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Abstract. Distributed hydrological models enable the characterization of spatial heterogeneities in states and fluxes, including

streamflow at inner points of a basin. Despite the growing number of remotely sensed observations, calibrating the model

parameters using only streamflow observed at the catchment outlet remains a popular practice. In this paper, we examine how

streamflow-only calibration impacts the average seasonality and spatial patterns of simulated evapotranspiration (ET), soil

moisture (SM), land surface temperature (LST), and fractional snow-covered area (fSCA). To this end, we conduct calibration5

experiments with the Variable Infiltration Capacity (VIC) model in six basins located in Chile, using (i) different streamflow-

based objective functions, and (ii) regularizing parameters associated with different physical processes. For the latter step,

we develop and test a novel spatial regularization strategy based on principal component analysis of physiographic attributes

associated with the modeling units contained within each basin. Our results suggest that these decisions may have large effects

on the spatial representation of ET, SM1 (i.e., SM from the first soil layer in VIC), LST, and fSCA, without degrading the10

performance of streamflow simulations. The average streamflow seasonality can be simulated reasonably well, with large

biases in ET, fSCA, SM1, and LST (in that order). In particular, different calibration configurations can yield the same annual

cycle of streamflow through very different ET seasonalities, affecting the catchment-scale seasonal water balance. Additional

calibration experiments incorporating ET and SM1 besides streamflow reaffirm tradeoffs in the fidelity of different simulated

variables. Overall, the results presented here reinforce the benefits of including spatial patterns of hydrological variables in15

the calibration of distributed hydrological models and highlight the need to verify the seasonality of other simulated variables

besides streamflow.

1 Introduction

Spatially distributed hydrological models are essential tools for simulating the heterogeneity of variables involved in the ter-

restrial water cycle (Reed et al., 2004), enabling streamflow predictions at ungauged inner river sections (Ul Hassan et al.,20

2024). Such information can be used for a myriad of applications that include, for example, the allocation of surface water
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rights, drought monitoring, short to long-term streamflow forecasting, or water resources planning under changing climatic

conditions. Despite their widespread use, the implementation of distributed hydrological models is challenged by two well-

recognized problems: (1) equifinality arising from multiple combinations of internal states and fluxes across the modeling

domain, which may yield very similar streamflow results at the catchment outlet for very different reasons (e.g., Beven, 1993;25

Khatami et al., 2019; Soltani et al., 2021a; Demirel et al., 2024); and (2) the large number of parameter values – resulting

from the increased number of modeling units – that need to be estimated, thereby exacerbating overparameterization and

identifiability issues (e.g., Pokhrel et al., 2008; de Lavenne et al., 2019).

The increasing number of remotely sensed observational datasets (Lettenmaier et al., 2015; McCabe et al., 2017; Sheffield

et al., 2018; Wagner et al., 2025) has brought new opportunities to tackle the equifinality problem in distributed hydrological30

modeling by incorporating variables beyond streamflow (Q) in the calibration and evaluation steps. Such variables include

evapotranspiration (ET; e.g., Demirel et al., 2018b; Dembélé et al., 2020b), soil moisture (SM; e.g., Tong et al., 2021; Ba-

jracharya et al., 2023), land surface temperature (LST; e.g., Zink et al., 2018), water storage variations (WS; e.g., Werth and

Güntner, 2010; Mostafaie et al., 2018; Trautmann et al., 2023), and fractional snow-covered area (fSCA; e.g., Parajka and

Blöschl, 2008; Duethmann et al., 2014; Bennett et al., 2019; Tong et al., 2021; Tang et al., 2023). In particular, this information35

can be used to formulate summary performance metrics to assess the ability to replicate observed spatial patterns (e.g., Koch

et al., 2017; Demirel et al., 2018b; Koch et al., 2018; Tong et al., 2021; Demirel et al., 2024), which can be combined with

streamflow-based performance metrics into a single objective function (e.g., Demirel et al., 2018b; Dembélé et al., 2020a), or

used within a multi-objective search framework (e.g., Demirel et al., 2024) to constrain the parameter space and achieve more

realistic simulations.40

Despite the proliferation of satellite remote sensing products and new multivariate parameter estimation strategies (e.g.,

Rakovec et al., 2016; López López et al., 2017; Stisen et al., 2018; Dembélé et al., 2020b; Soltani et al., 2021a; Meyer Oliveira

et al., 2021; Pool et al., 2024; Tiwari et al., 2024; Ul Hassan et al., 2024), distributed hydrological models are usually cali-

brated using streamflow as the only target hydrological variable (e.g., Shafii and Tolson, 2015; Melsen et al., 2016; Mizukami

et al., 2017; Beck et al., 2020; Aguayo et al., 2021; Wang et al., 2022; Kurugama et al., 2026). This emphasis stems not only45

from the need to support water resource management applications but also to achieve a basic understanding of catchment-scale

water balances (Kirchner, 2006; Troch et al., 2013; Mendoza et al., 2016; Akbar et al., 2020). Hence, several streamflow-based

multi-objective calibration approaches have been proposed and tested with distributed hydrological models for simultaneously

matching different parts of the hydrograph (e.g., Pokhrel and Gupta, 2010; Westerberg et al., 2011; Garcia et al., 2017; McIn-

erney et al., 2017; Fowler et al., 2018a, b; Koppa et al., 2019; Todorović et al., 2022; Rakovec et al., 2019; Casper et al.,50

2023).

On the other hand, the high dimensionality of the parameter optimization problem in distributed hydrological modeling is

typically addressed through regularization (Pokhrel and Gupta, 2010; Samaniego et al., 2010; de Lavenne et al., 2019), a family

of mathematical techniques that introduce one or more constraints to the parameter search process. Parameter regularization

usually involves the use of super-parameters or transfer functions applied under the assumption that the spatial variability of55

climate and/or geomorphological attributes informs the spatial structure of model parameters (e.g., Mizukami et al., 2019;
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Beck et al., 2020). However, establishing these relationships – especially for “free” (i.e., nonphysical) parameters – is often

challenging. Moreover, equifinality (Beven and Binley, 1992; Beven, 2006; Khatami et al., 2019) hinders the possibility of

achieving credible simulations, although this issue can be partially alleviated through multivariate model evaluation (e.g.,

Demirel et al., 2018b; Dembélé et al., 2020a; Shah et al., 2021; Alfieri et al., 2022; Yáñez-Morroni et al., 2023) and parameter60

uncertainty estimates (Beven, 2001; Koppa et al., 2019).

