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ABSTRACT

Low streamflows are critical for sustaining water supply in Mediterranean regions, yet their simulation remains
challenging due to the complex influence of soils on subsurface water storage and release. This study evaluates
how different soil datasets and classification approaches affect the performance of the semi-distributed, physi-
cally based SWAT + model in simulating low streamflows and soil water content (SWC). Using the Mediterranean
Cauquenes catchment in central Chile, we compared two global soil datasets (HWSDv1.2, DSOLMap) and two lo-
cally derived products (CLSoilMapsTex, CLSoilMapsCl). The latter implements a new hydropedological clustering
approach based on K, AW C, and a. Results show that CLSoilMapsCl substantially improved low streamflow sim-
ulations (KGE,; = 0.67, 44 % higher than HWSDv1.2) and reproduced hydrological signatures more accurately.
These findings highlight that integrating hydropedological information enhances the representation of soil-water
interactions in SWAT +, supporting more reliable low streamflow modeling and water-resource assessments in
Mediterranean catchments.
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1. Introduction

In Mediterranean catchments, dry-season streamflow is essential for
sustaining human consumption, agriculture, energy production, and
ecosystem health (Blum et al., 2019; Kirkby, 2016; Pfannerstill et al.,
2014). This segment of the streamflow is referred to as low streamflows
(Smakhtin, 2001; Blum et al., 2019) and typically represents the lowest
30 % of total streamflow (Pfannerstill et al., 2014; Pokhrel et al., 2012).

Soils play a central role in sustaining low streamflows by storing,
transferring, and releasing water into river systems (Vereecken et al.,
2014, 2019). The capacity of the soil to perform these functions de-
pends on key hydropedological properties, such as saturated hydraulic
conductivity (K,) and available water capacity (AW C). These properties
regulate subsurface flows and aquifer recharge, which provide delayed
contributions to rivers during dry periods (Vanderhoof et al., 2024;
Jaffrés et al., 2021; Chagas et al., 2024). Their strong spatial hetero-
geneity across catchments, however, makes low streamflow responses
difficult to represent consistently.

Hydrological models offer a means to simulate these processes but
face inherent challenges. The complexity of soil-water interactions is
difficult to capture, as models require simplifying assumptions in both
structure and parameterization (Cenobio-Cruz et al., 2023; Fernando
et al., 2025; Munoz-Castro et al., 2025). These models come in various
architectures, ranging from simple lumped models to fully distributed
systems. Choosing a specific architecture requires a certain quantity and
quality of data (Fernando et al., 2025; Lopez-Ballesteros et al., 2023).
Additionally, these models demand spatially compatible data, which
often proves to be a difficult task. Therefore, the selection of an ade-
quate strategy to transform raw data into compatible model input data
is crucial to ensure a robust representation of hydrological variables
within a model Rivas-Tabares et al. (2020); Chen et al. (2016); Lei et al.
(2024), particularly those related to low streamflows (Cenobio-Cruz
et al., 2023).

Among input datasets, soils remain one of the most uncertain and in-
fluential controls on model performance (Rivas-Tabares et al., 2020; Lei
et al., 2024). Coarse-resolution data often fail to capture hydrologically
relevant heterogeneity, while fine-resolution data can improve represen-
tation of soil water storage and baseflow regulation (L6pez-Ballesteros
et al., 2023; Chen et al., 2016; Smit et al., 2024a). Yet, finer resolu-
tion also increases model complexity and computational demand, and
does not necessarily improve overall flow simulations (Boluwade and
Madramootoo, 2013; Rivas-Tabares et al., 2020). This trade-off remains
poorly explored for low streamflows, despite their critical importance
for water allocation during dry periods, when errors in water availability
estimates have the greatest consequences.

To better assess model limitations in this context, hydrological sig-
natures have emerged as useful diagnostic tools. These indices, derived
from streamflow data, provide insights into hydrological functioning,
help evaluate model performance in reproducing low streamflow dy-
namics, and highlight potential structural deficiencies (Richter et al.,
1996; Sawicz et al., 2011; Hrachowitz et al., 2014; Westerberg and
McMillan, 2015; McMillan, 2020; Addor et al., 2018).

The Soil and Water Assessment Tool (SWAT; Arnold et al., 2012) and
its enhanced version, SWAT +, (Bieger et al., 2017) are semi-distributed
hydrological models widely used worldwide for simulating streamflows
at the catchment scale. These models simulate complex hydrological pro-
cesses based on mass and energy conservation laws, relying on multiple
parameters to describe the hydrological system. They can simulate not
only streamflow but also sediment and nutrient transport, as well as wa-
ter fluxes within the soil-plant-atmosphere system (Arnold et al., 2012)
and other processes such as plant growth or carbon storage (Yang and
Zhang, 2016; Abitew et al., 2023). Although SWAT+ is a physically
based model, it relies on an underlying hydrological conceptual model
that defines the dominant flow pathways, storage, and process inter-
actions represented through its structure (Fig. 10), which underpins the
mathematical representation of catchment processes. These models have
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been used for a wide range of environmental and hydrological applica-
tions, including land-cover change, uncertainty analysis, and sediment
transport (e.g., Galleguillos et al., 2021; Gimeno et al., 2022; Van Tol
et al., 2021; Lei et al., 2024).

In particular, SWAT + has recently been utilized for simulating low
streamflows and soil water content (SWC) (Van Tol et al., 2021; Lei
et al., 2024). Despite its advanced modeling capabilities, SWAT + often
struggles to accurately simulate low streamflows, which limits our un-
derstanding of this critical hydrological process (Tegegne et al., 2019;
Lei et al., 2024; Pfannerstill et al., 2014). These uncertainties hinder an
accurate simulation of the water balance at the catchment scale, espe-
cially during periods of low flows, which could be particularly relevant
for a precise assessment of changes in water resources (Galleguillos et al.,
2021).

