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Abstract

Hydrological models often do not properly simulate streamflow (Q) during extreme events, including
droughts. Limited abilities in simulating @ during droughts may arise from a misrepresentation of
@ generating processes during these periods, but little research has focused on distributed, process-
based models over human-affected areas and extreme events. To shed more light into model consistency
during these periods, we evaluated the ability of the hydrological model Continuum in simulating @
over the human-affected Po river basin in Italy during droughts of different severity over the last 13
years, including the severe 2022 event. To investigate the causes for potential model deterioration during
severe droughts, we assessed the simulation of evapotranspiration (ET) and Terrestrial Water Storage
(TWS) against independent remote sensing-based benchmarks, and possible inconsistencies in forcing
and benchmark data. Finally, we included a moderate drought in the calibration period, as potential
strategy to improve model performances during severe droughts. The model represented well @ (KGE
= 0.81 for the outlet of the basin), ET (r = 0.94) and TWS (r = 0.76) over the whole study period.
Focusing on @ and specific sub-periods, model performances were comparable during wet years (2014
and 2020) and moderate droughts (2012 and 2017), with KGE across the 38 study sub-catchments of
0.59+0.32 (mean + standard deviation) during wet years and 0.554+0.25 during moderate droughts. The
model simulated @ well for the outlet section of the basin also during the severe 2022 drought (KGE =
0.82). However, performances across the sub-catchments declined in 2022 (KGE = 0.18%0.69). For the
severe drought, we detected a decrease in model performances for ET, in particular over human-affected
croplands (mean decrease in r by 105% and mean increase in nRMSE by 86%). Furthermore, calibrating

during a moderate drought did not improve model performances in 2022 (KGE = 0.184+0.63), pointing
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to the fairly unique conditions of this period in terms of hydrological processes and human interference
on them. Our study highlighted decreased model skills specifically during a severe drought and identified
the neglection of irrigation as the most plausible cause for this. Given projected increases in severe
droughts and the frequent modelling simplification of human activities, despite their heavy interference
in many regions, our findings are highly relevant to move towards more robust hydrological modelling in

a changing climate and the Anthropogenic era, to support management and adaptation strategies.

Keywords

hydrological modelling; droughts; human-water interactions; irrigation; evapotranspiration; storage

1 Introduction

Droughts propagate from precipitation deficits (meteorological droughts) to streamflow deficits (streamflow
droughts), by affecting all components of hydrological systems [1], and resulting in severe and multifaceted
impacts on the environment, societies, and economies [2]. The frequency, severity, and duration of streamflow
droughts will likely increase in a warming climate, with increasing impacts as well [3]. Therefore, robust
modelling of water availability throughout the whole hydrological cycle during droughts is essential today to
inform water management, disaster risk reduction, and climate change adaptation strategies.

Distributed process-based hydrological models allow spatial estimates of hydrological fluxes and states
[4], even at large scales and hyper-resolutions (< 1 km [5]). Climate impact assessments [6, 7, 8], drought
monitoring [9, 10, 11] and forecasting systems [12, 13, 14], and drought studies in general [15, 16, 17] widely
use these models today. Yet, some studies revealed poor model performances when simulating streamflow
droughts [18] and their generating processes [19]. Furthermore, human activities heavily modify the hydro-
logical cycle [20] and streamflow droughts [21] at present, but their representation in hydrological models
remains challenging [22].

Many hydrological models show decreases in streamflow (@) performance during climatic conditions that
differ from those of the calibration period [23, 24, 25] and this poses challenges during particularly severe
droughts [26]. While some studies demonstrated the ability of distributed process-based hydrological models
in reproducing dry conditions [27, 16], research on their robustness during severe droughts is still limited.

Previous studies revealed that decreased model performances in () simulation during severe droughts
may be related to poor simulation of actual evapotranspiration (ET, [28]) or Terrestrial Water Storage
(TWS, i.e., in the groundwater, soil moisture, surface water bodies, snow, and ice storages, [29, 30]). For

instance, [28] showed that a semi-distributed hydrological model had statistically significant decreases in Q
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and ET simulation during the 2012-2016 drought over a Californian river basin, but not in the simulation of
subsurface storage; thus, they argued that the misrepresentation of ET, and its climate elasticity in particular,
drove the deterioration in @ modelling skills. [30] found that in Australian catchments where common lumped
conceptual models simulated @ poorly during the Millennium drought, the models also failed in reproducing
long-term decline in storage. This indicates that evaluating hydrological models against multiple hydrological
fluxes and states represents a way to analyze causes of poor model performances and hence move towards
more robust modelling [31]. ET and TWS remote sensing-based products can be particularly useful for
distributed model evaluation [32, 33] as they allow to check also the spatial representativeness of models.
Nonetheless, model evaluations during severe droughts using spatially distributed ET and TWS remote
sensing-based products is still rare in the literature.

Finally, some studies suggested that including dry periods in the calibration can improve @ simulation
during droughts [24, 16], but the validity of this for severe droughts beyond the calibration conditions still
remains open [28].

To contribute to filling these knowledge gaps, we aimed to answer three research questions: (i) does @
simulation performance deteriorate with increasing drought severity for a distributed process-based hydro-
logical model?; (ii) if so, what are the causes for the decrease in @ simulation performance during severe
droughts?; (iii) does including a moderate drought in the calibration period improve model skills during
severe droughts?

For this purpose, we analyzed the performance of the hydrological model Continuum [34] over the Po
river basin in northern Italy during the flood- and drought-rich period September 2009-August 2022. We
calibrated the model against @ data and evaluated the model capability in reproducing the spatio-temporal
variability of @, ET, and TWS for the entire basin and 38 sub-catchments, during wet years and droughts

of varying severity, by using independent ground- and remote sensing-based benchmarks.

2 Data and methods

2.1 Study area

For this study, we selected the Po river basin, as a drought-prone area [35, 36, 37, 38], and major catchment
in Italy for drainage area (around 74000 km?) and socio-economic relevance with 27% of Italian population,
35% of agricultural production, and 37% of industrial production [39].

The Po river basin lies in northern Italy and part of the Swiss Canton Ticino region (Figure 1). The Alps

border the basin in the west and north, and the Apennines in the south, while the Po plain characterize its
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central part. Consequently, the basin shows a steep orographic gradient and elevations range from sea level
to about 4800 m above sea level [40] (Figure 1a).