Crucially, the way parameter regularization techniques are implemented plays a key role in shaping simulated spatial patterns

and overall model performance (Refsgaard and Knudsen, 1996; Reed et al., 2004; Samaniego et al., 2010; Rakovec et al., 2016;

Dembélé et al., 2020a; Demirel et al., 2018b), whereas the choice of calibration metric has direct implications for parameter

estimates and simulated hydrographs (Kollat et al., 2012; Garcia et al., 2017; Pool et al., 2018; Fowler et al., 2018b). While65

the effects of these methodological decisions have typically been evaluated using summary metrics (Clark et al., 2021), their

influence on simulated annual cycles of key water balance components (i.e., evapotranspiration and runoff) and simulated

spatial patterns has received very little attention. Instead, previous studies have mostly focused on the effects of adding remotely

sensed variables to calibration schemes on the overall performance (i.e., Q-based metrics and simulated patterns) of distributed

hydrological models. Therefore, we seek to answer the following research questions:70

1. To what extent do the spatial regularization of different soil parameters and the choice of streamflow-based objective

functions affect model performance in terms of Q simulations and the spatial patterns of LST, ET, fSCA, and SM

2. What are the tradeoffs between accurately replicating Q annual cycles and effectively simulating the seasonal patterns

of LST, ET, fSCA, and SM? How can these trade-offs be overcome?

Here, we hypothesize that distributing soil parameters through a regularization strategy that is spatially coherent with grid75

cell attributes can improve the model’s capability to replicate spatial patterns and the seasonality of other variables aside from

streamflow. To test this idea, we calibrate the Variable Infiltration Capacity model (VIC; Liang et al., 1994) in six basins with

different hydrological regimes in central Chile. Specifically, we use (i) Principal Component Analysis (PCA) to derive an a

priori spatial distribution and define a regularization strategy for a given soil parameter, and (ii) different streamflow-based

objective functions to obtain parameter fields by calibrating (super) parameters. To quantify the ability to replicate observed80

spatial patterns in ET, LST, SM1, and fSCA, we used biased and unbiased performance metrics. Importantly, we examine the

implications of only-Q calibration approaches on seasonal water balances by looking at simulated annual cycles, focusing on

Q and ET.

2 Study domain

We consider six basins located in Continental Chile that span three different hydrological regimes: snowmelt-driven, mixed,85

and rainfall-driven (Figure 1). The basins, from north to south, are Cochiguaz River at El Peñón (675 km2, Figure 1a), Choapa

River at Cuncumén (1132 km2, Figure 1b), Claro River at El Valle (349 km2, Figure 1c), Colorado River at the confluence

with Palos River (878 km2, Figure 1d), Cautín River at Rari-Ruca (1306 km2, Figure 1e) and Futa River at Tres Chiflones (517
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km2, Figure 1f). These basins have a low degree of human intervention and were selected based on the following criteria: (a) a

near-natural flow regime defined as a maximum threshold value of 5% for the relationship between the annual volume of water90

assigned for permanent consumptive use and the mean annual flow, (b) absence of large reservoirs within each catchment, and

(c) a small (<2%) glacierized area (Alvarez-Garreton et al., 2018).

Five out of the six basins are located on the western slopes of the Andes Cordillera, with the Futa River basin being the

exception. Figure 1 shows the annual climatological cycles for precipitation (P), temperature (T), and streamflow (Q). The

Cochiguaz and Choapa River basins have a snowmelt-driven regime, receiving precipitation mainly during Fall (MAM) and95

Winter (JJA), when water is primarily stored as snow and released during the austral spring (SON) and summer (DJF) seasons.

The Claro and Colorado River basins have a mixed regime, with higher streamflow values during the winter and spring/sum-

mer seasons, respectively. The two southernmost basins, Cautín and Futa, have maximum streamflow values during winter

(rainfall-driven), although a slight influence of snowmelt is detected in the Cautín River during the spring season.

100

3 Datasets

3.1 Meteorological and streamflow data

Daily precipitation (P) and maximum (Tmax) and minimum (Tmin) air temperatures are obtained from the CR2MET v2.0

dataset (Boisier et al., 2018; DGA, 2022; Boisier, 2023), which covers continental Chile with a horizontal resolution of 0.05°

x 0.05° for the period 1979-2020. CR2MET precipitation estimates are obtained using a two-step approach consisting of105

(i) computing the probability of precipitation at each grid cell through logistic regression models, and (ii) calculating daily

precipitation amounts using multiple linear regression models. All models use ERA5 reanalysis output (Hersbach et al., 2020)

and geomorphological attributes as predictors, and daily precipitation from meteorological stations as predictands (note that, in

the case of precipitation occurrence, the vector with predictands only contains zeros and ones). For Tmax and Tmin, land surface

temperature from MODIS is also included as a predictor.110

To obtain sub-daily meteorological time series, CR2MET daily precipitation and temperature are disaggregated into hourly

time steps using the sub-daily distribution provided by ERA5-Land (Muñoz Sabater, 2019), which is bias corrected to match

the CR2MET daily values. Relative humidity (RH), wind speed (W), atmospheric pressure (AP), and incoming shortwave

radiation (Kin) are derived for the same horizontal resolution grid by spatially interpolating ERA5-Land outputs. ERA5-Land

wind speed is bias-corrected using wind simulations from WRF at a 1-km horizontal resolution (Geophysics Department115

and Ministerio de Energía, 2018). Incoming longwave radiation (Lin) was computed using the parameterization proposed by

Iziomon et al. (2003) using the bias-corrected hourly temperature (Tas). To conduct hydrological model simulations, all the

meteorological variables are grouped to obtain 3-hourly time steps.