To simulate streamflow, SWAT + requires diverse input datasets,
among which soil properties are particularly critical. In SWAT +, soil
properties must be provided as a structured and classified set of soil
parameters. The model does not directly use gridded datasets of soil
properties; instead, it assigns them to discrete Hydrologic Response
Units (HRUs) based on categorical classifications defined by the unique
combination of land cover, soil, and slope within a sub-catchment,
treated as a hydrologically homogeneous unit for simulation. Therefore,
even if high-resolution gridded soil products are globally available (e.g.,
SoilGrids; Poggio et al., 2021), their continuous property values must
first be grouped or classified into discrete soil classes to meet the
requirements of the model (Harrison et al., 2022; Chagas et al., 2024).

The manner in which soil information is classified and integrated
into SWAT + is crucial, as it directly determines how soil processes
are represented in the simulations. Inaccurate spatial distribution or
oversimplification of soil properties is a common source of model
limitations, often resulting in poor representation of hydrological func-
tions (Rivas-Tabares et al., 2020; Van Tol et al., 2021; Harrison et al.,
2022). Various approaches have been developed to address these prob-
lems, including automatic classification (Rivas-Tabares et al., 2020;
Liu et al., 2024), layer-specific texture-based classification (Lopez-
Ballesteros et al., 2023), and hydropedological mapping techniques (Van
Tol et al., 2021; Smit et al., 2024a,b). The latter, where soils are grouped
according to their hydrological behavior and properties, is particularly
promising for improving the simulation of key processes in SWAT +,
such as soil water storage and lateral water fluxes (Bouma, 2014; Van
Tol et al., 2013, 2021; Harrison et al., 2022; Smit et al., 2024a).

To improve the simulation of low streamflows and SWC in SWAT +,
in this study we explore the following two research questions:

a) Does the use of locally derived soil classifications improve SWAT +
simulations of low streamflows and SWC dynamics compared to
classifications based on global datasets?

b) Between texture-based and hydropedological-based clustering,
which approach provides superior performance in simulating low
streamflows and soil moisture dynamics in SWAT +?

To address these objectives, we evaluate three primary soil datasets
in SWAT+: i) the coarse-resolution, globally available HWSDv1.2
(Fischer et al., 2008); ii) the high-resolution, globally available
DSOLMap (Lépez-Ballesteros et al., 2023); and iii) the locally developed
CLSoilMaps (Dinamarca et al., 2023). Because CLSoilMaps is a gridded
dataset not initially designed for SWAT +, we applied two classifica-
tion approaches to adapt it for model use. The first is the texture-based
clustering method proposed by Léopez-Ballesteros et al. (2023), which
groups soils based on combinations of USDA textural classes across the
first three soil layers (hereafter referred to as CLSoilMapsTex). The sec-
ond is a newly developed hydropedological clustering approach, which
utilizes k-means to group soils based on K, AW C, and the a parameter
from the van Genuchten model (hereafter CLSoilMapsCl). In total, four
soil datasets—two global and two local—are implemented in SWAT +
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Fig. 1. Scheme of the conceptual model implicit in SWAT +, modified from (Neitsch et al., 2011).

for the same catchment and model setup, enabling a comparative as-
sessment of their ability to simulate low streamflows and soil moisture
dynamics using hydrological signatures and statistical metrics (Fig. 1).

2. Methodology
2.1. Study area

Our study area is the Cauquenes en Desembocadura River Basin, lo-
cated in central Chile (Fig. 2). This catchment spans parts of the coastal
mountain range and the Central Depression, and its boundaries were
defined based on the location of the gauging station Rio Cauquenes
en Desembocadura (ID: 7339001, 35.900 °S, 72.050 °W). The total
contributing area is 1750 km?, with elevations ranging from 108 to
736 m a.s.l., a mean slope of 88.9 m km'!, and a mean annual precipita-
tion of 934 mm, concentrated mainly between April and October. Land
cover is dominated by forests (41.5 %), primarily exotic plantations, and
shrublands (39 %).

The climate is classified as warm-summer Mediterranean (Csb)
(Rubel and Kottek, 2010), characterized by warm summers and an ex-
tended dry season that receives less than 40 mm of precipitation. During
this period, low streamflows play a critical role in sustaining agricultural
activities and ecosystems within the basin (Galleguillos et al., 2021).

Soils in the catchment are derived from granitic and metamor-
phic formations of the Chilean Coastal Mountain Range (CIREN, 1997;
CIRENO, 1999). More than 20 soil classes have been identified (CIREN,
1997; CIRENO, 1999), with the predominant taxonomic orders being
Alfisols, Inceptisols, and Vertisols. These soils are mostly associated with
sandy-loam textures (Soto et al., 2019).

2.2. Data sources

2.2.1. Hydro-meteorological data

Daily precipitation (P) and air temperature data were obtained from
5-km resolution gridded product CR2Met (Boisier, 2023), provided by
the Center for Climate and Resilience Research (CR2). This dataset

covers continental Chile at a regular 0.05° latitude-longitude grid and
spans the period from 1960 to the present. The temperature and pre-
cipitation rasters are based on statistical models calibrated against
quality-controlled observational records. This product has been suc-
cessfully validated for the study area using data from local weather
stations (Galleguillos et al., 2021). Daily streamflows were obtained
from the gauging station Rio Cauquenes en Desembocadura, located at
the catchment’s outlet.

2.2.2. DEM and land cover

For the identification of the stream network and the definition
of HRUs and subcatchments, we utilized a DEM derived from Light
Detection and Ranging (LiDAR). The original 5 m resolution dataset de-
rived from unmanned aerial systems (UAS) survey data, as described by
Fassnacht et al. (2021). The dataset was resampled to a spatial resolution
of 20 m to facilitate its integration into the hydrological model. Gaps in
LiDAR coverage were filled using ALOS-PALSAR elevation data (JAXA,
2007), providing a continuous elevation surface.

