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Abstract. Flood impacts can be enhanced when they occur shortly after droughts. Hydrological models are useful tools to better

understand the underlying processes and mechanisms driving the response of floods occurring in close succession to streamflow

drought. However, it is yet unclear how well hydrological models capture these compound extreme events and which modeling

decisions are most important for high model performance. To address this research gap, we calibrated four conceptual bucket-

style hydrological models with different structures (GR4J, GR5J, GR6J, and TUW) for 63 catchments located in Chile and5

Switzerland using different calibration strategies. Specifically, we assessed the relative importance of different methodological

choices in simulating and detecting observed drought-to-flood transitions
:
, including model structure, streamflow transforma-

tion, and the Kling-Gupta efficiency (KGE) formulation and weights used to calibrate the model parameters. We demonstrate

that model performance
:
, as expressed by the KGE,

:
does not guarantee a good performance in terms of detecting streamflow

extremes and their transitions. Further, we show that a model’s performance with respect to capturing extreme events primarily10

depends on how well it captures streamflow timing. Our results also highlight that model structure, catchment characteristics

and meteorological forcings play a key role in the detection of transitions. Specifically, we demonstrate that
::::::
Overall,

:::
we

::::
find

:::
that

:::::
model

::::::::::::
representation

::
of
:
drought-to-flood transitions are more difficult to capture

::
is

::::::::
generally

::::
poor,

:::::::::
especially in semi-arid

:::
and

:
high-mountain catchments than in

::::::
(versus humid low-elevation catchments

:
). Ultimately, our study provides insights for

further model improvements to simulate and better understand drought-to-flood transitions and to identify regions prone to this15

hazard.

1 Introduction

Hydrological extreme events such as streamflow droughts and floods are expected to become more frequent, severe, and

persistent in a warming climate (e.g., Gu et al., 2023; Asadieh and Krakauer, 2017; Martin, 2018; Tabari et al., 2021). Therefore,

severe impacts are expected
:::
This

::::
can

::::
lead

::
to
::::::

severe
:::::::

impacts
:

on infrastructure, agriculture, water supply, and hydropower20
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generation (e.g., McClymont et al., 2020; McMartin et al., 2018; Lehner et al., 2006; Sivakumar, 2011; Wasti et al., 2022),

as well as social and political systems (e.g., Doocy et al., 2013; Hurlbert and Gupta, 2017; Kiem and Austin, 2013; Visconti,

2022).

Studies focusing on hydrological extreme events and their impacts often assume temporal and/or spatial independence be-

tween them, neglecting that extremes may be multivariate phenomena (Ban� and De Michele, 2022; Brunner, 2023). However,25

the impacts of �oods can be enhanced when they occur during or shortly aftera stream�owdrought
:::
dry

::::::
periods

:
(e.g., Baren-

drecht et al., 2024; Swain et al., 2018; He and Shef�eld, 2020; Rashid and Wahl, 2022). For instance, Handwerger et al.

(2019) and Valenzuela et al. (2022) have demonstrated an increase in the occurrence of landslides in California and Chile due

to shifts from meteorological drought to intense precipitation. Similarly, Dietze et al. (2022) have shown that the 2018-2020

drought in Europehasenhancedthe
:::::::
enhanced

:
debris mobilisation during the 2021 �ood in the Eifel region of western Ger-30

many and Belgium. In 2017, intense precipitation broke the 2012-2016 drought in California and led to severe �ooding, the

activation of the emergency spillway of the Lake Oroville dam for the �rst time in its history, and the declaration of emergency

(Grif�n and Anchukaitis, 2014; Robeson, 2015; Wang et al., 2017). Despitethe needto integrateboth stream�ow extreme

eventswithinthesameanalysisframework(e.g., Ward et al., 2020; Quesada-Montano et al., 2018; Di Baldassarre et al., 2017)

, droughtsand�oods havebeenmostlystudiedasindependentevents
:::::::
evidence

:::
of

:::
the

::::::::::
interactions

:::::::
between

:::::::
drought

:::
and

:::::
�ood35

::::::
events,

:::
they

:::
are

::::
still

::::
most

::::::::
frequently

:::::::
studied

:::::::::::
independently

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Ward et al., 2020; Quesada-Montano et al., 2018; Di Baldassarre et al., 2017)

.

