(t))i=0:3 are the first four Hermite polynomials and are favored over standard monomials t, t2, t3 because160

they lead to a better-behaved estimation due to their orthogonality properties (with respect to the Gaussian density). Alternative

approaches such as splines could be used to describe smooth variations in time, but we found that they were more prone to

estimation issues (e.g. optimization non-convergence) than the polynomial regression approach used here.

Finally, the temporal dependence affecting each score times series τk,t is accounted for using a Gaussian copula approach.

Accounting for this temporal dependence is important to estimate the duration of extreme events. First, normal-transformed165

scores are defined as follows:

ϵk,t = Φ−1
(
ΨSNk,t (τk,t)

)
(4)

where ΨSNk,t denotes the cumulative distribution function (cdf) of the skew-normal distribution in equation 2, and Φ−1 is the

inverse cdf of a standard normal distributionN (0,1). The resulting time series ϵk,t = (ϵk,1, . . . , ϵk,NT
) is then assumed to be a

realization from a zero-mean multivariate Gaussian distribution with covariance Στ derived from some covariance function:170

ϵk,t ∼NNT
(0;Στ ) (5)

For the case study in this paper, we use the covariance function of a first-order auto-regressive process (AR1), which expo-

nentially decays with the lag l between time steps:

Cτ (l) = ρl (6)

where ρ is the lag-1 autocorrelation coefficient to be estimated.175

3.4 Step 2: Local Regressions

As shown in Figure 2, the next step is to define a regression model predicting SWI anomalies Sx,t from component scores

(τi,t)i=1:K . This is achieved by means of a simple Gaussian linear regression defined separately for each pixel x, which can be

written as follows:
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



Sx,t ∼N (µx,t,σx)

µx,t = α
(S)
0,x +

∑K
k=1 α

(S)
k,xτk,t

(7)180

We restricted the model to such a simple linear regression structure because it is in fact the probabilistic model underpinning

PCA (Tipping and Bishop, 1999). Temporal trends affecting PCA scores as defined by equation 2 will propagate to SWI

anomalies through this regression.

Following Figure 2, the next step is to define the regression model predicting FWI anomalies Fx,t from SWI anomalies at

the same pixel sx,t. We use again polynomial regressions acting on both the mean and the standard deviation, thereby allowing185

for a smooth but not necessarily linear or monotonic relation between FWI and SWI anomalies:





Fx,t ∼N (µx,t,σx,t)

µx,t = P
(
sx,t;α

(F )
x

)

log(σx,t) = P
(
sx,t;β(F )

x

)
(8)

Finally, the regression model for Q anomalies is similar, but it is applied at each station g rather than pixel x and uses

catchment-averaged SWI anomalies s̄g,t as input:





Qg,t ∼N (µg,t,σg,t)

µg,t = P
(
s̄g,t;α

(Q)
g

)

log(σg,t) = P
(
s̄g,t;β(Q)

g

)
(9)190

Accounting for spatial dependence is important for estimating the spatial extent of extreme events. The regression models in

equations 7-9 do not include any explicit treatment of spatial dependence. This does not mean, however, that data are assumed

spatially independent. Indeed, spatial dependence is induced in SWI by the use of a common set of covariates (τi,t)i=1:K :

pixels where estimated regression coefficients in equation 7 are similar will vary together, and hence be dependent. This spatial

dependence may propagate to FWI and Q through the regressions in equations 8 and 9. We hypothesize that the common set195

of covariates explains most of the spatial dependence, leaving a residual spatial dependence which can be accounted for with

a Gaussian copula approach. First, using FWI as an example (the treatment is identical for SWI and Q), normal-transformed

data are defined as follows:

εx,t = Φ−1
(
ΨNx,t(fx,t)

)
(10)

where fx,t is the observed FWI anomaly, ΨNx,t is the cdf of the normal distribution in equation 8, and Φ−1 is the inverse cdf of200

a standard normal distribution N (0,1). The resulting spatial fields εx,t = (ε1,t, . . . ,εNX ,t) are then assumed to be realizations

from a centered multivariate Gaussian distribution with covariance Σf derived from some covariance function:

9
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εx,t ∼NNX
(0;Σf ) (11)

For the case study in this paper, we use an isotropic exponential covariance function that solely depends on the Euclidean

distance d between pixels:205

Cf (d) = exp(−d/λ) (12)

where λ > 0 is a range parameter to be estimated.