For land cover, we used the CLDynamicLandCover dataset
(Galleguillos et al., 2024), a dynamic land cover product developed
specifically for central Chile, covering latitudes from 31.61° to 43.50°S
with a spatial resolution of 30 m. This dataset provides land cover
maps at five-year intervals from 1990 to 2018, and was generated us-
ing a semi-automatic classification algorithm initially developed for
the coastal zone of south-central Chile (Galleguillos et al., 2024).
CLDynamicLandCover uses a supervised classification approach, based
on satellite data (Landsat and SRTM) representing reflectance and topo-
graphic variables, complemented by auxiliary cartographic information.
The classification was trained using 15 land cover classes, photo-
interpreted and georeferenced samples from 2018, to derive spectral
signatures for each class. The predictor variables were selected using a
combination of machine-learning algorithms and expert-driven criteria.
Land cover trajectories were corrected using ecological transition rules
and economic cost constraints, including reclassification adjustments
for harvested plantations with overall classification accuracy ranging
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Fig. 2. (Left) Overview Rio Cauquenes en Desembocadura catchment. (Right) Land cover of Cauquenes catchment during 2018 (Galleguillos et al., 2024).

Table 1
Description of local soil dataset and global soil datasets.
N Product Resolution Layers N Description
1 HWSDv1.2 1000 m 2 (0-30; 30-100 cm) Compiled by FAO and IIASA in 2012,

2 DSOLMap 250 m

3 CLSoilMaps 100 m

6 (0-5; 5-15; 15-30; 30-60;
60-100; 100-200 cm)

6 (0-5; 5-15; 15-30; 30-60;
60-100; 100-200 cm)

the Harmonized World Soil Database
(HWSD) is a 30 arc-second raster with
15,000 different soil units derived
from the combination of regional and
national soil information with the
FAO-UNESCO Soil Map of the World
(FAO, 1971-1981).

OpenLandMap is a global soil map
derived from machine learning
techniques and global soil profile
observations (Lépez-Ballesteros et al.,
2023).

CLSoilMaps is a gridded database of
soil properties based on digital soil
mapping (DSM) techniques and pedo-
transfer functions (Rosetta V3), with
a 100 m resolution covering conti-
nental Chile and binational basins
shared with Argentina. It follows

the GlobalSoilMap depth standard
(Dinamarca et al., 2023).

from 0.894 to 0.950 and Kappa coefficients between 0.877 and 0.943
(Galleguillos et al., 2024).

2.2.3. Soil datasets

To assess the effect of using global versus local soil datasets as in-
put data in SWAT+ for the simulation of low streamflows and SWC,
we used two global datasets: i) HWSDv1.2 (Fischer et al., 2008);
ii) DSOLMap (Lépez-Ballesteros et al., 2023), and one local gridded
product, CLSoilMaps (Dinamarca et al., 2023).

Table 1 summarizes the key characteristics of the soil data products
used in this study.

Harmonized world soil database (HWSDv1.2)

The Harmonized World Soil Database (HWSDv1.2), developed by the
FAO (Fischer et al., 2008), is a global dataset providing harmonized
soil taxonomy and attributes at a spatial resolution of 30-arc-seconds
(~1 km). It integrates data from multiple regional and national soil infor-
mation systems, such as SOTER, ESD, WISE, and the Soil Map of China,
as well as the FAO-UNESCO Soil Map of the World at 1:5,000,000 scale
(FAO, 1971-1981). The database includes over 16,000 distinct soil map-
ping units (or soil classes) across a global grid of 21,600 rows by 43,200
columns. Each grid cell is linked to standardized attribute tables that

describe key soil properties for two soil layers (0-30 and 30-100 c¢m), in-
cluding organic carbon, pH, cation-exchange capacity, AW C, soil depth,
clay content, texture class, salinity, sodium-exchange percentage, lime
and gypsum content, and total exchangeable nutrients. For SWAT + ap-
plications, this dataset was adapted by Lopez-Ballesteros et al. (2023),
who estimated additional soil-hydraulic parameters using pedotransfer
functions. These estimates were necessary to derive the full set of soil
input parameters required by SWAT +.

Digital soil OpenLand map (DSOLMap)

The Digital Soil OpenLand Map (DSOLMap) (Lépez-Ballesteros et al.,
2023) is a global soil dataset developed to facilitate hydrological sim-
ulations in SWAT +, integrating gridded soil information. DSOLMap is
based on SoilGrids (Poggio et al., 2021), a global soil database developed
by ISRIC that uses machine-learning with 350,000 soil-profile observa-
tions to generate predictions of physical and chemical soil properties
across six standardized depth intervals (up to 2 m) at a 250-m spatial
resolution (Poggio et al., 2021).

To adapt this gridded dataset for SWAT + applications, WaterITech
and UCAM developed an automated Python framework that processes
SoilGrids map layers, first to create soil classes based on the combined
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USDA textural classification of pixels for each soil layer and to extract
essential SWAT + parameters, such as soil texture, bulk density (BD),
organic carbon content, and water content at field capacity and wilt-
ing point (Lopez-Ballesteros et al., 2023). Additional properties, such as
K, soil albedo and soil erodibility, were derived using ensembles of pe-
dotransfer functions, following methods from Abbaspor et al. (2019).
The final product, DSOLMap, is a soil database designed for global
hydrological modeling and compatible with SWAT +.