Asaconsequenceof apotentialintensi�cationof hydrologicalvolatility in awarmingclimate(Swain et al., 2025), hydrological

whiplash,de�nedassub-seasonaltransitionsbetweenhydrologicalextremessuchasdroughtsand�oods (Hammond et al., 2025)

, couldbecomemorefrequentandseverein thefuture.While the
:::
The transition from drought to �ood can occur within hours or40

days, the transition
::::
from

:::::
�oods

:
to droughts can range from weeks to years, leading to different water management challenges

and reaction times for decision-makers (Hammond et al., 2025).Then,due
:::
Due

:
to the inherent asymmetry in spatiotemporal

characteristics and underlying drivers, as has been recentlyshown
:::::::
reviewed

:
by Swain et al. (2025) from both meteorological

and hydrological perspectives, drought-to-�ood transitionscan
::::
often

:
have more severe impacts than �ood-to-drought transi-

tions.45

Both hydrological droughts and �oods are linked to meteorological conditions such as precipitation surplus/de�cit or

low/high evapotranspiration rates. However,Brunner et al. (2025)have shown that
:
it

:::
has

:::::
been

::::::
shown

::::
that

:::::::::::::
meteorological

dry-to-wet spells are only weakly associated with
:::::::::::
hydrological drought-to-�ood transitions, with a propagation rate of just

10% within a 30-day period, and that wet spells are less likely to lead to �oods than dry spells are to cause droughts

:::::::::::::::::
(Brunner et al., 2025). Consequently, the occurrence and drivers of these compound events are not yet fully understood (e.g.,50

Matanó et al., 2022, 2024; Brunner, 2023; Götte and Brunner, 2024; Hammond et al., 2025; Brunner et al., 2025).
::::::::
Similarly,

:
it

::
is

:::
yet

:::::::
unclear

::::
how

:::::::::
increasing

::::::::::
hydrological

::::::::
volatility

::
in

::
a

:::::::
warming

:::::::
climate

:::::::::::::::::
(Swain et al., 2025)

:::
will

:::::::
translate

::
to

::::::::
changes

::
in

:::::::::::::
drought-to-�ood

::::::::
transition

::::::::
behavior.

:

Process-based hydrological models can provide valuable insightson
:::
into how stream�ow and/or other hydrological �uxes

and states react to variations in meteorological andenvironmental
::::::
climate

:
inputs (Hrachowitz and Clark, 2017). In recent55
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decades, several efforts have been made to improve the realism of hydrological models in terms of spatial variability (e.g.,

Dembélé et al., 2020), the simulation of low (e.g., Garcia et al., 2017) and high �ows (e.g., Mizukami et al., 2019), or the

representation of �ood-triggering mechanisms and spatiotemporal coherence (e.g., Brunner et al., 2020, 2021), under current

and changing climatic conditions (e.g., Fowler et al., 2018). However, modeling hydrological extreme events such as droughts

and �oods is still challenging (e.g., Mizukami et al., 2019; Bruno et al., 2024), especially when multiple variables are involved.60

Such cases include, for example, modeling the dependence between �ood peaks and volumes (Brunner and Sikorska-Senoner,

2019), or modeling the spatial dependence of �oods happening in different locations (Brunner et al., 2021). This complexity

indicates
::::::
suggests

:
that capturing consecutive drought-to-�ood events might not be trivial either. As model evaluations targeted

at compound extremes have not yet been performed, it is still unclear how well hydrological models can, in fact, capture

drought-to-�ood transitions.65

Hydrological modeling involves making decisions about model structure (i.e., process representations and parameteriza-

tions), spatial discretization, meteorological forcings, and parameter estimation approach (e.g., calibration/evaluation periods,

hydrological target variables or signatures used in objectivefunction
:::::::
functions), which affect hydrological simulations and

whose importance might vary depending on the modeling purpose (e.g., Mendoza et al., 2016; Mizukami et al., 2016; Baez-

Villanueva et al., 2021; Guo et al., 2017; Melsen et al., 2019). Previous studies have highlighted that such modeling decisions70

can substantially in�uence simulated hydrological extremes and their uncertainties (e.g., Alexander et al., 2023; Melsen and