Finally, daily streamflow data are obtained from stations maintained by the Chilean Water Directorate (DGA, in Spanish),

which are also available in the CAMELS-CL dataset (Alvarez-Garreton et al., 2018).120
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3.2 Remote sensing products

We use remotely sensed fractional snow-covered area, actual evapotranspiration, land surface temperature, and soil moisture for

hydrological model evaluation (Figure 2). The fractional snow-covered area is derived from MODIS products (MOD10/MYD10;

Hall and Riggs, 2016). To obtain a unique time series, daily MOD10 and MYD10 estimates are averaged at each MODIS grid

cell. If only one product is available for a specific day and grid cell, we use that value to estimate fSCA. All gaps (i.e., days and125

grid cells unavailable) are filled at the original horizontal resolution (500 m) using the methodology proposed by Cornwell et al.

(2016) (see details in section S.1, Supporting Information). Actual evapotranspiration is obtained from the MOD16 product

(Mu et al., 2011) using 8-day estimates with a 1-km horizontal resolution. Land surface temperature for each day and for each

grid cell is obtained as the average between the MOD11 and MYD11 products (Wan, 2014) at a 1-km horizontal resolution. If

one of the two LST estimates is unavailable, the day is considered missing. For the assessment of soil moisture simulations,130

we use the ESA-CCI product (Dorigo et al., 2017), available at a 0.25° horizontal resolution.

To resolve the mismatch between the horizontal grid of remote sensing products and the spatial discretization of the hy-

drological model (0.05° x 0.05°, same as in the CR2MET product), ET, LST, and fSCA are upscaled using spatial averages,

whereas SM is downscaled to the closest CR2MET grid cell (e.g., dos Santos Araujo et al., 2024). Empty values were not filled

for ET, LST, and SM, as opposed to fSCA.135

3.3 Ancillary data

Because this study considers a distributed hydrological model that requires a priori parameter fields, we derive these using

grid cell attributes obtained from different sources. We use the SoilGrids dataset (Poggio et al., 2021) to derive clay and sand

content, and mean bulk density for the first 2 m soil depth (using vertical weighted average), all available at a 250-m horizontal

resolution. The elevation is estimated from the Shuttle Radar Topography Mission (SRTM; Farr et al., 2007), while the aspect140

is derived from the SRTM elevation raster at the original horizontal resolution (30 m). All datasets are upscaled to match the

hydrological model grid using spatial averages.

4 Approach

Figure 2 illustrates the main steps of our experimental setup. First, we obtain and process the hydrometeorological datasets

to force and evaluate hydrological model simulations (step 1, sections 3 and 4.1); secondly, we implement a spatial param-145

eter regularization strategy (step 2, section 4.2). Finally, we conduct a suite of model calibration experiments to assess how

the choice of calibration metric and the choice of regularized parameter affect (1) streamflow performance metrics, (2) the

simulated spatial patterns of ET, SM1, LST, and fSCA, and (3) the simulated annual cycles of these variables (step 3, section

4.3).
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4.1 Hydrological Modeling150

We use the VIC model (Liang et al., 1994) to simulate state variables and fluxes at a 0.05°x 0.05° horizontal resolution. VIC

is a semi-distributed, physically based hydrological model that solves energy and mass balance equations. Precipitation can be

partitioned into snowfall and rainfall, which serve as inputs for canopy storage. The maximum amount of water intercepted

by the canopy is estimated using the Leaf Area Index (LAI; Dickinson, 1984). The snowpack is represented by two layers,

where the top layer is used for energy balance computations (Andreadis and Lettenmaier, 2006). The soil column is vertically155

discretized into three layers, with the top and bottom layers controlling infiltration and baseflow generation, respectively. To

calculate infiltration, VIC uses the Xinanjiang formulation (Zhao et al., 1980), assuming that infiltration capacity varies within

an area (Wood et al., 1992). Excess runoff is generated in those areas where precipitation exceeds the available moisture storage

of the first soil layer. VIC assumes that gravity drives drainage, using the formulation proposed by Brooks and Corey (1964).

In this regard, water enters the cell only from the atmosphere; thus, VIC does not consider lateral fluxes among grid cells.160

Baseflow is computed using a formulation proposed by Franchini and Pacciani (1991). For more details on the VIC model,

readers are referred to Liang et al. (1994).

Sub-grid horizontal heterogeneity in VIC can be represented through different land cover types. We use the International

Geosphere-Biosphere Program (IGBP) classification for the year 2010 from the MCD12Q1 v006 land cover product (Sulla-

Menashe and Friedl, 2018) to represent all land cover types spanning at least 2% of each grid cell area. Mean monthly LAI165

values for these land cover types are derived from the MOD15A2 product. Soil bulk density is estimated as the vertical

average of values retrieved from the SoilGrids product (Poggio et al., 2021) across the top 2 m soil depth. We consider vertical

heterogeneity by distributing precipitation and air temperature along 200-m elevation bands, following recommendations from

previous studies (Murillo et al., 2022; Givovich et al., 2025).

We use the vector-based river routing model mizuRoute (Mizukami et al., 2016) to convert simulated runoff into streamflow.170

mizuRoute first performs hillslope routing using a gamma-distribution-based unit-hydrograph to delay VIC runoff, and then

routes the delayed runoff for each river reach defined by the river network topology. For river routing, we used the diffusive

wave scheme, following the setup recommended by Cortés-Salazar et al. (2023). Manning’s roughness coefficients and channel

widths are spatially distributed within each basin through regression equations that use river reach attributes as predictors

(Niño, 2002; Mendoza et al., 2012). Note that none of routing parameters are included in subsequent calibration experiments175

(described in Section 4.3).

4.2 Parameter regularization

To assess the effects of distributing soil parameters in space, we implement a spatial parameter regularization technique based

on a PCA over a suite of grid cell attributes within each basin, including bulk density, clay and sand content, elevation, and slope

(e.g., Samaniego et al., 2010; Mizukami et al., 2017; Beck et al., 2020). The underlying motivation is to extract the main pat-180

terns explaining the spatial distribution of physiographic attributes and use the dominant signal to obtain VIC parameter fields.