CLSoilMaps

As a local soil dataset, we used CLSoilMaps (Dinamarca et al., 2023;
Galleguillos et al., 2024), which is a gridded product of soil physical and
hydraulic properties, developed using digital soil mapping techniques
and Rosetta V3 pedotransfer functions (Schaap et al., 2001). The dataset
has a spatial resolution of approximately 100 m and covers continental
Chile, including transboundary basins shared with Argentina. It includes
six standardized soil depth intervals, following the specifications of the
GlobalSoilMap project (Arrouays et al., 2018). This gridded product is
based on a newly compiled national soil profile database (Seguel et al.,
2023), which integrates information from various land cover types, in-
cluding agricultural lands, forests, wetlands, shrublands, and Andean
grasslands. Environmental covariates were derived from SCORPAN soil-
forming factors (i.e., soil, climate, organisms, relief, parent material, age,
and spatial position).

2.2.4. In situ soil data

Soil water content. = We included observed volumetric soil water con-
tent (SWC) data from 16 monitoring stations distributed throughout
the Cauquenes catchment (Fig. 2). These stations are equipped with
EnviroSCAN instruments and TEROS 10 and TEROS 12 sensors, con-
nected to data loggers and installed at varying depths since 2018. SWC
was recorded hourly and then averaged to obtain daily values. These
data were used to compare simulated and observed SWC, aiming to
assess how different soil datasets affect the representation of internal
catchment processes in SWAT+, particularly how water is retained
within the soil profile (Van Tol et al., 2021). This comparison is cru-
cial for a deeper understanding of how different soil datasets capture
the variability of low streamflows among different soil classes (Van Tol
et al., 2021; Harrison et al., 2022; Smit et al., 2024a).

Soil properties. To assess the accuracy and representativeness of the
soil datasets described in Section 2.2.3, we used soil-pit data from the
ChSPD database as a reference (Seguel et al., 2024), a national soil-
profile dataset for continental Chile. It contains 19,769 georeferenced
records representing 14,029 soil profiles, with measurements of 20 phys-
ical, hydraulic, and chemical soil properties. The number of observations
per property varies with the soil horizons sampled. For the Cauquenes
catchment specifically, the database includes 101 soil pits. In particular,
we compared texture percentages and key soil hydrological properties,
such as AW C, K, and BD.

2.3. New soil datasets for SWAT +

SWAT+ requires grouping soil information to define Hydrologic
Response Units (HRUs). Since CLSoilMaps is a gridded product, it can-
not be used directly in SWAT +, because the model does not operate
on a cell-by-cell basis. Therefore, the rasterized soil data must first be
classified or simplified into discrete soil units to match the conceptual
structure of the model. To achieve this, we applied two classification
approaches to the gridded data. First, we adopted the method used
to develop the DSOLMap dataset (Lopez-Ballesteros et al., 2023), and
named the resulting dataset CLSoilMapsTex. Second, we propose a
novel hydropedological classification method that accounts for three key
soil parameters controlling soil-water transfer and named the resulting
dataset CLSoilMapsCl.
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2.3.1. CLSoilMapsTex

To evaluate the influence of the soil classification methodology on
hydrological simulations of low streamflows and SWC, we first imple-
mented the method proposed by Lépez-Ballesteros et al. (2023), which
involves assigning USDA soil texture classes to each of the first three soil
layers within the gridded dataset. These texture classes are then com-
bined across the vertical profile to define unique composite soil units
based on their three-layer textural configuration.

For example, if a CLSoilMaps grid cell is classified as loam in the first
layer (0-30 cm), clay loam in the second layer (30-60 cm), and silty clay
in the third layer (60-100 cm), its final composite class would be “loam-
clay loam-silty clay”. All grid cells with this exact sequence are grouped
into the same soil category for hydrologic modeling purposes. This en-
ables the preservation of vertical textural variability while simplifying
the map into a manageable number of distinct soil classes.

2.3.2. CLSoilMapsCl

Second, we introduce a novel hydropedological clustering method
for classifying soils based on three key hydraulic soil properties: K|,
AWC, and the a parameter from the van Genuchten model (Van
Genuchten et al., 1991), all derived from the CLSoilMaps dataset. These
variables were selected due to their critical role in the hydrological be-
havior of soils, particularly related to water transmission and retention
processes (Lei et al., 2024). K represents the soil’s ability to transfer wa-
ter when it is fully saturated, strongly influencing infiltration, recharge,
and subsurface flows. AW C denotes the volume of water that a soil can
store and make available for plant uptake, defined as the difference be-
tween field capacity and wilting point. « describes the inverse of the
air-entry suction relationship and is related to the pore-size distribu-
tion, affecting how quickly SWC changes with pressure, and therefore
how responsive the soil is to drying or wetting events.

The proposed methodology is based on the widely used k-means
algorithm, chosen for its simplicity and its ability to facilitate the visual-
ization of complex multidimensional soil datasets through spatial maps
during exploratory analyses (Rivera et al., 2015). Moreover, k-means
has been widely applied in soil mapping and proven robust for group-
ing soils with similar physical or hydrological characteristics in diverse
landscapes (Hot and Popovic-Bugarin, 2016; Zeraatpisheh et al., 2019;
Hassan Hayatu et al., 2020).

The first step in this classification involves identifying the optimal
number of clusters to represent the hydrological soil units. To achieve
this, we used the ClusGap method (Tibshirani et al., 2001), which
generates candidate cluster solutions with k-means and then evaluates
them by comparing the observed within-cluster dispersion against that
expected under a null reference distribution. The optimal number of
clusters, denoted k*, corresponds to the value of k that maximizes the
gap statistic Gap(k) adjusted for sampling variability:

k* = argm,?x{Gap(k)—skH} (€D)

where s, is a standard deviation measure of the gap statistic.

After identifying the optimal number of clusters using the ClusGap
method, the soil dataset is classified using the k-means clustering algo-
rithm to delineate hydrological soil units. K-means divides the dataset
into k clusters by minimizing the within-cluster sum of squares (WCSS),
defined as:

k
wesS =)' Y fix— uil 2

i=1 xeC;

where C; is the i-th cluster, x is a data point in C; and y; is the centroid
of C,.