The climate in the area transitions from alpine and cold, with a bimodal annual precipitation cycle and
peaks in autumn and spring, to temperate with a dry season and most of the precipitation (P) in winter
[41, 42] (Figure 1b). Snow contribution to streamflow (@) is relevant especially at high elevations in the
northern and western part of the basin, where the mean annual ratio between peak snow water equivalent
and annual @ can exceed 60% [43]. Subsequently, @ has usually two peaks, one in autumn for heavy rainfall
events and one in spring for rainfall events and snowmelt, and a low-flow period during summer.

As a result of topographic and climatic characteristics, a variety of land cover types characterize the basin
(Figure lc): transitions between bare soil, grassland, and forests following the elevational gradient in the
mountainous parts, shrubland in the temperate and dry areas in the southwestern part, and cultivated and
urban areas in the central lowlands [44]. In addition to three major lakes, around 180 multi-purpose reservoirs
alter the flow in the basin [39]. Anthropogenic water withdrawals for irrigation, industrial, and drinking water
uses from surface- and ground-water further affect the hydrological cycle in the area. Irrigation accounts the
most among the water uses (60%), responsible for water withdrawals of around 17*10° m3year—! (i.e., 5%
of mean annual precipitation), mainly from surface water and with further increases by up to 15% during

droughts [39].
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Figure 1: Overview of the study area: maps with (a) elevation, (b) climate, (¢) land cover types, and (d)
location of the model domain, modelled river network (dark blue line), and study sub-catchments outlets
(grey dots, with black edge if used in model calibration, Section 2.4.2). For data sources please refer to Table
S1.
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2.2 Hydrological modelling

The hydrological model Continuum [34] is an open-source continuous and grid-based hydrological model
(https://github.com/c-hydro). It simulates the main hydrological processes in a process-oriented but parsi-
monious way, by solving the mass and energy balances with up to 8 calibration parameters [34, 45, 46]. The
model also includes optional modules to simulate flow regulation by natural and man-made reservoirs, and
other hydraulic infrastructures (water withdrawals and releases), with additional parameters to this end.
Continuum does not explicitly represent irrigation fluxes currently.

Here we set up the model to simulate snow accumulation and melting, vegetation interception, energy
fluxes and evapotranspiration (ET), subsurface water dynamics, major reservoirs, and surface flow routing
[47]. In Figure S1 we provided a scheme of the model configuration, along with model fluxes and states. The
snow accumulation and melting module relies on mass conservation and a hybrid approach for snowmelt,
which couples a radiative term with a temperature-driven one [45]. Vegetation interception is simulated
through an empirical equation, [34] and references therein. The dynamics of water in the soil is modelled
through an adaptation of the Horton equation and in the groundwater by a modification of the Darcy law,
[34] and references therein. The surface flow routing scheme is based on a Manning-type equation [46]. We
refer the reader to [34] for details on the model, [45] on its snow module, and [46] on the surface flow routing
scheme.

In this work, we run Continuum on a regular grid at 0.009° resolution (for a total of 212901 grid cells) and
1 hour time step [47] over the hydrological years 2009-2022, with the first year as warm-up period. Please
note that throughout the manuscript we referred to hydrological years, spanning from August to September,

rather than calendar years.

2.3 Data
2.3.1 Model input data

In this work, we used the same model setup as [47], to which we refer for details on the input datasets
required by the model (Table S1).

As forcing data, we used P maps from the Modified Conditional Merging (MCM) algorithm [48]. Over the
study area, MCM blends data from 1377 P gauges and radars from the Italian Civil Protection Department
(DPC) [47], and outperformed gauge-only [48] and satellite products [47]. For the other meteorological vari-
ables required by the model (air temperature, relative humidity, wind speed, and shortwave solar radiation),
we used maps interpolated from ground-based data provided by DPC [47].

We further used information from DPC and a global product for dams [49] to derive the parameters
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required for the representation of reservoirs in the model (Section 2.2).

2.3.2 Data for model calibration and evaluation

For model calibration and evaluation, we exploited a set of independent ground- and remote sensing-based
datasets (Table S1). For @, we used quality-checked daily mean @) time series for 38 sub-catchments in the
Po river basin (Figure 1) from DPC and Italian regional hydrometeorological offices [47, 50]. We selected
the study sub-catchments according to data availability (maximum 6 months of missing data). These sub-
catchments reflect the variety of topographic, climatic, and land cover characteristics in the study area (Table
S2).

For ET, we applied the METv2 product by the Land Surface Analysis of the EUMETSAT Satellite
Application Facility (LSASAF) [51, 52]. The LSASAF product provides gridded ET estimates by exploiting
data from the Meteosat Second Generation satellite at a spatial resolution of 3.1 km at the sub-satellite
point and at a temporal resolution of 1 hour. It derives ET estimates from a surface energy model, based on
the Soil-Vegetation-Atmosphere-Transfer scheme described in [51], and remote-sensed data. We chose this
product since it showed reasonable agreement with alternative gridded ET products and eddy-covariance
data over Italy during droughts [50]. We used the LSASAF product as benchmark of simulated ET for
catchment- and regional-scale analyses (Section 2.4.3), by retaining only those days with more than 75% of
hourly data available.

Finally, we employed TWS data from the Gravity Recovery And Climate Experiment (GRACE) and
GRACE Follow-On (GRACE-FO) missions, henceforth GRACE data. GRACE launch was in April 2002
and its dismissal in June 2017, whereas GRACE-FO is operational since May 2018. These missions consist
of two twin satellites measuring variations in distance between them and, thus, in the Earth’s gravity field.
Consequently, GRACE data provide estimates of changes in mass over a certain area from which variations
in TWS can be derived. As GRACE data, we used the recently developed mass concentration (MASCON)
solution, as it is particularly suited for hydrological applications compared to the traditional spherical har-
monics solution [53]. MASCON does not require any significant postprocessing, while minimizing errors due
to the leakage of the signal from land to oceans. We processed the latest products of GRACE MASCONS
(release 06) from the Center for Space Research at the University of Texas (CSR) [54, 55], the NASA Jet
Propulsion Laboratory (JPL) [56, 57], and the NASA Geodesy and Geophysics Research Laboratory (GSFC)
[58] at monthly temporal resolution, and spatial resolutions of 1° for CSR and GSFC products and 0.5° for
the JPL product. We regridded, using a nearest neighbour approach, the three products to a common grid
of 0.5° spatial resolution. Then, we considered the mean among them to reduce the uncertainties associated

with specific GRACE products [59]. GRACE data provide anomalies regarding the period 2004-2009, there-
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fore we converted them to anomalies over the study period by subtracting their long-term means [59]. Due
to the coarse spatial resolution of GRACE data and the relatively small drainage area for most of the study
sub-catchments (Table S2), we used GRACE data only for a catchment-scale analysis at the outlet section

of the basin (drainage area = 72545 km?).