To this end, we sort the grid cell attributes within a matrix (step 2 in Figure 2), with grid cells as rows and attributes as columns,
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and perform PCA to obtain a matrix with the same dimensions, where the first principal component (PC1; or first column of the

new matrix) explains most of the variance among the attributes (See Figure S.1). Then, we use the PC1 map as a predictor to

obtain a priori spatially distributed VIC parameters (θV IC), using three super parameters (Pokhrel et al., 2008) highlighted in185

red in Figure 2: (i) an additive term (θγ), (ii) a factor (θα), and (iii) an exponent controlling the linearity of the relationship (θβ).

4.3 Model calibration experiments

We calibrated the VIC parameters identified as the most sensitive by Sepúlveda et al. (2022), including (i) binfilt, which controls

the infiltration process; (ii) Ds and Ws, which control the linearity of the curve used to calculate the water leaving the third190

(deepest) soil layer; (iii) Dsmax, which is the maximum baseflow rate; (iv) the saturated hydraulic conductivity (Ksat), which

explains the water exchange between the soil layers; (v) the soil layers’ depths; and (vi) maximum snow albedo and (vii)

its temporal decay rate. The benchmark calibration considers spatially constant VIC parameters (e.g., Melsen et al., 2016),

whereas the calibration experiments consider the spatial regularization of individual soil parameters (binfilt, Ds, Dsmax, Ksat and

depth of soil layers), while maintaining the rest spatially constant. With these experiments, we seek to understand the benefits195

of spatially distributing a parameter associated with a specific process. An additional calibration experiment considers the

vertical distribution of hydraulic conductivity, for which we apply the same equation of Figure 2 (step 2; Pokhrel et al., 2008)

though, instead of using the PC1, we use the vertical distribution of the bulk density obtained from the SOILGRIDS database

– which contains estimation of the bulk density at different depths – to define an a priori vertical distribution. Hence, and for

this case, Ksat is horizontally constant among grid cells, while adopting different values in each soil layer.200

Therefore, we conduct nine (9) Q-only (number of parameter configurations) × 5 (number of objective functions) = 45

model calibrations for each basin, and – to assess the effects of adding one additional target variable – two model calibrations

that consider spatially constant parameters and incorporate ET (Q+ET) and soil moisture in the first layer (Q+SM1) in the

optimization process.

4.3.1 Streamflow-based objective functions205

The calibration experiments aim to maximize five streamflow-based objective functions by running the Dynamically Dimen-

sioned Search (DDS; Tolson and Shoemaker, 2007) algorithm, implemented within the OSTRICH software (Matott, 2017)

with a maximum number of 2,000 iterations. All calibration metrics consider daily time series of simulated and observed

streamflow. First, we use the Kling-Gupta efficiency (KGE; Gupta et al., 2009; Kling et al., 2012), which seeks to minimize

the Euclidean distance between performance metrics related to volume (β), variability (γ), and timing (r), and their optimal210

values (which are equal to 1):

OF1 =KGE = 1−ED = 1−
√
(1−β)2 +(1− γ)2 +(1− r)2 (1)

7
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Where β = µs/µo is the ratio between simulated (s) and observed (o) average values (µ); γ = (σs/µs)/(σo/µo), where σ

represents the standard deviation; and r is the Pearson correlation coefficient between observed and simulated daily values.

The second objective function is the Nash-Sutcliffe efficiency (NSE; Nash and Sutcliffe, 1970):215

OF2 =NSE = 1−
∑T

t=1 (Q
t
s −Qt

o)
2

∑T
t=1(Q

t
o −Qo)

2
(2)

Where Qs and Qo are the simulated and observed daily streamflow, respectively; t indicates the time step, and Q is the

climatological mean daily streamflow. Since both KGE and NSE are influenced by high flows (Clark et al., 2021), we also used

the composite metric (Eq. 3) proposed by Garcia et al. (2017), which incorporates the KGE computed with 1/Q to give more

weight to low flows:220

OF3 =
KGE(Q)+KGE(1/Q)

2
(3)

The fourth calibration metric is the Nash-Sutcliffe efficiency computed from simulated and observed daily flow duration

curves (FDCs) (e.g., Nijzink et al., 2016). The last OF (Eq. 4) is based on an Euclidean distance approach (e.g., Schoups et al.,

2005) that combines the daily KGE with biases in five hydrological signatures (HSi Yilmaz et al., 2008) that focus on different

parts of the flow duration curve (e.g., Westerberg et al., 2011; Shafii and Tolson, 2015):225

OF5 = 1−

√√√√[1−KGE(Q)]
2
+

N=5∑

i=1

(HSopt
i −HSi)2 (4)

Where HSopt
i is the optimal value for the ith hydrological signature. The signatures considered in Eq. 4 evaluate biases for

runoff ratio (Eq. A1), high flow volumes (Eq. A2), low flow volumes (Eq. A3), the mid-segment slope of the flow duration

curve (Eq. A4) and the median of daily flows (Eq. A5). The formulation of each HS can be found in the Appendix.

4.3.2 Spatial pattern performance metrics230

We use the spatial pattern efficiency metric (Eq. 5) proposed by Dembélé et al. (2020a) to assess the quality of ET, SM, LST,

and fSCA simulations:

ESP = 1−
√

(1− rs)2 +(1− γ)2 +(1−α)2 (5)

Where rs is the Spearman rank correlation coefficient between the simulated and reference values, γ is the ratio of the

coefficients of variation (as in KGE; Eq. 1), α= 1−RMSE(ZXs ,ZXo), with Z being the time series with standardized235

values for the variable X (note that we follow the same notation as in Dembélé et al. (2020b)) and RMSE is the Root Mean

8
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Square Error. The standardization aims to avoid a direct contrast between the model and reference values, since remotely

sensed products have biases that could affect the metric. However, we use bias-accounting metrics, such as KGE and RMSE,

to assess the model’s ability to replicate raw remotely sensed estimates.

Following Dembélé et al. (2020a), we use two approaches to contrast spatially distributed simulations against observations240

(options 1 and 2 in step 3, Figure 2). Option 1 compares simulated and reference maps of a variable X at each time step,

resulting in a time series of performance measures (OFX(t)) that can be used to compute a summary metric OF time
X by

temporally averaging all values. Alternatively, option 2 compares simulated and reference time series in each grid cell to obtain

a map of performance metrics (OFX(i)) that can be used to calculate a summary performance measure OF space
X by spatially

averaging all values.245

For soil moisture, we use the correlation coefficient (Eq. 6) between simulated (θs) and reference(θref ) values, following

Tong et al. (2021).