To apply the k-means algorithm to raster data, we implemented
a custom R function that incorporates spatial weights based on the
rasterkmeans function from the R package ecbtools (Williamson,
2016).
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In addition to soil classification maps, SWAT+ requires a soil
database that specifies multiple parameters for each hydrological soil
unit, including soil texture, K,, AW C, BD, soil layer thickness, and
total soil depth. For the two soil products derived from the gridded
CLSoilMaps dataset (CLSoilMapsTex and CLSoilMapsCl), these param-
eters were directly extracted and summarized according to their respec-
tive classes. Additional variables, such as soil albedo and erodibility,
were estimated using pedotransfer functions, following the methodol-
ogy of Abbaspor et al. (2019). The resulting two datasets are compiled
as CLSoilSWAT and are publicly available in Gimeno et al. (2024).

2.4. Hydrological modeling with SWAT +

2.4.1. Model description

To simulate low streamflows and SWC, we used the Soil and Water
Assessment Tool Plus (SWAT+) (Bieger et al., 2017) hydrological
model. This is a process-based, semi-distributed hydrological model
for catchment-scale applications. It uses Hydrologic Response Units
(HRUs) to represent water, sediment, and nutrient fluxes within a catch-
ment. SWAT+ is the updated version of the original Soil and Water
Assessment Tool (SWAT; Arnold et al., 2012), incorporating enhanced
spatial representation and greater modeling flexibility (Bieger et al.,
2017).

Hydrologic Response Units (HRUs) in SWAT + are homogeneous spa-
tial units in terms of soil class, land cover, slope, and water management
practices (Neitsch et al., 2005). This structure enables a detailed assess-
ment of the water balance components under varying land cover condi-
tions (Arnold et al., 2012). In this study, surface runoff was estimated
using the modified SCS Curve Number method (CN). Water movement
through the leading drainage network was simulated using the variable
storage routing method. Actual evapotranspiration (ETa) was calculated
using the Hargreaves equation (Hargreaves and Samani, 1985), with
minimum and maximum temperatures from the CR2METv2.5 dataset
(Boisier, 2023). Model input data were processed using QGIS for spatial
data preparation (Dile et al., 2015), and simulations were carried out
using SWAT + revision 60.5.4.

Soil water content in SWAT +

Fig. 3 shows the main processes influencing SWC simulated in
SWAT +, including infiltration, soil water retention, recharge, sub-
surface flow, groundwater re-evaporation (referred to as Revap in
SWAT +), bypass flow, evapotranspiration, and overland flow. These
processes are directly or indirectly influenced by the soil properties
provided as parameters in the soil datasets.

In any given day, the simulation of SWC in SWAT + is driven by the
following water balance equation (all the terms are in mm H,O):

t
SVVI :SVVO+Z (Rday_qurf_Ea _wsccp_ng) &)

i=1

where SW, is the final SWC, SW, is the initial soil water content on day
i, t represents the time in days, Ry, is the precipitation, Qs accounts
for the surface runoff, E, denotes the actual evapotranspiration, W,
represents the water entering the vadose zone from the soil profile, and
Q,,, is the groundwater return streamflow.

For more details on the SWAT + soil water balance structure and
governing equations, refer to Neitsch et al. (2011) and Appendix A.

2.4.2. SWAT+ implementation

Once the individual soil maps for the Cauquenes catchment were
available, they were independently integrated into the SWAT + model,
keeping all other inputs constant. The four SWAT + models used to sim-
ulate streamflow and SWC were therefore named HWSDv1.2, DSOLMap,
CLSoilMapsCl, and CLSoilMapsTex, reflecting the soil dataset on which
each model was based.

When these different soil datasets were introduced into SWAT +
for the Cauquenes catchment, distinct configurations of Hydrologic
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Response Units (HRUs) emerged due to variations in soil classification
and spatial resolution. The CLSoilMapsTex dataset yielded the high-
est number of HRUs (1296), reflecting the increased heterogeneity of
the map, whereas CLSoilMapsCl generated 903 HRUs. In contrast, the
global datasets HWSDv1.2 and DSOLMap produced 783 and 1208 HRUs,
respectively.

We evaluated whether the differences among the simulations using
different soil datasets were statistically significant. We first tested the
normality of model outputs using the Kolmogorov-Smirnov test. Given
the non-normal distributions in all cases, pairwise comparisons were
conducted using the Wilcoxon test from the stats R package (Bauer,
1972; R Core Team, 2025) where the differences were significant (p —
value < 0.001).

2.4.3. Model calibration

To reduce the number of parameters to be calibrated, a sensitivity
analysis was performed on 20 parameters, selected based on vari-
ous literature sources. The sensitivity analysis was carried out using
a variance-based global sensitivity analysis technique (Sobol) (Saltelli
et al., 2010), which provides an efficient and robust approach to assess
parameter sensitivity across their full range of values. The parame-
ters included in the analysis are listed in Table 3, and their physical
ranges were obtained from the SWAT + user manual (Bieger et al., 2017)
(Table 2).

Once the sensitive parameters were obtained, the four models
were calibrated using the global optimization algorithm hydroPSO
(Zambrano-Bigiarini et al., 2013), with the objective function defined as
the modified Kling-Gupta Efficiency (KGE) for low streamflows (Garcia
etal., 2017) (Eq. 4), which utilizes the KGE by Gupta et al. (2009) (KGE
2009).

KGE(Q) + KGE(1/0)

5 C)]

KGE; =

where KGE,, is the Kling-Gupta Efficiency for low streamflows, calcu-
lated as the average of the standard KGE (Gupta et al., 2009) applied
to the observed and simulated streamflow (Q) and to the inverse of
streamflow (1/Q).