2.3.3 Potential data inconsistencies

Inconsistencies in the data used to force and evaluate the model can affect the outcomes of model evaluations
[32]. We quantified these potential inconsistencies at annual scale through the observed water imbalance

(P-Q-ET-TWSC, with TWSC as change in TWS between the end and the beginning of the hydrological

year).

2.4 Analyses
2.4.1 Experimental design

We performed two calibration-evaluation experiments (Table 1) to study (i) model performances over varying
wetness conditions and (ii) whether including a moderate drought improved model robustness to severe
droughts. For each calibration experiment, we evaluated model performances during the whole study period
and periods with contrasting climatic conditions.

We characterized the climatic conditions for the study sub-catchments in terms of their annual P stan-

dardized anomalies according to Equation 1:

(1)

where P is the mean and op the standard deviation of annual P over the study period. We defined wet
(or dry) years as those years with positive (or negative) annual P standardized anomalies for most of the
study sub-catchments (Figure S2). Further, we referred to dry years as droughts, and we defined them as
moderate or severe in terms of decreasing annual P standardized anomalies (Table 1).

We first calibrated the model during the years 2018 and 2019 which represented average conditions
regarding annual P (calibration 1), and we evaluated model performances over the whole study period, the
wet years 2014 and 2020, the moderate droughts 2012 and 2017, and the severe drought 2022 (Sections 3.2
and 3.3). Then, we calibrated the model during a moderate drought (calibration 2, over the years 2016 and

2017) and we repeated the model evaluation, with particular focus on the severe drought (Section 3.4).
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Table 1: Calibration and evaluation periods, and their climatic characteristics in terms of annual P stan-
dardized anomalies across the study sub-catchments (mean + standard deviation). Years reported here refer
to hydrological years rather than calendar years. For the evaluation over the whole study period, we reported
averages annual anomalies across the study sub-catchments.

Purpose Climatic conditions Period Annual P standardized anomalies [-]
Calibration 1 average conditions 2018; 2019 -0.1140.52; 0.34+0.42
Calibration 2 | including a moderate drought | 2016; 2017 -0.5640.31; -0.85+0.61

Evaluation wet years 2014; 2020 1.1440.6; 1.48+0.34
Evaluation moderate droughts 2012; 2017 -0.840.39; -0.85+0.61
Evaluation severe drought 2022 -1.684+0.43
Evaluation whole study period 20102022 1.02e-16+0.46

2.4.2 Model calibration

We deployed a multi-site calibration procedure to calibrate the model against @ data, following [47] for the
calibration approach and the selection of calibration sub-catchments (18 sub-catchments, dots with black
edges in Figure 1). For calibration, we used 2-year periods, with the first 6 months for model warm-up
and the remaining 1.5 years for calculating model performances. We did not choose a longer calibration
period due to computational reasons, in agreement with previous works using the same model [48, 47] and
distributed models [60]. We calibrated four model parameters (Figure S1 and Table S3): the Curve Number
(CN), the field capacity (c;), the infiltration velocity at saturation (cf), and a parameter regulating the
baseflow from the groundwater storage (ws). CN, ¢, and ¢f are spatially distributed parameters, while
wy is lumped for the whole model domain. We set the first guess parameters from (i) global maps of soil
characteristics [61] and land cover [44] for CN, ¢, and ¢, and (ii) expert knowledge for ws (Table S3 and
Figure S3). We then used an iterative parallel search algorithm [47] to optimize scaling factors for these
first guess parameters. This procedure allowed to preserve the spatial patterns of the first guess parameters
while minimizing a cost function. To this end, the algorithm iteratively explores the parameter space with
a Gaussian Latin hypercube sampling strategy [62] and uses the point which minimizes the cost function
at each iteration as center for the subsequent sampling. Here we set N = 50 as number of samples (i.e.,
model runs) at the first iteration and then reduced this number by 20% at each iteration for computational
efficiency. We further set the convergence of the algorithm as an improvement <1% in the cost function
compared to the previous iteration. We based the cost function on a sum of Kling-Gupta Efficiency (KGE
[63]) on the daily @ of each calibration sub-catchment, weighted with the logarithm of the sub-catchment
area, to give more emphasis to the downstream sub-catchments [47]. The KGE is an aggregated measure of

the agreement in timing, magnitude, and variability between simulations and observations (Equation 2):

KCE=1-/(r— 12+ (51 + (7 - 1)? (2)
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where 7 is the Pearson’s correlation coefficient (timing component), 5 is the ratio between simulated and
observed means (bias component), and + is the ratio between simulated and observed coefficients of variation
(variability component). KGE has an optimal value = 1, for each component as well, and no-skill threshold
over mean flow as predictor at -0.41 [64]. We used the KGE, instead of other metrics tailored specifically
to low-flows [65] for instance, because we intended to evaluate a model set up for general hydrological
applications, such as climate impact assessments, and not to optimize the low flows at the expense of other

@ regimes. We reported the KGE from the two calibration experiments in Table S4.

2.4.3 Model evaluation

We evaluated model performances in reproducing the temporal variability of @), catchment-average ET, and
catchment-average TWS anomalies at monthly time scale, which is the temporal resolution of GRACE data.
To evaluate model skills for TWS, we reconstructed the simulated states in model storages, i.e., from the
water volumes in the snow, vegetation, surface water, soil, and groundwater storages (Figure S1). We then
computed the TWS anomalies by subtracting the long-term mean for the simulation period. Additionally,
we evaluated where deviations between the model and the remote sensing-based ET product locate in a
regional-scale analysis, by computing pixel-wise deviations on normalized fluxes. Since ET and TWS are
highly seasonal, we indeed evaluated model capability in simulating their seasonality (i.e., monthly mean
values) and deviations from it (i.e., monthly standardized anomalies) [32]. We computed the monthly
standardized anomalies (Zanom) as the anomalies relative to the monthly climatology (Equation 3):
z(t) — Z

Ranom (tz) = (3)

Oy,

where z is the value at each time step, Z; and o, are the long-term mean and standard deviation for
month <.

We evaluated the model capability in simulating long-term changes as well, even though only in a quali-
tative way, through 24-month means, since we considered the study period too short for trend detection.