OSM =

∑T
t=1

[
(θts − θs)(θ

t
ref − θref )

]

√∑T
t=1

[
(θts − θs)2(θtref − θref )2

] (6)

Where t represents the time step, and overlines average values. We only consider the soil moisture simulated in the first soil

layer since the ESA-CCI soil moisture product accounts for the first 0.5–2 cm. To overcome mismatches between reference250

and SM1 due to different soil depths and properties, we applied mean–standard deviation matching (Draper et al., 2009;

López López et al., 2017):

θ∗s =
σθref

σθsim

·
(
θs − θs

)
+ θref (7)

Where σθref and σθs are the standard deviations of the reference and simulated soil moisture, respectively.

We assess the quality of fSCA simulations using the RMSE and the metric OSC proposed by Tong et al. (2021):255

OSC = 1− (SO +SU ) (8)

where SO (SU ) represents the fraction of simulated days with overestimated (underestimated) fSCA. To avoid noisy values, a

threshold of 1% is applied; hence, simulated and reference grid cell fSCA values below 0.01 are considered to have no snow

cover.

To assess the model’s capability to replicate historically observed annual cycles of ET and SM, we normalize ET and SM260

annual values as X ′ = (X−Xmin)/(Xmax−Xmin). We use the notation SM1, SM2, and SM3 to refer to the moisture content

in soil layers 1, 2, and 3 of the VIC model, respectively. Finally, we focus on metrics computed for Q, ET, SM, LST, and fSCA

for a calibration period spanning 01/April/2005-31/March/2018, using five years (01/April/2000-31/March/2005) for warm-up.
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4.3.3 Q+ET and Q+SM1 additional calibrations

To test whether the explicit incorporation of ET or SM1 in the calibration objective function improves model fidelity, we265

conduct two additional calibration experiments using spatially constant parameters to minimize an Euclidean-based objective

function:

OF =
√
[1−KGE(Q)]2 + [1−ESP (X)]2 (9)

Where X refers to ET or SM1. For the Q+ET and Q+SM1 experiments, we use the DDS optimization algorithm with a total

budget of 2,000 simulations, considering the same warm-up and calibration periods as the Q-only calibrations.270

5 Results

5.1 Effects on streamflow performance metrics

First, we examine the impact of different calibration objective functions and regularized parameters on the performance of

streamflow simulations across basins (Figure 3). In general, the values of the objective function are similar for a given combi-

nation of calibration metric and basin, regardless of the parameter that is regularized, suggesting a high degree of compensation275

among parameters. In the Choapa and Cautín River basins, lower OF values are achieved for Ksat parameter (and similarly for

Depth2 in the Futa River basin) when the OF is 0.5 ·KGE(Q)+0.5 ·KGE(1/Q). Interestingly, the components of the objec-

tive functions can vary considerably, especially KGE(1/Q), which gives more weight to low flows. In particular, the values

of this metric are generally negative or close to zero in the Claro (mixed regime) and Futa (rainfall-driven) River basins. On the

other hand, the KGE(1/Q) values are stable for all configurations in the snowmelt-driven basins (Cochiguaz and Choapa),280

regardless of the inclusion of KGE(1/Q) in the calibration process.

5.2 Effects on simulated spatial patterns

Figure 4 illustrates the impacts of calibration OF and the choice of the regularized parameter on simulated ET at the Colorado

River basin with respect to the benchmark calibration. Here, we examine parameters controlling infiltration (binfilt), soil depth

(Depth2), vertical moisture distribution (Vertical Ksat), and baseflow (Dsmax) (the remaining variables, regularized parameters,285

and basins are included in the Supporting Information, Figures S.2-S.25). The results show that some combinations of OF and

the parameter regularization strategy may enhance the performance of ET simulations compared to the benchmark calibration.

In some grid cells, absolute changes in ET performance can be larger than 1 ESP units, with positive (e.g., for KGE(Q) and

Dsmax) or negative (e.g., KGE(Q) & KGE(1/Q) and binfilt) effects.

Figure 4 also shows that, for a given OF, the degree of improvement can vary depending on the regularized parameter. For290

example, when using KGE(Q) and KGE(Q) & NSE(FDC(Q)) as OFs, regularizing Ksat and Dsmax (binfilt and Depth2)

yields improved (declined) performance in ET simulations. For NSE(Q), regularizing any parameter yields a slight increase
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in ESP (ET), whereas the opposite occurs with KGE(Q) & KGE(1/Q). For the OF combining KGE(Q) and hydrological

signatures, mixed results are obtained, with ∆ESP > 0 (blue) for lower grid cells, and ∆ESP < 0 (red) for high altitude grid

cells. Similar ET performance results are obtained for the remaining basins, although an overall improvement in ET perfor-295

mance is achieved when regularizing parameters for the Claro and Futa River basins (Figures S.3 and S.7 in the Supporting

Information). Notably, parameter fields that yield different performance in ET provide similar streamflow performance metrics

(Fig. 3).

5.3 Simulated annual cycles

Now, we examine how different combinations of calibration metric and parameter regularization strategy affect simulated300

annual cycles of streamflow, normalized catchment-scale ET and SM1, land surface temperature, and fractional snow-covered

area. Figure 5 shows results for the parameter sets that maximize OF = f(KGE(Q), KGE(1/Q)) at the Choapa (snowmelt-

driven), Colorado (mixed regime), and Cautín (rainfall-driven) River basins (results for the remaining basins are included in

Figure S.32). Although streamflow is underestimated during some spring and summer months in the Choapa River basin, all

calibration experiments yield a reasonable representation of the Q seasonality in the three catchments, with little difference305

between configurations. Similar results are obtained for LST, with an overall underestimation at the Choapa River basin.