The hydroPSO calibration uses the default particle swarm optimiza-
tion (PSO) algorithm, as described by Zambrano-Bigiarini et al. (2013).
The initial parameter values were set to the default values provided
by SWAT +. The parameter ranges for calibration were taken from the
SWAT + user manual (Bieger et al., 2017).

The simulation was divided into three phases: a warm-up (1989),
a calibration phase (2000-2022), and a validation phase (1990-1999).
This structure prioritized model calibration for a more recent period, in-
cluding the 2010-2022 mega-drought (Garreaud et al., 2025), thereby
enhancing the model’s ability to simulate prolonged low streamflow
conditions.

2.4.4. Evaluation of low streamflows

Following calibration, we evaluated the daily streamflow simulations
by comparing them against observations from the Cauquenes gauging
station at Desembocadura. As the primary objective of this study was
to assess the performance of low streamflow simulation, we focused the
evaluation on this streamflow segment using a set of commonly applied
statistical indices. We included the log-transformed Root Mean Square
Error (logRM SE) (Bekele and Nicklow, 2007) to emphasize low-flow
accuracy during calibration (Pfannerstill et al., 2014). Additionally, we
used the Bias for Low Flow Volume (BF LV') and the Mean Square Error
of Log Discharge (M SEL), both proposed by Pokhrel et al. (2012).
M SEL is particularly effective in capturing model performance during
periods of hydrograph recession.

| < o\
logRMSE = N g{ <10g <a:>> (5)
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Fig. 3. Water movement in SWAT +, with a focus on soil water dynamics within the model. Modified from Arnold et al. (2012).

Table 2
Model parameters used in the sensitivity analysis.
N Parameter Archive Default value  Range Description
1 ALPHA _BF aquifer.aqu 0.05 0-1 Alpha factor for groundwater recession curve (1/day)
2 REVAP aquifer.aqu 0.02 0.02-0.2 Groundwater revap coefficient
3 PERCO hydrology.hyd 0.5 0-1 Recharge coefficient
4 CN cntable.lum - 0.8-1.2 Curve Number
5 FLOW_MIN aquifer.aqu 3 0-10 Threshold depth from surface to water table for groundwater flow to occur (m)
6 REVAP_MIN aquifer.aqu 5 0-10 Threshold depth from surface to water table for revap to occur (m)
7 LATQ_CO hydrology.hyd  0.01 0-1 Lateral flow coefficient
8 Soil K soil.sol - 0.01-10 Soil saturated hydraulic conductivity (K,)
9 Soil AWC soil.sol - 0.8-1.2 Available Water Capacity (AW C)
10 Soil_BD soil.sol - 0.8-1.2 Soil bulk density (BD)
11 Soil_ CBN soil.sol - 0.5-1.5 Soil Carbon
12 SPEC_YLD aquifer.aqu 0 0-0.4 Specific yield of the aquifer
13 ESCO hydrology.hyd 0.5 0.01-1 Soil evaporation compensation factor
14  EPCO hydrology.hyd 0 0.01-1 Plant uptake compensation factor
15 RCHG_DP aquifer.aqu 0 0-1 Recharge coefficient from shallow to deep aquifer
16 CAN_MAX hydrology.hyd 1 0-100 Maximum canopy storage (mm)
17 CAN_HT MAX  plant - 0.75-1.25  Maximum canopy height
18 RT_DP_MAX plant - 0.8-1.2 Maximum root depth
19 CN3_SWF hru.rlt 1 0-1 Soil water factor for CN3
20 gwflo aquifer.aqu 0.05 0-2 Initial groundwater flow

where N is the total number of time steps, O and Q are the simu-
lated and observed discharges at time step i, respectively. The term

log ( g ) reduces the influence of extreme values by emphasizing relative
deviations.
N
Zi=1 (Qlow.i - Qlow,i) x 100
N
Zi=1 Qlow,i

where Q,,,, and Q,,,, are the simulated and observed low streamflows at
time step i, respectively.

BiasFLV = (6)

N

1 ~
MSEL = ~ z (log;0(0;) — log;o(Q))’ %)

i=1

where O and Q are the simulated and observed streamflow at time step
i, respectively. The logarithmic transformation reduces the influence of
high flows and emphasizes model performance during recessions.
Additionally, we conducted a visual inspection of the Flow Duration
Curve (FDC) for each model, focusing on their respective low streamflow

segments. The FDC shows the percentage of time that a given stream-
flow is equaled or exceeded, effectively representing the flow probability
distribution (Kincheon S., 1959). For diagnostic purposes, it is essential
to identify specific discharge ranges where the model underperforms.
We examined FDC segments for low (Q70-Q95), and very low flows
(Q95-Q100). The exceedance probability ranges from 0 % to 100 %,
with Q100 representing the discharge that is exceeded 100 % of the
time.

FDC has been widely used to evaluate streamflow simulation perfor-
mance, particularly for assessing high-flow events, typically associated
with exceedance probabilities below 2 % (Yilmaz et al., 2008). In
contrast, the low streamflow segment is typically evaluated within an
exceedance range of 70 % to 100 %, where discharges with exceedance
probabilities between 70 % and 95 % are classified as low stream-
flows, and those exceeding 95 % are classified as very low streamflows
(Pfannerstill et al., 2014).

In our study, we incorporated hydrological signatures to assess
specific aspects of catchment hydrological behavior for the low stream-
flow segment and to evaluate the model’s ability to reproduce these
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Summary of hydrological signatures. A more detailed description is given in Appendix B.

Hydrological signature Description

Reference Equation

low_Q_dur Low Flow Duration. Continuous
period during which daily stream-
flow is less than 20 % of the mean

discharge

low_Q_frec Low Flow Frequency. Average

number of daily low streamflow

events per year yr!, defined using

a threshold of 20 % of the mean

daily streamflow.