As performance metrics, we used the KGE and its components (Section 2.4.2) for @), and the Pearson’s
correlation coefficient (r, with » € [-1, 1] and 1 as optimal value) and the normalized Root Mean Square

Error (n\RMSE) for ET and TWS standardized anomalies. We computed nRMSE according to Equation 4:

% Zilil(XSim,i - Xobs,i)2

(274

nRMSE = \/ (4)

obs

where Xgm i is the simulated variable at time step i, Xons; the observed, ox_,. the observed standard
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deviation, and N the number of time steps, leading to nRMSE € [0, +00) and 0 as optimal value [66]. We
normalized the RMSE to allow a fair comparison among sub-catchments/grid cells that may have different
observed ranges. For normalizations, we used the standard deviation rather than the mean to avoid numerical
issues when the latter is close to zero, as it is often the case for TWS anomalies.

To identify statistically significant differences across the evaluation periods, we used a two-sample t-test

for the mean across the study sub-catchments (p < 0.01).

3 Results

3.1 Hydroclimatological conditions during droughts

Three droughts occurred in the study area over 2010-2022, namely in 2012, 2017, and 2022 - which extended
to 2023 [67] -, as depicted by annual P standardized anomalies (Table 1 and Figure S2) and reported by
[35, 36, 37, 38]. Low winter P characterized the three events (Figure 2a). However, duration and severity of
low P values differed among the events, with moderate annual P standardized anomalies in 2012 and 2017,
and severe anomalies in 2022 (Table 1). During the three events, the meteorological drought propagated
rather differently through the hydrological cycle (Figure 2). For 2012 and 2017, the LSASAF product showed
higher-than-usual ET during spring (Figure 2b), but lower-than-usual ET during summer (integrated over
the entire basin, August ET = 52 mm month™! in 2012 and 46 mm month™! in 2017 compared to a
climatology of 71415 mm month™!, with climatology expressed as the mean + standard deviation over the
study period 2010-2022). On the contrary, the ET product showed higher-than-usual values during the 2022
drought (Figure 2b, July ET = 124 mm month~! compared to a climatology of 87418 mm month=!). TWS
was within the climatology in 2012 and 2017, whereas it was already low at the beginning of 2022 (Figure
2¢, September TWS anomaly = -92 mm compared to a climatology of -584+37 mm) and during summer it
reached the minimum value over the whole study period (August TWS anomaly = -158 mm compared to a
climatology of -54456 mm, Figure 2¢). As a result, @ showed moderately low values throughout 2012 and
2017 (Figure 2d, July @ = 18 mm month~! in 2012 and 25 mm month~! in 2017, compared to a climatology
of 30413 mm month~1), while it experienced lower-than-usual values during most of 2022 (July Q = 9 mm
month~1). In summary, hydroclimatic conditions during the 2022 drought were extraordinary for the study
period, characterized by severe P deficits during most of the year, positive ET anomalies during summer,

low TWS levels throughout the entire year, and consequently strong negative () anomalies [68].

10
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Figure 2: Hydroclimatic conditions during the study period: observed monthly climatology (mean + standard
deviations over 2010——2022) and monthly values during drought years, for the basin outlet (Pontelagoscuto)
for P (a), ET (b), TWS (c), and @ (d).

3.2 Model evaluation for streamflow during droughts of varying severity

Model performances for @ were comparable during wet years, moderate droughts (Figure 3a, b, and d),
and the whole study period (Table S3) for the model calibrated during average climatic conditions (Section
2.4.2). Across the sub-catchments, mean KGE (+ 1 standard deviation) was equal to 0.59(£0.32) during

wet years, 0.55(£0.25) for moderate droughts, and 0.7(£0.19) over the whole study period. At the basin

11
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outlet Pontelagoscuro, the model represented properly the slight decline in @ since autumn 2019 and the
low @ values during the severe 2022 drought (KGE = 0.82, Figure 4a).

Nonetheless, model performances across the study sub-catchments showed a decrease during the severe
2022 drought (KGE = 0.184+0.69, Figure 3c and d). Even though the model preserved some skill over the
climatological mean [64], performances were low especially in the evaluation catchments and in terms of bias
with a general overestimation of @ (Figure S4, § = 1.37£0.75). The other components of KGE (r and +) did
not change significantly between moderate droughts and the severe drought (Figures S5 and S6). Therefore,
we investigated the simulation of ET and TWS, and potential inconsistencies in observed data as possible

culprits for @ overestimation during 2022 (Section 3.3).

wet years moderate droughts
1.0 1.0
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0.6 0.6
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-1.0 T : !
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Figure 3: Streamflow (@) model performances for the model calibrated during average climatic conditions
(Section 2.4.1): KGE values on monthly @ during wet years (a), moderate droughts (b), and the severe
drought (c) for each study sub-catchment, and their distributions as boxplots (d) grouped by calibration
(full colours) and evaluation (light colours) sub-catchments.

3.3 Potential causes for streamflow overestimation during the severe drought

The model generally performed well for ET during the whole study period and moderate droughts, but
less during the severe drought. Integrated over the entire basin, the model simulated properly both ET
monthly values (r = 0.94 and nRMSE = 0.36 over the whole study period, Figure 4d) and seasonality
(r = 0.99 and nRMSE = 0.18 for monthly mean ET, Figure 4e), although it overestimated slightly ET
during winter and spring, and it simulated an earlier ET peak in summer (Figure 4e). The model performed
less well in simulating ET deviations from seasonality, with » = 0.52 and nRMSE = 0.98 for monthly ET

standardized anomalies over the whole study period (Figure 4f). Across the study sub-catchments, the
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simulation of monthly ET standardized anomalies was skillful during moderate droughts (mean r = 0.81
and mean nRMSE = 0.68, Figure 5a and d), but it deteriorated significantly during the severe drought (mean
r = 0.05 and mean nRMSE = 1.61, Figure 5b and e). Performance decreases for monthly ET standardized
anomalies during the severe drought were not uniform throughout the model domain (Figure 6b and e) and
showed a clear pattern with land cover. Model deterioration was particularly strong for croplands, mostly
located in the central part of the domain (Figure 1c), with mean r = 0.59 and mean nRMSE = 0.93 across
the crop cells during moderate droughts, and mean r = -0.03 and mean nRMSE = 1.74 during the severe

drought (Figure 6¢ and f).