However, ET seasonalities can change drastically depending on the model configuration, as opposed to Q, SM1, LST, and

fSCA. In the Choapa River basin, regularizing different parameters yields different biases, with the largest underestimations

for the spatially constant and Depth2 cases during Spring. In the Colorado River basin, none of the model configurations provide

a reasonable representation of ET seasonality, whereas mixed results are obtained in the Cautín River basin, with both good310

(e.g., binfilt, Ksat, and Dsmax) and poor (e.g., spatially constant and Depth2) representations. In summary, regularizing different

parameters may shift simulated annual cycles and, consequently, reduce biases, without impacting the Q performance.

Figure 6 illustrates how the choice of streamflow-based OF affects simulated annual cycles of Q, ET, SM1, LST, and fSCA

in the Cautín River basin. In general, different OFs yield similar streamflow responses, except (i) when the model parameters

are spatially constant and calibrated using KGE(Q) (black line), which yields an overestimation in Q, and (ii) when Depth2315

is regularized and the OF is KGE(Q) and NSE(FDC(Q)), which yields an underestimation of Q.

The results for LST show little disagreement among OFs and model configurations, with a reasonable representation of sea-

sonality. For SM1, the results reveal slight differences among configurations, with greater biases with respect to the reference

(white dots) when Ksat is regularized. The seasonality of fSCA is well simulated with all combinations of OF and regulariza-

tion strategy, though the latter decision introduces large discrepancies in biases. For example, when binfilt is regularized and the320

calibration metric is KGE(Q) (KGE(Q) & NSE(FDC(Q))), fSCA is underestimated (overestimated).

In particular, the effects of the regularization strategy on simulated ET annual cycles can vary considerably depending on the

streamflow performance metric used for calibration. For example, when KGE(Q) or KGE(Q) & KGE(1/Q) are used as

OFs, shifted ET seasonalities are obtained if binfilt and Depth2 are regularized, or if model parameters are spatially constant.

Conversely, when KGE(Q) & NSE(FDC(Q)) is maximized in the calibration process, all ET seasonalities collapse into325
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the reference values, regardless of the parameter that is regularized. A similar behavior is obtained for the rest of the basins

(Figures S26-S32).

5.4 Relation between Q and other variables’ performance metrics

Does the improvement in streamflow-based OFs relate to improvements in other Q metrics and simulated variables? To seek

answers, we compute the Spearman’s rank correlation coefficient between the OF values obtained in N = 2,000 iterations330

of the optimization process, and other performance metrics for Q, ET, SM1, LST, and fSCA. Figure 7 displays the results

for calibrations conducted at the Choapa, Colorado, and Cautín River basins using OF =KGE(Q) & KGE(1/Q) as OF.

As expected, high correlations are obtained between streamflow-based metrics and OFs. However, negative correlations are

obtained for ET, especially at the Choapa and Colorado River basins. For the case of SM1, some parameter configurations yield

positive correlations with OF values. For LST and fSCA, we obtained poor correlations with OF, which can be explained by335

the relatively good performance obtained for these variables, regardless of the value of OF.

5.5 Effects of adding ET or SM1 on simulated annual cycles

Figure 8 displays the average annual cycles obtained after calibrating the model parameters with objective functions that

consider (i) only streamflow, (ii) Q and ET, and (iii) Q and SM1. The results show that streamflow performance decreases

considerably in all basins when ET is added to the OF (first row in Fig. 8), whereas the annual cycle of ET improves drastically340

(second row in Fig. 8) for all the basins (see also Fig. S.34). The effect of calibrating Q and ET only affects SM1 for the Cautín

and Claro River Basins during the months September to January. Alternatively, calibrating Q + SM1 improves the seasonality

of ET at Choapa and, to a lesser degree, in the Cautín and Futa River basins, although important biases remain in Cautín

and Futa (for example, the month of maximum ET remains shifted two months with respect to the reference ET). ET in the

Colorado River Basin is not greatly modified if SM1 is included in the objective function.345

6 Discussion

6.1 Effects on spatial patterns

The effects of streamflow-based OF selection on parameter values and, therefore, the simulation of different parts of the

hydrograph and other hydrological variables besides Q have been widely discussed in the literature (e.g., Gupta et al., 1998;

Merz et al., 2011; Garcia et al., 2017; Westerberg et al., 2011; Fowler et al., 2018b; Khatami et al., 2019). However, the350

impacts of different parameter regularization techniques or the choice of regularized parameters on simulated spatial patterns

are less documented. Our results show that regularizing different parameters may impact simulated spatial patterns differently,

regardless of the calibration metric used, which aligns well with previous work (Samaniego et al., 2010; Demirel et al., 2018a).

Moreover, we find that the simulation of spatial patterns can be improved without losing streamflow performance, in agreement

with Demirel et al. (2024). Nevertheless, we did not find a unique combination of OF and parameter regularization strategy355
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that improves simulated spatial patterns for all variables and basins compared to the benchmark calibration. In this regard,

it would be useful to characterize how regularizing different parameters affects the capacity of models to replicate observed

spatial patterns (Demirel et al., 2018a; Saavedra et al., 2022).

6.2 Biases in simulated annual cycles

In addition to the evident effects of different parameter configurations on simulated spatial patterns of ET, SM1, LST, and360

fSCA, large biases in catchment-scale simulated annual cycles may be obtained for these variables, even if realistic streamflow

seasonalities are achieved. We obtain smaller biases in the average seasonality of LST and SM1 compared to fSCA and ET.

For fSCA, similar annual cycles are obtained with all the regularization strategies tested here, although with discrepancies

among them during winter months with respect to the reference. For ET, and despite a reasonable representation of streamflow

seasonality and improvements in spatial pattern efficiency metrics, different parameter configurations can shift ET simulated365

annual cycles, directly affecting seasonal water balances. Hence, our results suggest that calibrations based on streamflow data

only do not necessarily yield reasonable ET simulations and, without verification, important biases in ET can remain. In this

regard, our results differ from Rakovec et al. (2016), who calibrated the mHM model for Europe using only streamflow data,

finding that ET was reasonably simulated.

370

To explore possible reasons that could explain differences in ET seasonalities, we examine simulated annual cycles in

catchment-scale normalized soil moisture for the second (SM
′
2) and third (SM

′
3) soil layers, along with their combinations

SM
′
2+3 and SM

′
1+2+3 (i.e., total water content in the soil column, Figure 9). In VIC, the roots of different land cover types

can reach different soil layers (specified by the user), and ET is computed based on the water availability in the layers where

roots are present. Thus, analyzing different average simulated soil moisture seasonalities is key to explaining when water is375

available for ET.