BFI Baseflow Index. Ratio of baseflow
to total streamflow over a given
period

QuantileN Streamflow value corresponding
to the 70th percentile of the flow
duration curve

Low Flow Magnitude. Mean
streamflow during the seven
consecutive days with the lowest
flows in the time series

QnDaysMin

FDC_slope Slope of the flow duration curve,
typically calculated between the
33rd and 66th percentiles. In
this study, the 70th and 95th
percentiles were computed to
characterize the low streamflow

segment.

(Addor et al., 2018)

M=

1
low_Q_dur = ~ D; 8)

(Addor et al., 2018) i=1

. N
low_Q_frec = T ©)

(McMillan, 2020)

(10)
(Addor et al., 2018) i=1

(Richter et al., 1996)

7
OnDaysMin = % Z Orini a1
(Sawicz et al., 2011) i=1

In(Qro ) — I(Qss 5
FDC_slope = M@0 2) =I5 ) ) o)
0.95-0.70

dynamics across different soil data configurations. These signatures cap-
ture key hydrological processes—such as low streamflow duration, low
streamflow frequency, or baseflow, providing a valuable complement
to standard statistical metrics (McMillan, 2020; Pizarro and Jorquera,
2024). We employed a set of hydrological signatures (Table 3) to
evaluate variations in low streamflow dynamics.

2.4.5. Simulation of soil water content

The soil water content (SWC) simulated by SWAT + was evaluated
against in situ observations to assess the model’s ability to represent
soil moisture dynamics under different soil datasets (Vereecken et al.,
2019; Vanderhoof et al., 2024). In SWAT +, SWC is reported for each soil
layer as the amount of water stored within the available water capacity
(AWC), expressed in millimeters of water. For this study, we used the
output corresponding to the upper 30 cm layer and, additionally, com-
puted the root-zone (0-100 cm) SWC as the cumulative average across
layers.

To compare with field measurements, the simulated SWC (mm) was
converted to volumetric soil water content (m® m-3) using the soil layer
thickness (Az, mm) as follows:

SWC,
2 mm (13)

SWCUOI = Az

Observed SWC values were measured at different depths across the
monitoring network. To harmonize these measurements with the simu-
lated depths, we estimated the representative SWC at 30 cm and 100 cm
(root-zone) using the depth-weighted approach of Li et al. (2005):
SWC = (0.10x 6, +0.90 X 6,) a4
where SW C represents the SWC (m® m-3) in the upper 30 cm of the soil,
and 6 denotes the fractional SWC in layer i, in this example considering
two layers.

Additionally, simulated soil water content (SWC) in SWAT + is re-
ported as the amount of water stored within the available water capacity
(AWC) of each soil layer, expressed in millimeters of water. Because the
model does not calculate the permanent wilting point (PWP) internally,

the AWC values provided as input already represent the difference be-
tween field capacity and PWP. To facilitate comparison with in situ soil
moisture data (reported in volumetric units and representing the total
SWCQ), we estimated PWP externally following the equation provided in
the SWAT theoretical manual and Zare et al. (2022), (Eq. 15).

m, X py
100

WP, =04- 15)
where W P, is the water content at the wilting point, m, is the percent
clay content of the layer (%), and p, is the BD for the soil layer (g cm™).

This correction allowed expressing simulated SWC in volumetric
units consistent with the observed data and ensured a comparable
reference for model evaluation. Comparisons between simulated and ob-
served SWC were conducted daily. Simulated values were extracted from
the water balance output of the corresponding Hydrologic Response Unit
(HRU), where each SWC monitoring station was located. Model perfor-
mance was evaluated at the surface depth, with a particular emphasis on
capturing the temporal dynamics of SWC. For this purpose, we used the
Pearson correlation coefficient to assess temporal agreement, the Root
Mean Square Error (RMSE) to quantify deviations between simulated
and observed values, the Percent Bias (PBIAS) to measure the model’s
tendency to over- or underestimate observations, and the unbiased Root
Mean Square Error (ubRMSE) to quantify the random errors after bias
removal, reflecting the model’s ability to capture temporal variability
(Entekhabi et al., 2010).

2.5. Workflow

Fig. 4 illustrates the integration of advanced soil mapping and
hydrological modeling using SWAT + to simulate daily hydrological pro-
cesses and assess the dynamics of the catchment. Inputs include soil
maps (CLSoilMaps clusters, CLSoilMaps textures, DSOLMap, and FAO
HWSDv1.2), land cover maps, and hourly/daily climate data (P, max
temperature Tmax, and min temperature Tmin). The process incorpo-
rates parameter sensitivity analysis (Sobol, 2001) and calibration using
Particle Swarm Optimization (PSO) for the calibration (2000-2022) and
validation (1990-1999) periods. The first step (panel 1) involves creat-
ing the SWAT + input using local soil data. In the second step (panel 2),
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Fig. 4. Research workflow, divided into three main steps. 1) Soil Maps as Input for SWAT +. 2) SWAT+ runs with sensitivity analysis and calibration. 3) Results

analysis with statistical and hydrological signatures metrics.

the SWAT+ model is run, and the most sensitive parameters are cali-
brated. The third step (panel 3) focuses on analyzing low streamflows
and SWC simulations.

3. Results
3.1. New soil datasets

Based on the CLSoilMaps gridded dataset, we developed two new
high-resolution soil datasets for continental Chile, specifically tailored
for SWAT + modeling applications.

The first new soil dataset, CLSoilMapsTex, resulted in 53 soil classes
within the Cauquenes catchment while maintaining the six-layer struc-
ture and standardized depth intervals defined in CLSoilMaps. For each
hydrological soil unit, CLSoilMapsTex provides per-layer values for
SWAT + parameters, including AW C, K,, BD, texture fractions, soil
albedo, and the soil erodibility index.