3.5 Estimation and Stochastic Simulation

The approach described in the previous section builds on a combination of simple models. Parameter estimation is thus rela-

tively straightforward and can rely on standard tools. Parameters for all regressions (i.e. α’s, β’s, σ’s and ν’s in equations 2,210

7, 8 and 9) are estimated with the procedures implemented in R package gamlss (Stasinopoulos and Rigby, 2007), applied

separately on each pixel (or station). Note that the Q dataset contains missing values, and the corresponding years are removed

on a station-by-station basis before estimating the (SWI,Q) regression of equation 9. The AR1 parameter ρ in equation 6 is

estimated with the arima R function, and the range parameter λ in equation 12 can be estimated by a least-square fit to

pairwise correlations. For the latter, pairs of values of Q where at least one of the two values is missing are removed before215

computing the correlation.

Once all parameters have been estimated, it is possible to generate a replicated dataset by following Figure 2:

1. simulate PCA scores (τk,t) from equation 2;

2. simulate SWI anomalies (sx,t) given PCA scores using equation 7;

3. simulate FWI anomalies (fx,t) given SWI anomalies using equation 8;220

4. simulate Q anomalies (qg,t) given SWI anomalies averaged over each catchement using equation 9;

5. transform SWI, FWI and Q anomalies back into natural space by inverting equation 1.

We repeated this procedure a thousand times for the analyses in this paper, generating enough replicated spatio-temporal

datasets for extracting empirical probability estimates. For instance, the probability of jointly exceeding some (SWI,FWI,Q)

thresholds over more than half of pixels/stations can be estimated by counting how many times this event occurred in the225

replicated datasets, and dividing by the number of replications.

4 Agricultural Droughts, Hydrological Droughts and Fire Weather in France

The probabilistic model described in the previous section 3 is applied to the French SWI, FWI and Q data described in section 2.

After a description of model inference and checking (4.1), results are analysed in terms of at-site estimates, for each variable
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separately (4.2) and for the three variables together (4.3). The spatial extents and average durations of extreme events are then230

analysed, both during the historical period (4.4) and in the future (4.5).

4.1 Model Estimation and Checking

As described in section 3, the first step is to perform a PCA of SWI anomalies. Figure 3(a)–(b) shows the scores and loadings

for the first two components. The first component explains 57% of the total variance and affects most of the country, although

loadings are noticeably lower around the Mediterranean coast. The second component explains 11% of the total variance and235

highlights a north-south gradient, with the highest loadings (in absolute value) concentrated around the Mediterranean coast.

Four additional components are retained, reaching 80% of explained variance (see Supplementary Figure S2).

The pink lines in Figure 3(a)–(b) illustrate the estimated regression model of equation 2. Temporal variability is noticeable,

especially a decreasing trend in the scores of the second component. There is no discernible edge effect in regression curves

at the beginning or at the end of the 1959–2023 analysis period, probably thanks to the rather low degree of the polynomial.240

Figure 3(a) also highlights some asymmetry in the first component, with negative values showing an heavier tail than positive

ones, thereby justifying the use of a skew-normal distribution (see also Supplementary Figure S3). Other hypotheses made by

the model are found to be in agreement with the data, in particular the lack of seasonality in equation 2 (accounted for by

the standardization of equation 1, see Figure S4) or the AR(1) temporal dependence model in equation 6 (see Supplementary

Figure S5).245

Figure 3(b–c) shows results for (SWI,FWI) and (SWI,Q) regressions at the Tarn example pixel/station. It highlights the

non-linearity of the relations, which tend to flatten for large negative SWI values. It also highlights that standard deviations

also depend on SWI (especially for Q). These observations are fairly consistent across all pixels/stations (see Supplementary

Figure S6) and justify the need to go beyond simple linear regression and to use GAMLSS.

While the regressions (SWI,FWI) and (SWI,Q) illustrated in Figure 3(b–c) induce a dependence between these variable250

pairs, there is no such explicit regression model to induce a dependence for the (FWI,Q) pair. Yet this dependence does exist

and is induced by the fact that both variables depend on SWI. This is illustrated in Figure 4: FWI and Q anomalies are

clearly correlated (panel (a), correlation ∼−0.6), but scatterplots stratified by SWI anomalies, representing the conditional

distributions of FWI,Q|SWI = x, do not show any sign of dependence (panel (b)). In statistical terms, this means that FWI

and Q anomalies are dependent, but they are independent conditionally on SWI. This behavior is consistent across all stations:255

(FWI,Q) correlations are around −0.6 on average, but their partial correlations (i.e. after the effect of SWI has been removed)

drop to ∼−0.1 (see Supplementary Figure S7).