Similarly to ET, SM1 seasonality can also be shifted with respect to the reference depending on the regularized parameter

(first row in Figure 9). Interestingly, little differences in SM seasonalities arise from the model configurations in the Colorado

River basin, producing the same annual cycles for ET (Figure 5). For Choapa and Cautín, simulated annual ET cycles when

distributing binfilt and Dsmax depart from the remaining configurations (Figure 5), which can be explained by similar differences380

in simulated SM2 and SM3 (Figure 9). These basins (Choapa and Cautín) are covered by forests (particularly the Cautín River

Basin), and their roots have access to the three soil layers. In Choapa (a snow-driven arid basin), roots reach only the second

soil layer for some land cover types (Fig. S.36). Further, discrepancies in the simulated annual cycles of ET with spatially

constant parameters and Depth2 at the Cautín basin are also explained by the simulated behavior in SM2 and SM3. Thus,

similar Q but different ET seasonalities can be achieved by compensations among simulated fluxes and state variables that385

produce a similar streamflow response, but with discrepancies in ET, leading to an extreme case of flux equifinality (Khatami

et al., 2019), stressing the need to evaluate simulated annual cycles of the target variables affecting the water mass balance.

The results presented here reveal trade-offs between the aim to achieve accurate streamflow simulations through parameter

calibration and the aim to replicate other hydrological variables. Specifically, we obtained that different parameter configura-
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tions and objective functions may yield similar streamflow performance, but for very different reasons in terms of simulated390

spatial patterns of other hydrological variables (Kirchner, 2006), which aligns well with previous work incorporating spatial

pattern efficiency metrics in the calibration of distributed hydrological models (e.g., López López et al., 2017; Demirel et al.,

2018b; Zink et al., 2018; Dembélé et al., 2020b; Tong et al., 2021; Demirel et al., 2024). However, our results also show that,

despite possible improvements in spatial efficiencies of different hydrological variables (e.g., ET in Fig. 4), large biases may

remain in basin-scale annual cycles. In this regard, the examination of simulated seasonalities was crucial to detect deficiencies,395

especially for ET and fSCA (Rakovec et al., 2016), as an extension of using only performance metrics (Clark et al., 2021). Fur-

thermore, during the optimization of the model parameters, we found that improving Q-only performance does not necessarily

lead to improvements in metrics for other hydrological variables, highlighting the extent to which equifinality can affect model

fidelity.

6.3 Limitations400

In this study, we used a single satellite remote sensing product for SM1, LST, and fSCA (i.e., we did not analyze uncertainties

arising from the choice of the observational reference product). Further, we regularized one parameter at a time while main-

taining the others spatially constant. However, two or more parameters could be simultaneously regularized (e.g., Mendoza

et al., 2012, 2016), although that would increase the number of (super)parameters to be calibrated (see equation in Figure 2;

Pokhrel et al., 2008). In this regard, a sensitivity analysis of VIC model parameters focused on spatial patterns would be useful.405

Additionally, the analyses presented here could be extended to other lumped or semi-distributed models, taking advantage of

recently developed modular modeling platforms (e.g., Clark et al., 2015; Coxon et al., 2019; Knoben et al., 2019; Craig et al.,

2020) to address well-known streamflow equifinality issues arising from compensatory effects in parameters, state variables,

and fluxes (Khatami et al., 2019).

410

This study examined the effects of streamflow-only calibration of the VIC model on simulated spatial patterns and annual

cycles of variables other than Q. Although we conducted additional calibration experiments by adding more variables to the

OF (Q-ET and Q-SM1), we did not conduct a systematic evaluation that includes all variables and basins, since the associated

benefits have been widely discussed in the literature (e.g., López López et al., 2017; Demirel et al., 2018b; Koppa et al., 2019;

Dembélé et al., 2020a; Tong et al., 2021; Shah et al., 2021; Pool et al., 2024).415

The assessment of models in which the water available for vegetation transpiration comes from different soil layers may benefit

from including satellite products that provide estimates of total water storage - such as GRACE (Güntner, 2008; Werth et al.,

2009; Soltani et al., 2021b) - to complement other sources of information. However, the incorporation of such observational

products in our study domain is challenging because of their relatively coarser horizontal resolution. Future work could ex-

plore the potential of statistically downscaled datasets (e.g., Rakovec et al., 2016; Yin et al., 2018; Vishwakarma et al., 2021;420

Fatolazadeh et al., 2022; Khorrami et al., 2023; Mei et al., 2023) for the calibration and evaluation of hydrological models in

mountainous catchments.
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7 Conclusions

Despite the tremendous advances in the development of satellite remote sensing products that provide information on hydro-

logical variables in space and time, streamflow-only calibration of distributed hydrological models remains a popular practice.425

To identify drawbacks in simulating spatial patterns and annual cycles of variables other than streamflow, we performed several

streamflow-only calibration experiments with the VIC model in six basins located in continental Chile, testing the impacts of

regularizing different soil parameters and the choice of calibration objective function. Our main conclusions are as follows:

– For a given streamflow-based OF and catchment, most of the spatial regularization strategies tested in this study provide

similar OF values, with varying (either positive or negative) effects on the realism of simulated spatial patterns of other430

variables. None of the spatial model configurations tested here was able to provide simultaneous improvements in the

spatial patterns and annual cycles of the variables evaluated in all catchments.

– Improvements in spatial patterns through spatial regularization techniques do not guarantee a correct simulation of the

ET and fSCA annual cycles.

– For the VIC model, ET, SM1, LST, and fSCA simulations do not necessarily improve when Q performance improves.435

– For water balance characterizations, evaluating simulated annual cycles of ET (besides Q) is required to detect model or

data deficiencies and, therefore, decide on the need to incorporate these variables within the calibration process.