Po at Pontelagoscuro
r = 0.92, NRMSE = 0.47 r = 0.91, NRMSE = 0.48 r = 0.89, NRMSE = 0.47
2007 D) 3

ith mean 24
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N o9
5 3

r =0.99, nRMSE = 0.18 r = 0.52, nRMSE = 0.98

‘ 1201 €

ET [mm]
ET anomaly [-]

r = 0.66, NRMSE = 0.81

TWS [mm]
TWS anomaly [-]
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Figure 4: Model evaluation for catchment-average streamflow (@), evapotranspiration (ET), and Terrestrial
Water Storage (TWS) anomalies for the basin outlet (Pontelagoscuro): time series of benchmark (black) and
simulated (red) Q (first row), ET (second row), and TWS (third row) monthly values and 24-month rolling
means (first column), monthly means (second column), and monthly standardized anomalies (third column).
Shading in panels (a), (¢), (d), (f), (g), and (i) refers to moderate and severe droughts, while shading in
panels (b), (e), and (h) corresponds to + one standard deviation in monthly values.

Over the entire basin, the model represented well the decline in TWS over the recent years (Figure 4g),
as well as TWS seasonality with the refilling of storage in autumn and winter, and its depletion in spring
and summer (r = 0.91 and nRMSE = 0.41, Figure 4h). The model simulated properly the negative storage
conditions in autumn 2021 (simulated TWS standardized anomaly = -0.66 and observed = -0.6 in September
2021, Figure 4g) and it overestimated slightly TWS during the depletion phase (simulated TWS standardized
anomaly = -1.4 and observed = -1.9 in August 2022).

Potential inconsistencies in observed data, as quantified by the observed water imbalance, did not differ
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Figure 5: Model performances for the simulation of catchment-average evapotranspiration (ET): r and
nRMSE on monthly ET standardized anomalies over moderate droughts (a and d) and the severe drought (b
and e) for each study sub-catchment, and errors distributions as boxplots (¢ and f), grouped by calibration
(full colours) and evaluation (light colours) sub-catchments.
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Figure 6: Spatially distributed model performance regarding the simulation of evapotranspiration (ET):
maps of pixel-wise 7 and nRMSE on monthly ET standardized anomalies over moderate droughts (a and d)
and the severe drought (b and e), and errors distributions as boxplots per each land cover type (¢ and f).
Water bodies and urban areas were excluded from the comparison. Model outputs were rescaled by bilinear
interpolation to the resolution of the LSASAF product for comparison.
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significantly between the moderate 2012 drought (2017 event excluded due to missing TWS data) and the
severe 2022 drought (r = 0.77, Figure S7). Across the study sub-catchments, the observed annual imbalance
was 694234 mm in 2012, 51£202 mm in 2022, and 108£244 mm on average over the whole study period.

3.4 Impact of calibration period on model performances during the severe

drought

Including a moderate drought (the 2017 event) in the calibration period did not improve model skills during
the severe drought (2022). Model performance during calibration was similar during both calibration ex-
periments (Section 2.4.1), with a mean KGE across the calibrated sub-catchments = 0.58 for calibration 1
and 0.44 for calibration 2 (Table S4). Also for the model calibrated during a drought, @ simulation perfor-
mances across the study sub-catchments deteriorated significantly during the severe 2022 drought compared
to model skills during moderate droughts (KGE = 0.5+0.27 during moderate droughts vs 0.18+0.63 during
the severe drought, Figure 7c). Furthermore, the model calibrated during a moderate drought showed issues
in simulating monthly ET standardized anomalies in the croplands during the severe drought, with mean r
= -0.11 and mean nRMSE = 1.78 across the cropland model cells (Figure 7f and i), similarly to the model

calibrated during average climatic conditions.

4 Discussion

4.1 Main findings in context

We investigated the skills of the distributed and process-based hydrological model Continuum in simulating
streamflow (@) under droughts of varying severity over the Po river basin in Italy, we explored possible
causes for the decrease in model performances we detected for the severe 2022 drought, and we tested the
benefit of including a moderate drought in the calibration period.

Over the whole study period, we achieved a satisfactory ) simulation even in a heavily human-affected
area (mean KGE = 0.7 across the 38 study sub-catchments, Table S4), consistently to [47] who applied
the model over the study area previously. Focusing on specific climatic periods, we found that Continuum
represented @) reasonably well during moderate droughts such as the 2012 and 2017 events (KGE = 0.5540.25,
as mean =+ standard deviation across the sub-catchments, Figure 3b). During the severe 2022 drought, the
model simulated @ still reliably for the basin outlet (KGE = 0.82), which had the highest weight in the
calibration procedure (Section 2.4.2). However, we revealed a decrease in model performances across the

other study sub-catchments during 2022 (KGE = 0.18+0.69, Figure 3c), with a general overestimation of
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Figure 7: Summary of model performances for the model calibrated during a drought: KGE values on
monthly @ over moderate droughts (a) and the severe drought (b) for each study sub-catchment, their dis-
tributions as boxplots (c) grouped by calibration (full colours) and evaluation (light colours) sub-catchments,
maps of r and nRMSE on monthly ET standardized anomalies over moderate droughts (d and g) and the
severe drought (e and h), and errors distributions as boxplots per each land cover types (f and i). Water
bodies and urban areas were excluded from the comparison. Model outputs were rescaled by bilinear inter-
polation to the resolution of the LSASAF product for comparison.

@ (Figure S4). On the one hand, our results showed the ability of Continuum in simulating @ during
moderate droughts, even for a model variant calibrated during average climatic conditions (Section 2.4.1).
[27] found indeed that a distributed hydrological model outperformed lumped and semi-distributed models
in their transferability outside the climatic conditions of the calibration period. On the other hand, we
found an overestimation of @ across the study sub-catchments during the 2022 event that points to room
for possible model improvement during severe droughts, as reported also by studies for conceptual models
during prolonged and particularly severe droughts, such as the Millennium Drought in Australia [26] and
the Californian multi-year drought between 2012 and 2016 [28].