4.2 At-site Distributions

Figure 5 shows the time-varying distribution of SWI, FWI and Q at the Tarn pixel/station. Trends in time are apparent and are

induced by trends in the PCA scores (Figure 3(a)–(b)). At this location, the 2022 event appears to be quite extreme in terms of260

SWI and Q (close to the 5%-quantile), less so in terms of FWI.
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Figure 3. Estimated GAMLSS models. (a) Scores (time series) and loadings (map) associated with the first principal component. The

thick pink line shows the median of the GAMLSS model fitted to the PCA score time (equation 2), whereas thin lines represent the 95%

probability interval. (b) Same as (a) for the second component. (c) GAMLSS models for the pairs (SWI,FWI) (left, equation 8) and (SWI,Q)

(right, equation 9) at the Tarn example pixel/station. Pink lines represent the conditional median (thick) and the conditional 95% probability

interval (thin).

Figure 6 evaluates the goodness-of-fit at all pixels/stations by means of PP-plots (i.e. empirical cdf of Ψt(ot), where Ψt

is the cdf of the time-varying distribution shown in Figure 5 at time t and ot is the corresponding observation). For SWI

and FWI, most curves remain close to the diagonal, indicating an acceptable fit. There is, however, a systematic tendency

to slightly under- and over-estimate SWI and FWI, respectively, the cause of which needs to be further investigated. Larger265

departures are visible at a few stations for Q. A closer inspection reveals that most of these poor-fit stations are located either

in groundwater-dominated northern regions or in mountainous areas. In both cases, the SWI-Q relationship is poorly captured

because streamflow is not driven by soil moisture in these regions, but rather by deep aquifers or snowmelt.

Having a time-varying distribution at all pixels/stations allows estimating the probability of crossing some threshold (down-

ward for SWI and Q, upward for FWI) everywhere and at any time. Figure 7 hence shows the probability of exceeding the270

12

https://doi.org/10.5194/egusphere-2026-1406
Preprint. Discussion started: 31 March 2026
c© Author(s) 2026. CC BY 4.0 License.



−2

0

2

−2 0 2
FWI anomaly

Q
 a

no
m

al
y

(a)

SWIa~ −0.5 SWIa~ 0 SWIa~ 0.5 SWIa~ 1 SWIa~ 1.5 SWIa~ 2 SWIa~ 2.5

SWIa~ −5 SWIa~ −3.5 SWIa~ −3 SWIa~ −2.5 SWIa~ −2 SWIa~ −1.5 SWIa~ −1

−2 0 2 −2 0 2 −2 0 2 −2 0 2 −2 0 2 −2 0 2 −2 0 2

−2

0

2

−2

0

2

FWI anomaly

Q
 a

no
m

al
y

(b)

−0.50

−0.25

0.00

0.25

−2 −1 0 1
SWI anomaly

co
rr

el
at

io
n

(c)

SWI anomaly

−2

0

2

Figure 4. Dependence between FWI and Q anomalies at the Tarn example pixel/station. (a) Full scatterplot. (b) Conditional scatterplots:

SWIa∼ x means that SWI anomalies are in the interval x± 0.25 . (c) Conditional correlations (bars), computed for each group in panel (b)

containing at least 10 observations, compared with the full correlation (horizontal line) computed from panel (a).

2022 annual minima (SWI, Q) or maxima (FWI). It indicates that the 2022 event was extreme in terms of SWI (probabilities of

occurrence well below 0.1 at many pixels), less so in terms of FWI and Q, at least locally. It also suggests that temporal trends

have made this event less unlikely in 2022 than it would have been in 1959.

4.3 Multivariate At-site Distributions

Figure 8 shows that the bivariate distributions induced by the model are consistent with the observed scatterplots, indicating that275

the (SWI,FWI) and (SWI,Q) regressions are able to adequately represent all pairwise dependencies in the triplet (SWI,FWI,Q)

(at least at this Tarn example pixel/station).

Moving from bivariate to trivariate distributions, Figure 9(a) shows the observed joint frequency of crossing (SWI,FWI,Q)

thresholds, and suggests that this joint frequency behaves neither as in the independent nor the perfectly dependent cases.