– In model structures where several soil layers contribute to transpiration, differences in simulated annual cycles of soil

moisture – obtained from different parameter configurations – may explain discrepancies in ET annual cycles, which, in

turn, may provide very similar streamflow seasonalities (an extreme case of flux equifinality).440
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be found in Boisier (2023).
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Appendix A: Hydrological signatures

The OF5 combines the KGE(Q) with five hydrological signatures using an Euclidean distance approach (Eq. 4). The five

hydrological indices (derived from Yilmaz et al., 2008), evaluate biases in mean annual runoff (HSRR), high flows (HSFHV),455

low flows (HSFLV), the slope of the flow duration curve (HSFMS), and median daily flows (HSFMM). The formulations of each

hydrological signature is as follows:

HSRR =

∑T
t=1 (Q

t
s −Qt

o)∑T
t=1Q

t
o

(A1)

where T is the number of time steps, and the s and o sub-indices refer to simulated and observed values, respectively.

HSFHV =

∑H
h=1

(
Qh

s −Qh
o

)
∑H

h=1Q
h
o

(A2)460

where h= 1,2, ...,H are indices for flows with exceedance probabilities lower than 0.02. The bias in low flow volumes is

computed as follows:

HSFLV =−1 ·
∑L

l=1

[
log(Ql

s)− log(QL
s )
]
−∑L

l=1

[
log(Ql

o)− log(QL
o )
]

∑L
l=1 [log(Q

l
o)− log(QL

o )]
(A3)

where l = 1,2, ...,L are indices for flows with exceedance probabilities between 0.7 and 1, being L the index associated with

the minimum flow. The bias in the mid-segment slope of the FDC is computed as:465

HSFMS =

[
log(Qm1

s )− log(Qm2
s )

]
−
[
log(Qm1

o )− log(Qm2
o )

]

[log(Qm1
o )− log(Qm2

o )]
(A4)

where m1 and m2 represent the lowest and highest exceedance probabilities (0.2 and 0.7, respectively) within the mid-segment

of the flow duration curve. Finally, the bias in the median of daily flows is computed as:

HSFMM =
log(Qmed

s )− log(Qmed
o )

log(Qmed
o )

(A5)

where med corresponds to the median value.470
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Figure 1. Location of the six case study basins considered in this study (center panel), along with the seasonal cycles of precipitation (P),

streamflow (Q), and temperature (in red) for the climatological period 1980-2018. Overlines represent mean annual values. Notice that the

winter season corresponds to JJA, while the summer season to DJF.
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Figure 2. Schematics of the methodology used in this study. (1) Datasets and the main model configuration features used to run the VIC and

mizuRoute models. (2) Approach used to obtain a priori soil parameter fields for each case study basin. (3) Evaluation of streamflow (Q)

simulations and spatial patterns of other variables (X) by contrasting: a simulated and reference map for the variable X (e.g., ET, SM1, LST

or fSCA) for each time step t (Option 1), and simulated and reference time series at each grid cell (Option 2).
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Figure 3. Best objective function value (top row) and streamflow performance metrics (remaining rows) associated with the best parameter set

obtained with spatially constant parameters (i.e., benchmark calibration, θα = 0) and different regularization strategies during the calibration

period (April/2005-March/2018). The columns show results for three different calibration objective functions. In each panel, the results for

individual basins are displayed with different colors.
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(Apr/2005-March/2018). Blue (red) colors represent an improvement (decline) in the performance of simulations. Note that the benchmark

changes among objective functions.
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Figure 5. Catchment-scale annual cycles of streamflow (Q), normalized evapotranspiration (ET’), normalized soil moisture (SM
′
1), land

surface temperature (LST), and fractional snow-covered area (fSCA) in the Choapa (snowmelt-driven), Colorado (mixed regime), and Cautín

(rainfall-driven) River basins (calibration period 2005-2018). Mean monthly values are computed only if at least 50 days with information

are available, and the calculation considers only days with information. Note that there is not enough data to compute monthly SM1 averages

at the Choapa River basin during winter. All the results are associated with the parameter sets that maximize KGE(Q) & KGE(1/Q). Notice

that winter and summer correspond to JJA and DJF, respectively. Streamflow observations and remotely sensed variables are referred to as

“references” and are represented with white dots. ET and SM1 annual values are normalized as X ′ = (X −Xmin)/(Xmax −Xmin).
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Figure 6. Impacts of the spatial regularization strategy on simulated annual cycles for a given calibration metric (columns). The variables

analyzed are streamflow (Q), normalized evapotranspiration (ET’), normalized soil moisture (SM
′
1), land surface temperature (LST), and

fractional snow-covered area (fSCA) for the Cautín River basin (highlighted by a square on the map) during the calibration period (2005-

2018). The reference datasets are shown as white dots. The normalization of ET and SM1 is computed as X ′ = (X−Xmin)/(Xmax−Xmin).
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Figure 7. Spearman’s rank correlation coefficient between the values of calibration metric (OF =KGE(Q) & KGE(1/Q)) and perfor-

mance measures of Q and other simulated variables during the calibration process (N = 2,000 parameter sets). Black(red) numbers represent

correlations with pvalue < 0.05 (pvalue > 0.05). Note that lower values are better for RSME(fSCA), while the Q-based metrics are pos-

itively oriented (higher, better).
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Figure 8. Catchment-scale annual cycles of streamflow (Q), normalized evapotranspiration (ET’), and normalized soil moisture (SM
′
1)

obtained from a multivariate calibration where parameters are spatially constant. Mean monthly values are computed only if there are

at least 50 days with information and consider the same days during the calibration period (2005-2018). Results correspond to the best

parameter set for each objective function (colors). Notice that winter corresponds to JJA, while summer to DJF. Streamflow observations and

remotely sensed variables are referred to as “reference” and symbolized with white dots. The normalization of ET and SM1 is computed as

X ′ = (X −Xmin)/(Xmax −Xmin).
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Figure 9. Catchment-scale annual cycles of normalized soil moisture (SM’) at the Choapa (snow-driven), Colorado (mixed regime), and

Cautín (rainfall-driven) River basins over the calibration period (April/2005-March/2018). The results are associated with the best parameter

set for the objective function KGE(Q) & KGE(1/Q). Notice that winter corresponds to JJA, while summer to DJF. The normalization of SM

is computed as X ′ = (X −Xmin)/(Xmax −Xmin).
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