Focusing on the overestimation of @ during the severe drought, potential causes for this could be (i)
an underestimation of simulated ET, (ii) an overestimation of simulated TWS contribution to @, and (iii)
inconsistencies in the data used to force/evaluate the model. We indeed found that model capability in
simulating spatial and temporal variability of ET decreased significantly during the severe drought compared
to moderate droughts, especially in the human-affected areas with mean r = -0.03 and mean nRMSE = 1.74

across the croplands in 2022 (Figure 6). An overestimation of simulated TWS contribution to @ could
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arise from an (under-) overestimation of the (final) initial storage conditions. We showed that the model
overestimated slightly TWS over the basin both at the beginning and the end of 2022 (Figure 4g), and thus
it underestimated slightly its contribution to (), rather than overestimating it. Finally, inconsistencies in
observed data could stem either from an overestimation of P or an underestimation of ), due to increased
uncertainty in the measurements under extremely low flow conditions [69] for instance. A slightly positive
observed imbalance could contribute to an overestimation in  for some sub-catchments, but we did not
detect any systematic increase across the study sub-catchments during 2022 compared to the moderate 2012
drought (observed imbalance between ingoing and outgoing water fluxes = 694234 mm in 2012 and 514202
mm in 2022, Figure S7). Therefore, we identified the misrepresentation of ET - and its underestimation in
particular (Figure 4) - as the main cause for @ overestimation during the severe drought. Previous studies
showed indeed that a poor ET simulation can hamper @ simulation during severe droughts [28], and ET
has a prominent role particularly during severe and prolonged events [70, 71]. Specifically for the 2022
drought over the Po river basin, [68] found that the summer @ deficit was the most severe over the past two
centuries and part of a declining trend in low flows (see also Figure 4a) which they related to changes in P
seasonality, and increases in ET and irrigated areas. Thus, they argued ET and human activities as potential
drivers of the 2022 drought and land use changes as a driver of changes in ET. [72] further showed increases
in ET in the region over the last two decades from an ensemble of remote sensing-based products and
they mainly attributed them to climatic changes, in particular to increases in the atmospheric evaporative
demand. While proper attributions of the @ deficit in summer 2022 and the increases in ET over recent
years to their multiple potential drivers, including human activities, would require high-resolution data on
water withdrawals for irrigation which are currently not available [68], model difficulties in representing ET
during 2022 may further point to positive ET anomalies as one of the factors contributing to the severe 2022
drought over the Po river basin. Specifically, the model misrepresentation of ET during this event could
derive from (i) the model neglection of irrigation, which could have strongly increased water availability
for ET during the exceptionally dry and warm summer 2022 [38], and (ii) uncertainties in model structure
and parameterization for water-limited ET conditions. This latter cause would be also in line with the
earlier ET suppression we detected in the simulated ET annual cycle compared to the one from the remote
sensing-based ET product (Figure 4e).

Including a moderate drought (the 2017 event) in the calibration did not lead to an improvement in @
nor in ET during a severe drought (the 2022 event), with KGE = 0.18+0.63 for @ across the study sub-
catchments, and mean r = -0.11 and nRMSE = 1.78 for ET across the croplands in 2022 (Figure 7). This
points to the uniqueness of hydroclimatological conditions and human-water interactions over the study area

for the 2022 [68]. It further suggests that enhancements in the representation of these processes in the model,
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rather than in model parameterization, could be beneficial to improve the simulation during severe droughts.
[16] tested different calibration strategies for an ecohydrological model for the modelling of the 2018-2019
German drought in an experimental catchment and they reported an improvement in model performances
by including the drought in the calibration period, compared to those from an alternative calibration period.
While acknowledging that different experimental designs, study areas, models, and calibration procedures
could lead to partly contrasting results, our findings complement those from [16], by demonstrating that
calibrating during a drought may not be sufficient to ensure model transferability to a different and more

severe drought.

4.2 Implications for hydrological modelling in a changing climate and the An-

thropogenic era

The outcomes of this study have relevant implications for operational applications and scientific develop-
ments. A satisfactory representation of () timing, even during a severe drought (Figure S5), is encouraging
for drought monitoring tools for instance, whereas the overestimation of @ during the severe 2022 drought
could stand for a potential underestimation of the severity of predicted extreme droughts in climate impact
assessments. By identifying most plausible causes for this @ overestimation during the severe drought, our
results set directions for future research to increase model robustness also during severe events (Section 4.3).
Recent literature revealed that a changing climate may exacerbate the occurrence of severe and prolonged
droughts [17]. Thus, our results are highly relevant in a changing climate.

Furthermore, many regions experience heavy human interference on the hydrological cycle today, via
flow regulation and water withdrawals for instance [20], similarly to the Po river basin. However, these
activities are generally neglected or highly simplified in hydrological models [22], mostly due to the difficulty
to obtain data on them at large scales. Global-scale products on major reservoirs, such as those provided by
[49], allow to represent flow regulation in hydrological models, even though in a simplified way. Yet, water
withdrawals, including those for irrigation, are generally neglected, especially in catchment hydrological
models. By identifying the neglection of irrigation in the model as a possible cause for ET underestimation
and the consequent @ overestimation during the severe 2022 drought over the Po river basin, our study
highlights the need for improvements in the representation of human activities in hydrological models to

move towards more robust simulations during severe droughts in the Anthropogenic era (Section 4.3).
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4.3 Future directions

Our study area encompassed a variety of climates and land cover types (Figure 1), and our study period
included droughts of various severity (Figure 2). Nevertheless, our results referred to a particular model over
a specific region and specific drought events. Intercomparison studies over different areas and events would
help to generalize our conclusions.

In this work, we showed the usefulness of remote sensing-based products as benchmarks for distributed
models to unravel their potential pitfalls. However, ET and TWS retrieval through remote sensing still
presents challenges, as we cannot measure ET directly and we can derive TWS anomalies only at large
scales. Therefore, part of the model errors we identified may be attributable to the benchmark datasets used
for model evaluation. For TWS, we applied the mean of three latest GRACE products (Section 2.3.2) to
take into account uncertainties [59]. As ET dataset, we exploited the LSASAF product, which showed skilful
performances over the study area, even during droughts [50]. Benchmarking the model against alternative
additional datasets for ET or other variables, such as soil moisture and snow, would be beneficial to further
assess model internal consistency during droughts.

Multivariable calibration can be helpful to improve model internal consistency [73, 74|, also during low-
flow periods [75] and droughts [16]. [16] for example showed that including tracer data in the calibration
of an ecohydrological model increased process consistency during the 2018-2019 drought in Central Europe.
Here we calibrated the model against @ data only (Section 2.4.2). Given the satisfactory performances we
achieved for ET during moderate droughts, we argue that a multi-variable calibration approach will probably
not enhance significantly model performances outside the calibration conditions. [76] showed that a multi-
objective calibration with @) data aggregated at different time scales improved @ transferability outside the
calibration conditions for a distributed model in a German medium-sized basin. Future work could test
similar multi-objective or multi-variable approaches, in the latter case by possibly exploiting spatial metrics
(see e.g., [73]) to consider also spatial information on additional hydrological fluxes or states.