Note that the few curves exceeding the ‘perfect dependence‘ line can be explained by missing values in Q data: thresholds280

are computed using all available data for each variable, but joint frequencies are computed using (SWI,FWI,Q) triplets where

all three variables are available together. Figure 9(b) shows the corresponding joint probabilities estimated by the model, and

suggests that the model adequately reproduces the behavior of observations, although the slightly higher curves may suggest

a slight tendency to over-estimation. Note that a few curves exceed the ‘perfect dependence‘ line again, due to the fact that

the thresholds are computed on observations, and their modelled probability of (non)exceedance is hence not exactly equal285

to p. Figure 9(b) indicates that the estimated joint probabilities are much higher than the probabilities computed under the

independence assumption: as an order of magnitude, for p = 0.1, the former is on average 10 times higher than the latter. An

evaluation of dependence focusing on extremes (i.e. when p→ 0) can also be performed (Coles et al., 1999), and it suggests

an asymptotic independence behavior (see Supplementary Figure S8).

Having a trivariate distribution enables a multi-hazard characterization of the severity of the 2022 event. Note that this290

characterization is time-dependent, since the trivariate distribution upon which it is based varies in time (Supplementary Figure
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S9). Figure 9(c) indicates that the 2022 event could be considered as extreme in terms of (SWI,FWI,Q) nearly everywhere in

France when it occurred (median probability ≈ 0.01), which was not the case when each variable was considered separately.

This is a partly expected result since the probability of a multi-hazard event is necessarily smaller than the probabilities of the

individual single-hazard events. This median probability of ≈ 0.01 (corresponding to a 100-year event) can also be compared295

to the median probability computed under the independence hypothesis, which is around 20 times smaller (corresponding to

a 2000-year event). This shows that modeling stochastic dependence is critical for an appropriate assessment of compound

hazards.

4.4 Spatial Extent of Extreme Events

The spatial extent of droughts and fire-prone conditions can be quantified by computing the percentage of pixels/stations300

crossing a low (SWI,Q) or a high (FWI) threshold, taken here as the empirical 5-year event computed from the observation

period (1959-2023). These spatial extents are just percentages and do not account for the forest cover of each pixel (FWI) or

the area controlled by each catchment (Q). Figure 10 shows the observed spatial extents, and indicate that the 2022 spatial

extent is extreme, even unprecedented over the period 1959–2023, for all three variables, despite the fact that at-site values of

Q and FWI are not extreme (Figure 5 and Figure 7).305

Figure 10 also shows the estimated time-varying distribution of annual maximum extent for the three variables. Dotted lines

correspond to ignoring the residual spatial dependence model of equation 11. This does not make any marked difference for
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Figure 9. Joint distribution of annual minimum SWI, annual maximum FWI and annual minimum Q. (a) Observed frequencies of jointly

nonexceeding SWI and Q p-quantiles and exceeding FWI (1− p)-quantile, as a function of p. Each black line corresponds to one station,

and blue lines correspond to the cases of independence (y = p3) and perfect dependence (y = p). (b) Same as (a) but for joint probabilities

rather than observed joint frequencies, estimated using 1000 Monte-Carlo replications. (c) Probability of jointly exceeding the intensity of

the 2022 event for all three variables (SWI,FWI,Q), computed in 2022.
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SWI, suggesting that spatial dependence is already adequately captured by the first 6 principal components. By contrast, when

residual spatial dependence is ignored, the estimated distribution of FWI spatial extents is much less variable and hence cannot

capture the large spatial extents that are frequently observed (see also PP-plots in Supplementary Figure S10). The spatial310

dependence that propagates from SWI to FWI through the (SWI,FWI) regression is hence not sufficient to explain the observed

amount of spatial dependence in FWI, hence requesting the additional dependence component embedded in equation 11. Q

qualitatively behaves as FWI, but the amount of "missing" spatial dependence is much smaller.

The bottom panel of Figure 10 characterizes the 2022 event in terms of spatial extent and confirms that it was extreme in this

respect for all three variables, even for FWI and Q which where less extreme when considered locally (Figure 7). The figure315

also shows a non-linear increase of this probability during the 1959–2023 period indicating that such events are becoming less

unlikely as time progresses: depending on the variable, the probability of occurrence increased by a factor ranging between

2 and 5 during the observation period, highlighting the need to consider a continuous temporal evolution of probabilities, as

opposed to constant probabilities associated with predefined periods.