Guse, 2019; Melsen et al., 2019). They have also shown that the choice of objective function for model calibration, model

structure, and spatial discretization (forcings and domain) are the most in�uential decisions on modeling outcomes. While

these previous studies have focused on analyzing the impacts of modeling decisions on drought and �ood attributes (e.g.,

severity, duration), they have not looked at how these decisions in�uence event detection, i.e. whether or not a model can cap-75

ture extreme events below or above a certain threshold. Moreover, previous work has focused on individual extremes instead of

looking at them in a multivariate setting
:::::::::::::
(Brunner, 2023). As such, it isyet unclear how individual modeling decisions might

in�uence the representation of hydrological transitions.

Hydrological modeling often relies onthe
:
a
:
calibration process to �nd parameter values that minimize discrepancies between

observations and simulations of a target variable (e.g., stream�ow). The calibration process requires de�ning an objective80

function to measure the similarity between observations and simulations. In general, these objective functions are de�ned

based on "least squares" formulations such as the widely used Nash-Sutcliffe Ef�ciency (NSE; Nash and Sutcliffe, 1970) and

the Kling-Gupta Ef�ciency (KGE; Gupta et al., 2009). Although alternative objective functions have been proposed to enhance

the robustness of calibrated parameters and hydrological consistency (e.g., Fowler et al., 2018; Yilmaz et al., 2008; McMillan,

2020), KGE and NSE remain widely used for model calibration and evaluation (e.g., Klemeš, 1986; Motavita et al., 2019;85

Seibert et al., 2019; Beven, 2025).

The Kling-Gupta Ef�ciency (KGE), originally proposed by Gupta et al. (2009), has been one of the most popular perfor-

mance metrics used in hydrology over the last decades. Thanks to the possibility of disaggregating it into its three components

— bias, variability, and correlation — KGE provides interpretability and diagnostic power. It has been applied for many mod-

eling purposes, including the analysis of stream�ow extremes (e.g., Gu et al., 2023; Hirpa et al., 2018).In thesestudies,despite90
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thelackof objectivityin assessingthemodel'sexplanatorypowerin eachcatchment(i.e., benchmark; e.g., Knoben, 2024; Seibert et al., 2018)

, calibrationsare
::::::::::
Calibrations

::
are

:::::
often

:
considered successful if the KGE performance exceeds a certain threshold during both

the calibration and evaluation periods (e.g., KGE > 0.4). This criterionis
:::::::::::::::::::::::::::::
(Knoben, 2024; Seibert et al., 2018)

:
.

:
It

::
is

::::
also

:::::
often

:::::::
assumed

:::
that

:::
the

:::::
KGE

:::::::
criterion

:::
can

:::
be used as a proxy for how well a model represents stream�ow properties such as extreme

events (e.g., Lema et al., 2025; Cinkus et al., 2023; Zhao et al., 2025). However,thereis oftenno explicit evaluationof
:::::
model95

:::::::::
evaluations

:::::
often

::
do

:::
not

::::::::
explicitly

:::::::
evaluate

:
how drought or �ood events are represented at the event scale.Thus,thesuitability

of
::
As

::
a

:::::::::::
consequence,

::
it

:::::::
remains

::::::
unclear

::::
how

:::::::
suitable

::
of

:
a
::::::
proxy KGE and alternative formulations (Gupta et al., 2009; Kling

et al., 2012; Pool et al., 2018; Tang et al., 2021; Pizarro and Jorquera, 2024) or adaptations (e.g., transformations and weights;

Garcia et al., 2017; Wu et al., 2025; Mizukami et al., 2019)for calibratingmodelsaimedat studyingstream�ow
:::
are

:::
for

::::::::
describing

::::::
model

::::::::
accuracy

::
in

:::::
terms

::
of

:
extreme events and, in particular,consecutiveextremes,hasnot yet beensuf�ciently100

evaluated
:::
their

::::::::::
consecutive

:::::::::
occurrence.