Human interference affects heavily the hydrological cycle in the study area, both in terms of water
regulation and withdrawals (Section 2.1). Here, Continuum included flow regulation through reservoirs,
although we did not know their operating rules. Yet, the model did not include water withdrawals and
irrigation, which can be more relevant during droughts than during wet periods [39] and are often neglected
in hydrological models [22]. By calibrating the model against observed @ data, model parameterization partly
accounts for the effects of human interference. However, an enhanced representation of human interference
could improve hydrological modelling during severe droughts. For instance, [77] achieved a median 10.6%

improvement in low-flows simulation by including data on monthly withdrawals and releases in a distributed
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hydrological model for 605 catchments in England. [78] proposed effective techniques to derive remote
sensing-based irrigation estimates that can be incorporated into distributed hydrological modelling. Further
research should investigate the benefits of assimilating these kind of new data in the representation of the

human-affected hydrological cycle during severe droughts.

5 Conclusions

We evaluated model performances during droughts of different severity for the distributed hydrological
model Continuum over the heavily human-affected Po river basin in northern Italy. By using ground- and
remote sensing-based independent benchmarks of @, ET, and TWS anomalies, we investigated potential
causes of model deterioration during the severe 2022 drought. Furthermore, we tested if calibrating during
a moderate drought could be an effective strategy to improve model performances during a severe drought.
We revealed that even a model that does not show decreased performances for moderate droughts may
do so during a severe drought (Figure 3). We linked @ overestimation during the severe drought to an
underestimation of ET, mainly in the irrigated croplands (Figure 6). Moreover, we demonstrated that
including a moderate drought in the calibration was not sufficient to improve ¢ and ET simulation during
a severe drought (Figure 7). Based on our findings, we highlight the need for holistic model evaluations, as
well as model developments to enhance the representation of human activities (e.g., by including irrigation
fluxes) in distributed hydrological models, with the ultimate goal of increasing model robustness during
severe droughts. Considering the expected exacerbation of droughts in a changing climate, the heavy human
interference on many hydrological systems today, and the generally oversimplification of human activities
in hydrological models, these results are highly relevant to properly inform water management and climate

adaptation strategies.
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Figure S.1: Diagram of the hydrological model Continuum [34] setup in this study (Section 2.2), with
considered hydrological fluxes and states, model modules, and calibration parameters (in bold, Section
2.4.2).

Thttps://landsaf.ipma.pt/en/products/evapotranspiration-energy-fixs/met/ (last access on 06 October 2022)
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on 06 October 2022)

Shttp://www2.csr.utexas.edu/grace/RL06_mascons.html (last access on 06 October 2022)
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Figure S.2: Climatic conditions over the study area and period: annual precipitation (P) standardized
anomalies (Equation 1) for each study sub-catchment (ordered west-to-east, from the left to the right end
side) over the study period.

Table S.1: Overview of datasets used in the study.

Variable Dataset Reference Purpose
Digital Elevation Model HDMA 40 Model setup
Hydrological Soil Group HYSOGs250m 79 Model setup
Soil texture ISRIC SoilGrids 80 Model setup
Soil porosity ESACCI Soil Moisture 81 Model setup
Land Cover ESACCI 2018 Land Cover 44 Model setup
Dams DPC and GranD database [49] for GranD database Model setup
Lakes DPC 47 Model setup
Glaciers RGIv6 82 Model setup
Meteo data DPC 48, 47 Model simulation
Streamflow DPC and regional hydrometeorological offices 47, 50 Model calibration and evaluation
Evapotranspiration LSASAF 51, 52 Model evaluation
Terrestrial Water Storage GRACE JPL mascon RL06 56, 57]2 Model evaluation
Terrestrial Water Storage GRACE CSR mascon RL06 54, 55 Model evaluation
Terrestrial Water Storage GRACE GSFC mascon RL06 [58]% Model evaluation
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Table S.2: Properties of study sub-catchments: 1D, name, location, drainage area [km?], mean elevation [m
a.s.l.], dominant climate and land cover type. Dominant climate was determined from [41] and other data
sources are listed in Table S.1. Sub-catchments are ordered west-to-east.

1D Section Basin Lat | Lon | Area [km?] | Elev [m a.s.l] Climate Land cover
1 Susa Via Mazzini Dora Riparia 45.14 | 7.05 832 2120 Cold Forest
2 Gaiola Stura di Demonte | 44.33 | 7.42 562 1744 Cold Grass
3 Lanzo Stura di Lanzo 45.27 | 7.48 580 1767 Cold Grass
4 Busca Maira 44.52 | 7.48 613 1514 Cold Forest
5 Carignano Po 4491 | 7.69 3957 1021 Temperate no dry Forest
6 Torino Murazzi Po 45.07 | 7.71 5152 971 Temperate no dry Crop
7 Torino Dora Riparia 45.08 | 7.72 1475 1373 Cold Grass
8 S.Benigno Orco 45.25 | 7.81 852 1645 Cold Grass
9 Tavagnasco Dora Baltea 45.55 | 7.82 3297 2124 Alpine Grass
10 Farigliano Tanaro 44.52 7.9 1505 916 Temperate dry Forest
11 Alba Q.A. Tanaro 44.71 | 8.03 3468 1313 Temperate dry Forest
12 Verolengo Dora Baltea 45.19 | 8.04 3962 1802 Alpine Grass
13 Domodossola Toce 46.11 | 8.31 954 1928 Alpine Grass
14 Piana Crixia Bormida 44.48 | 8.31 249 610 Temperate dry Forest
15 | Quinto Vercellese Cervo Sesia 45.38 | 8.37 840 578 Temperate no dry Forest
16 Candoglia Toce 45.97 | 8.42 1564 1896 Alpine Grass
17 Cartosio Erro 44.57 | 8.42 196 544 Temperate dry Forest
18 Palestro Sesia 45.30 | 8.51 2709 826 Temperate no dry Forest
19 Vigevano Ticino 45.34 | 8.88 7467 1453 Cold Forest
20 Ponte della Liberta Ticino 45.18 | 9.15 8378 1383 Cold Forest
21 Valsigiara Trebbia 44.64 | 9.33 209 959 Cold Forest
22 Spessa Po 45.10 | 9.35 38626 1094 Temperate no dry Forest
23 Salsominore Aveto 44.63 | 9.41 186 1060 Cold Forest
24 Lodi Adda 45.32 | 9.51 6127 1515 Cold Forest
25 Rivergaro Trebbia 44.9 9.58 886 820 Cold Forest
26 Ostia Parmense Taro 44.51 | 9.84 422 859 Temperate no dry Forest
27 Piacenza Po 45.06 | 9.71 42090 992 Temperate no dry Forest
28 Capriolo Oglio 45.64 | 9.92 1921 1347 Cold Forest
29 Cremona Po 45.13 | 10.00 51163 1214 Temperate no dry Forest
30 S.Secondo Taro 44.92 | 10.25 1545 645 Temperate no dry Forest
31 Ponte Verdi Parma 44.81 | 10.25 527 649 Temperate no dry Forest
32 Marcaria Oglio 45.11 | 10.53 6085 723 Temperate no dry Crop
33 Cadelbosco Crostolo 44.78 | 10.58 258 247 Temperate no dry Crop
34 Borgoforte Po 45.04 | 10.75 63575 954 Temperate no dry Forest
35 Ponte Alto Secchia 44.67 | 10.9 1174 743 Temperate no dry Forest
36 Pioppa Secchia 44.86 | 10.97 1330 661 Temperate no dry Forest
37 Ficarolo Po 44.95 | 11.43 69315 867 Temperate no dry Forest
38 Pontelagoscuro Po 44.89 | 11.61 72545 832 Temperate no dry Forest