Note that in addition to the spatial extent of extreme events, their duration can also be of interest. Supplementary Figure S11320

shows results for durations and indicates that their behavior is qualitatively similar to that of spatial extents.

4.5 Future Projections

We conclude this case study by demonstrating how the probabilistic model can be used for future projections. Each climate

model listed in Table 1 provides spatial SWI fields up to year 2099. These fields can be projected into the PCA basis identified

in section 4.1, leading to a new set of PCA scores time series. Since the PCA model of equation 2 varies in time, it needs to be325

re-estimated to reflect the new PCA scores that extend up to 2099, including parameters for both the polynomial regressions

(equation 2) and the AR(1) temporal dependence (equation 6). Once the PCA model is re-estimated, the Monte-Carlo procedure

of section 3.5 can be used to generate many spatio-temporal (SWI,FWI,Q) datasets: PCA scores are first generated, then SWI

values given the scores using equation 2, then FWI and Q values given SWI values using equations 8 and 9. Note that the latter

two models are not re-estimated since they do not vary in time, which effectively assumes that inter-variable dependencies will330

not change in the future. The many replicated (SWI,FWI,Q) datasets enable the estimation of probabilities in the same way as

illustrated previously for the observation period. Note that the approach described here only uses the SWI variable from the

climate model, due to the fact that SWI is the root variable in the causal diagram of Figure 2. However, it uses neither FWI

(which could easily be computed from climate model outputs) nor Q (which is not provided by climate models and would

necessitate an impact modelling chain).335

Figure 11 shows the time-varying probability of exceeding the 2022 extent (top) and duration (bottom), as projected by each

climate model up to year 2099. In a nutshell, this figure suggests that the 2022 event may become a frequent event by the end

of the century, both in terms of spatial extent and duration. This statement needs to be qualified by a tendency to over-estimate

the probability estimated from observations, with some climate models widely overshooting during the observed period (e.g.

models 4, 8 and 11 in Table 1). Also note the specific behavior of FWI spatial extent: the probability of exceeding the 2022340

17

https://doi.org/10.5194/egusphere-2026-1406
Preprint. Discussion started: 31 March 2026
c© Author(s) 2026. CC BY 4.0 License.



0

25

50

75
M

ax
. S

W
I e

xt
en

t [
%

]

0

25

50

75

M
ax

. F
W

I e
xt

en
t [

%
]

0

25

50

75

M
ax

. Q
 e

xt
en

t [
%

]

0.00

0.02

0.04

0.06

0.08

1960 1980 2000 2020
Year

P
r[

ex
ce

ed
in

g 
20

22
 e

xt
en

t]

SWI

FWI

Q

(SWI,FWI,Q)
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with the larger golden point highlighting the year 2022. The thick line shows the estimated median, and the filled area extends between the

0.05 and 0.95 quantiles. The dotted lines show the quantiles obtained with a model ignoring residual spatial dependence (equation 12).
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individually and jointly, as projected by 17 GCM/RCM combinations. The thick lines correspond to the observations-based estimates based

on the period 1959–2023 (Figure 10)

value increases much less sharply that for other variables, so that the 2022 FWI extent remains fairly extreme even by 2099

standards.

5 Discussion

The analysis of future projections presented in the previous section solely aimed at demonstrating that the proposed proba-

bilistic model can be used for this purpose. However this analysis remains quite superficial and could be extended in several345

directions in future work. For instance, the results could be compared with the ones obtained using future projections from a

whole hydroclimatic modeling chain (including in particular hydrological models to provide future Q from climate model out-

puts). The ability of climate models to reproduce the observed climate should also be further analyzed, along with the various

sources of projection uncertainty (GCM vs. RCM in particular). Alternatively, applying the proposed model to GCM+RCM

historical simulations, with and without anthropogenic greenhouse gas emissions, would enable a compound event attribution350

analysis.

19

https://doi.org/10.5194/egusphere-2026-1406
Preprint. Discussion started: 31 March 2026
c© Author(s) 2026. CC BY 4.0 License.