In summary,theeffectivenessof overall performancemetrics- suchasKGE - in evaluatingthemodels'ability to capture

stream�ow extremeshasnot yet beenthoroughlyexamined.Additionally, it is unclear how different modeling decisions-
:
,

such as the
:::::
choice

::
of

::::
the hydrological model, objective function, and stream�ow transformations-

:
, affect drought-to-�ood

transition simulations. Evenmore,it
:::
and

::::
how

::::
well

::::::
overall

::::::::::
performance

:::::::
metrics,

:::::
such

::
as

:::::
KGE,

:::::
relate

::
to

::
a

:::::::
model's

::::::
ability

::
to105

::::::
capture

:::::::::
stream�ow

::::::::
extremes.

::
It remains to be explored which modeling choices are most suitable for capturing these compound

hydrological extreme events without compromising hydrological consistency (i.e., representation of different hydrological

processes or properties). To address these research gaps, we investigate the extent to which hydrological models can represent

consecutive drought-to-�ood transitions and the impact of model structure and calibration choices on their representation.

Speci�cally, we address the following research questions:110

– How suitable is the KGE for calibrating models aimed at jointly simulating stream�ow droughts and �oods?

– Which modeling choices (e.g., model structure, KGE formulation, etc.) are most important for simulating droughts,

�oods, and their transitions?

– Which are the key hydrologicalprocessesthat haveto be capturedby modelsto simulate
::
In

::::::
which

::::::::::
catchments

:::
are

drought-to-�ood transitionswell
::::
most

::::::::::
challenging

::
to

:::::
model

::::
and

:::::
detect?115

To address these questions, we performed several calibration experiments with four conceptual bucket-type hydrological

models (GR4J, GR5J, GR6J, and TUW) across 63 catchments in Chile and Switzerland. In our experiments, we tested dif-

ferent con�gurations of the Kling-Gupta ef�ciency (KGE) to assess their performance in simulating and detecting observed

transitions. These con�gurations included �ve KGE formulations (Table 1), two stream�ow transformations (i.e., Q and 1/Q)

and their linear combination (i.e., 0.5*KGE(Q)+0.5*KGE(1/Q)), and four different weights applied to the variability term of120

the KGE (c2=1,2,4,8). Secondly, we assessed the relative importance of each methodological choice for detecting events and

ensuring hydrological consistency. Finally, we explored the link between model performance andtherepresentationof different

hydrological�uxes andstatesduringtransitionevents.
:::::::::::::::::
hydrometeorological

:::
and

::::::::::::
physiographic

:::::::::
catchment

:::::::::
descriptors.

:
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2 Study domain and data

The study domain encompasses 24 and 39 near-natural catchments in Chile (CL; Figure 1a) and Switzerland (CH; Figure 1b),125

respectively. These catchments are selected based on the availability of complete daily stream�ow records between 1981 and

2020 for at least 30 years, with a complete year being de�ned as one in which all months had information for at least 90% of the

days.The
:::
We

::::::::::
characterize

:::
the

:::::::::::::::
hydroclimatology

::
of

:::
the

::::::::::
catchments

::
in

:::
our

:::::
study

::::::
domain

:::
by

:::
the

:::::::
wetness

:::::
index

:::::::
(P/PET),

::::::
runoff

::::::::
coef�cient

::::::
(Q/P),

:::::::::::
p-seasonality

::::
and

:::::::::::
q-seasonality

:::::
index,

::::
and

::::::
fraction

:::
of

::::::::::
precipitation

::::::
falling

::
as

:::::
snow

:::::::
(fsnow)

::::
over

:::
the

::::::
period

:::::::::
1985-2020.

::::
The

:::::::::::
p-seasonality

:::::
index

::::::::::::::::::::::::::::::
(Woods, 2009; Berghuijs et al., 2014)

:
,

::
as

::::
well

::
as

::
its

::::::::
analogue,

::::::::::::
q-seasonality,

::::::::
describes

:::
the130

:::::::::
seasonality

::
of

:::::::::::
precipitation

:::
(or

::::::::::
stream�ow)

:::
and

:::
the

::::::
degree

::
of

::::::::::::::
synchronization

::::
with

:::
the

::::::::::
temperature

::::::::::
seasonality.