Table S.3: Overview of the model parameters calibrated in this study (Curve Number, CN, field capacity
ct, infiltration velocity at saturation c¢¢, and a parameter regulating the baseflow from the groundwater
storage ws), with indication of their type (distributed or lumped for the model domain), ranges used in
the calibration, first guess and calibrated values for the two experiments, where applicable. Please refer to
Figure S3 for first guess and calibrated values for distributed parameters.

Parameter Type Range First guess | Calibration 1 | Calibration 2
CN distributed (30, 99] - - -
ct distributed [0.1, 0.7] - - -
ct distributed [0.01, 0.1] - - -
W lumped [10e-12, 10e-07] 3.68¢e-09 1.61e-08 6.04e-08
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Table S.4: Streamflow (@) model performances: Kling Gupta Efficiency (KGE [63]) for calibration and
evaluation periods for each study sub-catchment (Table S.2). KGE; refers to calibration experiment 1 and
KGEs5 refers to calibration experiment 2 (Section 2.4.1).

ID KGEI KGEl,whole KGEI,wet KGEl,moderate KGEl,severe KGE2 KGEQ,whole KGEQ.Wet KGEQ,moderate KGEZ‘severe
1 - 0.58 0.48 0.43 0.01 - 0.53 0.46 0.49 <0
2 0.52 0.58 0.52 0.31 0.31 0.47 0.55 0.51 0.41 0.17
3 0.47 0.67 0.71 0.47 0.34 <0 0.67 0.76 0.51 0.32
4 - 0.49 0.32 0.69 0.1 - 0.63 0.49 0.59 <0
5 0.85 0.85 0.74 0.48 <0 0.74 0.82 0.88 0.67 0.63
6 0.81 0.86 0.7 0.59 0.11 0.62 0.79 0.85 0.62 0.4
7 - 0.47 0.33 0.08 <0 - 0.58 0.46 0.37 <0
8 - 0.79 0.86 0.84 <0 - 0.76 0.81 0.76 <0
9 0.71 0.74 0.67 0.72 0.65 0.7 0.69 0.63 0.68 0.6
10 | 0.84 0.81 0.85 0.64 0.43 0.58 0.76 0.84 0.56 0.28
11 0.79 0.89 0.79 0.71 0.07 0.59 0.85 0.81 0.62 0.57
12 - 0.39 0.34 0.29 <0 - 0.45 0.36 0.28 <0
13 - 0.38 0.37 <0 <0 - 0.39 0.38 <0 <0
14 - 0.28 0.29 0.28 <0 - 0.02 0.01 <0 <0
15 - 0.54 0.43 0.2 0.51 - 0.63 0.61 0.71 0.68
16 - 0.55 0.45 0.5 0.19 - 0.57 0.51 0.55 0.26
17 | 0.55 0.83 0.96 0.9 0.46 0.25 0.7 0.87 0.52 0.39
18 | 0.74 0.7 0.52 0.84 <0 0.08 0.6 0.44 0.6 i0
19 0.85 0.79 0.71 0.77 - 0.79 0.73 0.78 0.62
20 - 0.89 0.74 0.75 0.77 - 0.84 0.64 0.76 0.64
21 0.46 0.89 0.91 0.69 0.47 <0 0.82 0.92 0.6 0.27
22 | 0.87 0.85 0.71 0.76 0.7 0.84 0.89 0.91 0.76 0.64
23 <0 0.4 <0 0.59 <0 0.67 0.35 <0 0.8 0.1
24 - 0.77 0.76 0.32 0.66 - 0.74 0.82 0.06 0.59
25 - 0.78 0.73 0.64 <0 - 0.84 0.77 0.58 0.37
26 | 0.54 0.94 0.89 0.83 0.82 0.2 0.89 0.88 0.77 0.74
27 0.88 0.76 0.72 0.68 - 0.87 0.89 0.76 0.61
28 - 0.44 0.39 0.16 <0 - 0.51 0.49 0.21 <0
29 | 0.81 0.78 0.68 0.71 0.83 0.78 0.91 0.95 0.76 0.61
30 | 0.46 0.81 0.86 0.71 0.51 0.25 0.69 0.76 0.36 0.61
31 0.23 0.67 0.76 0.69 0.42 0.44 0.57 0.72 0.46 0.38
32 - 0.67 0.56 0.46 <0 - 0.63 0.53 0.24 <0
33 - 0.34 <0 <0 <0 - 0.14 <0 <0 <0
34 - 0.81 0.66 0.72 0.85 - 0.88 0.96 0.69 0.67
35 | 0.67 0.81 0.83 0.43 0.65 0.12 0.67 0.81 0.3 0.46
36 - 0.78 0.87 0.52 0.76 - 0.62 0.74 0.38 0.49
37 - 0.83 0.63 0.74 0.81 - 0.86 0.95 0.65 0.61
38 | 0.79 0.81 0.58 0.77 0.82 0.71 0.88 0.94 0.64 0.64
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Figure S.4: Streamflow (@) model performances from the model calibrated during average climatic conditions
(2.4.1): values of the bias component () of the Kling Gupta Efficiency (KGE [63], Equation 2) on monthly
@ during (a) wet years, (b) moderate droughts, and (c) the severe drought for each study sub-catchment,
and (d) their distributions as boxplots, grouped by calibration (full colours) and evaluation (light colours)
sub-catchments.
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