The proposed model could also be extended in several directions. First, alternative space/time covariance functions could be

considered, to account for long-memory processes or space/time nonstationarity of covariances. While the case study results

did not suggest a need to go beyond the simple covariance functions used here, other applications with different variables

may require to do so, and the sensitivity of the results to the selected covariance functions should be further appraised. More355

generally, the applicability of the proposed model to different variables needs to be assessed. The three variables used in this

paper are fairly smooth in space and can be considered at a relatively coarse monthly time step. Variables that are varying much

more rapidly in space and time (typically, floods, extreme precipitations or actual fires), or data considered at a finer space/time

resolution, are probably less amenable to the combination of simple models used in this paper. An interesting advantage of the

proposed approach is that it generalizes fairly easily to more than three variables, as long as one is able to establish a causal360

diagram such as the one in Figure 2.

A drawback of the proposed approach is that combining simple conditional models does not allow explicitly controlling

important properties of extremes, such as the tail behavior of individual variables (heavy or light tails?) or the nature of joint

distributions (both between variables and in space), for instance in terms of asymptotic dependence vs. asymptotic indepen-

dence. In fact, these properties depend on the many choices made in the sub-models, in particular the various regressions of365

sections 3.3 and 3.4: distribution family, formulation of the regression, etc. For the variables studied in this paper, both the data

and the model appear to follow an asymptotic independence behavior, but other variables might behave differently. Theoret-

ical guidance from the statistical community would be useful to select regression models depending on the desired extremal

behavior.

A technical difficulty of the proposed approach is that the Monte-Carlo-based estimation of probabilities is prone to memory370

issues. The observed dataset comprises around 2.2×106 values. With 1000 replications, this increases to 2.2×109, and nearly

5× 109 values per climate model when considering future projections. This roughly corresponds to the available memory of

current personal computers, but memory issues would be unavoidable with alternative datasets having finer spatial/temporal

resolution, or a continental/global extent. These may require tailored data-processing workflows, but these are not straightfor-

ward to implement because some variables require keeping full spatial fields in memory while others require keeping full time375

series. Alternatively, analyses may need to be run on computing clusters providing a larger memory.

The results confirm the exceptional nature of the 2022 drought in France, characterized not only by its intensity but also

by its unusually large spatial extent as reported previously in continental scales analyses (Meng et al., 2023; Bevacqua et al.,

2024). This is also consistent with the large-scale persistent anticyclonic anomaly over Western Europe found in Faranda et al.

(2023).380

Finally, the way the proposed model could be turned into an operational tool remains to be defined. A difficulty is that in

France, the three hazards are managed by distinct agencies, hence not facilitating the evaluation of compound-hazard strategies.

However, the communities impacted by the different hazards generally show a strong overlap, and their resilience may be

affected by the joint occurrence of several hazards, especially if they are long or widespread. Possible operational uses of the

proposed model include multivariate seasonal forecasting (e.g. for reservoir management) and the design of disaster response385

infrastructures (e.g. distributed water storage for fire protection in the context of declining low flows).
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6 Conclusions

Characterizing multi-faceted events such as the exceptionally warm and dry year 2022 in France requires a joint probabilistic

model for several spatialized variables. This paper demonstrates how such a model can be built by combining relatively simple

ingredients: a PCA to describe the bulk of spatial dependence, regressions to describe inter-variable dependences, and basic390

covariance functions to describe residual spatial dependence and autocorrelation. The advantages of such a modular approach

are that it breaks down a complex problem into several simpler sub-problems and makes estimation fairly straightforward.

Our national-scale analysis in France suggests that the proposed approach is adequate for three monthly variables that

vary fairly smoothly in space: SWI, FWI and Q. Model checking indicates a reliable description of the time-varying local

distributions of each variable as well as the local trivariate distributions. Moreover, space-time properties such as the spatial395

extent and the duration of extreme events are also reliably reproduced.

Thanks to this probabilistic model, the 2022 event can be characterized from different points of view. When considered

locally, the 2022 event was extreme in terms of SWI at many locations, but was more moderate in terms of FWI and Q.

However, the 2022 event was found to be extreme nearly everywhere in France when the three variables are considered together.

Likewise, both the duration and the spatial extent of the 2022 event was found to be extreme for all three variables. Underlying400

trends in the three variables during the historical period have progressively increased the likelihood of such events, and future

projections indicate that this event may become even more frequent by the end of the century.

Improved understanding of how these three hazards may change at regional and global scales will be crucial for both

advancing scientific knowledge and informing practical strategies to address future drought challenges.
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