:::
The

::::::
fsnow

::
is

::::::::
computed

::::::::
according

::
to

::::
the

::::::::::
formulation

:::::::
proposed

:::
by

::::::::::::
Woods (2009)

:::
and

::::::
ranges

:::::
from

:
0

:::
(all

:::::::::::
precipitation

::::
falls

::
as

:::::
rain)

::
to

:
1
::::
(all

::::::::::
precipitation

::::
falls

::
as

::::::
snow).

:

::::
This

:::::::::::::
characterization

:::::
shows

::::
that

:
selected catchments span a wide range of hydroclimatic characteristics (Figure 1c), from

energy to water-limited, and different hydrological regimes (Figure 1d), from snowmelt (e.g., p-seasonality < -0.5 and q-135

seasonality > 0.5) to rainfall-dominated (e.g., p-seasonality < -0.5 and q-seasonality < -0.5). Some catchments are positioned

above the water limit (i.e., Q/P = 1) or below the energy limit (i.e., Q/P = 1 - 1/(P/PET); Figure 1c), which suggests an

underestimation of precipitation–
:
-

:
which might require correcting for precipitation undercatch (e.g., Newman et al., 2015;

Stisen et al., 2012; Hughes et al., 2021)–
:
- or a surplus of stream�ow

:::
due

:::
to,

::::
e.g.,

::::::::::
uncertainties

::
in

:::::::::::::
stage-discharge

:::::::::::
relationships

::
or

::::::
glacier

:::::
and/or

::::::
ground

:::::
water

:::::::::::
contributions.140

The CAMELS Chile (CL; Alvarez-Garreton et al., 2018a) and Switzerland (CH; Höge et al., 2023a) datasets are used to

obtain the meteorological forcings, stream�ow records, snow water equivalent (SWE) estimates, and catchment boundaries

for the
:::::::::
catchments

::
in

::::
the

:::
two

:
study domains. The meteorological forcings of both datasets, CR2Met version 2.5 for Chile

(Boisier, 2023) and RhiresD version 2 for Switzerland(MeteoSwiss, 2023)
:::::::::::::::::::
(MeteoSwiss, 2021b, a), are based on local gridded

observation-based products, while SWE products are based on a snow cover model and data assimilation (for more detail145

refer to Cortés and Margulis, 2017; Magnusson et al., 2014). We prefer these local products over global ones such as ERA5

(Hersbach et al., 2020) because of their reliance on observations and high horizontal resolutions (approximately 5x5 km2 for

CR2Met and 2x2 km2 for RhiresD) that enable a better representation of precipitation patterns in the complex topography

of our studydomain
:::::::
domains. Further, these products have been widely used for hydrological studies in Chile (e.g., Vásquez

et al., 2021; Alvarez-Garreton et al., 2021; Araya et al., 2023) and Switzerland (e.g., Peleg et al., 2020; Fatichi et al., 2015;150

Tuel et al., 2022). Stream�ow records available through the CAMELS datasets were acquired from the national agencies

in each country (i.e., the General Directorate of Water of Chile - DGA and the Swiss Federal Of�ce for the Environment

- FOEN).
::
We

::::::::
compute

::::::::::
topographic

::::::::::::
characteristics

::::
and

::::::::::
hypsometric

:::::::
curves,

:::::
which

::::
are

::::::
needed

::
to

:::
set

:::
up

:::
the

:::::
snow

::::::::
routines,

::::
using

:::
the

:::::::::
catchment

:::::::
outlines

::::
from

::::::::
CAMELS

::::
and

:::
the

::::::::::::::::::
Multi-Error-Removed

::::::::::::::
Improved-Terrain

::::::::
(MERIT)

::::::
digital

:::::::
elevation

::::::
model

:::::::::::::::::::
(Yamazaki et al., 2019).

:
Additionally, we retrieve time series of actual evapotranspiration (ET)andsoil moisture(SM) from the155

satellite
::::
from

:::
the

:::::::
satellite-

:
and reanalysis-based GLEAM v3.8a dataset (Miralles et al., 2011),

:::::
which

:::
are

:
spatially aggregated

to the catchment scale. Wecomputetopographiccharacteristicsandhypsometriccurves- neededto setup thesnowroutines-

5