For the k-means classification based on key hydropedological prop-
erties (AW C, K, and a), the ClusGap statistic, identified six optimal
soil clusters in the Cauquenes catchment. Accordingly, the CLSoilMapsCl
dataset was generated with these six soil classes, preserving the six-layer
depth structure of CLSoilMaps and providing the same suite of SWAT +
parameters as CLSoilMapsTex.

In contrast, the global datasets HWSDv1.2 and DSOLMap repre-
sent the Cauquenes catchment with only three and 32 soil classes,
respectively, while maintaining their original layer configurations and
parameter values from the source products (Fig. 5).

Fig. 6 compares soil texture and hydropedological properties across
five datasets: Observations from 101 soil pits in the Cauquenes catch-
ment, CLSoilMapsCl, CLSoilMapsTex, DSOLMap, and HWSDv1.2. The
top-left bar plot displays that CLSoilMapsCl has the highest sand con-
tent, while HWSDv1.2 exhibits the highest clay content. The AW C

boxplot indicates that observed soils exhibit greater variability and
higher median water retention, while HWSDv1.2 and DSOLMap consis-
tently underestimate AWC. In the K| plots, the observed values show
a wide distribution, while HWSDv1.2 and DSOLMap display low and
narrow ranges, suggesting limited infiltration estimates. Lastly, the BD
boxplot reveals that observed data spans the broadest density range,
with HWSDv1.2 and DSOLMap producing more constrained and higher
values.

3.2. SWAT+ calibration

In the sensitivity analysis focused on low streamflows, the most in-
fluential parameter was FLO_MIN (Appendix C), which represents the
threshold depth from the surface to the water table for groundwater flow
to occur. K, (called SOL K in SWAT +) was also sensitive (Appendix C).
Other soil-related parameters, such as PERCO (which governs the rate of
infiltration between layers) and the lateral flow coefficient (LATQ_CO),
are also functionally tied to soil hydraulic behavior and are sensitive.
For instance, when K, values are low, PERCO tends to compensate
by allowing more vertical movement. Similarly, lateral flow is inher-
ently controlled by both soil texture and conductivity, demonstrating
the indirect but important influence of soil properties on model sensi-
tivity. These sensitive parameters are not only important for streamflow
simulations, but also for SWC.

Based on the Sobol sensitivity analysis using CLSoilMapsCl, we
retained the 11 most influential and identifiable parameters for cali-
bration across all soil-map scenarios. To isolate the effect of the soil
datasets themselves, we fixed soil saturated hydraulic conductivity
(K,) to the values provided by each map and excluded K, from cal-
ibration. Calibrating K, would have retuned the very property that
differs most between maps, introducing compensation and masking true
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dataset-driven contrasts in SWC and runoff partitioning (i.e., confound- helps prevent structural bias from propagating into groundwater and
ing the treatment effect). We included CN2 in the final calibration evapotranspiration parameters (e.g., ALPHA BF, RCHRG_DP, ESCO,
set because allowing limited adjustment of surface runoff potential REVAP). This design preserves between-map hydraulic contrasts (via

10
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Table 4
List of parameters retained for calibration after Sobol sensitivity analysis and their configurations.
N Parameter Archive Method Default value Calibration range Description
1 FLOW_MIN aquifer.aqu Replace 3 0-10 Threshold depth from surface to water table for groundwater flow to occur (m)
2 REVAP aquifer.aqu Replace 0.02 0.02-0.2 Groundwater revap coefficient
3 RCHG_DP aquifer.aqu Replace 0 0-1 Recharge coefficient from shallow to deep aquifer
4 PERCO hydrology.hyd Replace 0.5 0-1. Recharge coefficient
5 REVAP_MIN aquifer.aqu Replace 5 0-10 Threshold depth from surface to water table for revap to occur (m)
6 LATQ_CO hydrology.hyd Replace 0.01 0-1 Lateral flow coefficient
7 SPEC_YLD aquifer.aqu Replace 0 0-0.4 Specific yield of the aquifer
8 CN3_SWF hru.rlt Replace 1 0-1 Soil water factor for CN3
9 ESCO hydrology.hyd Replace 0.5 0.01-1 Soil evaporation compensation factor
10 ALPHA _BF aquifer.aqu Replace 0.05 0-1 Alpha factor for groundwater recession curve (1/day)
11 CN2 cntable.lum Mult - 0.8-1.2 multiplication Curve Number

fixed K,) while maintaining model fidelity through the most influential,
non-redundant parameters.

The calibrated values, along with those of the remaining parame-
ters, were obtained using the hydroPSO algorithm and are presented
in Appendix D, and Table 4 presents the complete list of calibrated
parameters.

Under the same calibration parameters and computational configura-
tion, total calibration times were approximately 12 h for CLSoilMapsCl,
17 h for CLSoilMapsTex, 12 h for HWSDv1.2, and 16 h for DSOLMap.
These simulations were executed on a high-performance Linux server
(Ubuntu, kernel 5.15.0) equipped with dual Intel® Xeon® Gold 6438 M
processors (64-cores, 128-threads, 2.6 GHz) and 256 GB RAM.

3.3. Simulation of low streamflows

For low streamflows, the daily results for the calibration period
(2010-2022) and validation period (1990-2010) are presented in Fig. 7.
All the models were evaluated using several metrics of performance:
Kling-Gupta efficiency for low streamflows (KGE, ) (Garcia et al.,
2017), log root mean square error (IogRMSE) (Bekele and Nicklow,
2007), mean squared error in log space (MSEL) (Pokhrel et al., 2012),
and bias in low streamflow volume (BiasFLV) (Pokhrel et al., 2012).

During calibration, CLSoilMapsCl exhibited the highest KGE,,
(0.63), indicating a better agreement with the observed low stream-
flow dynamics compared to other models. However, it also presented
the highest BiasFLV (13.56 %) with an overestimation of low streamflow
volumes. DSOLMap and CLSoilMapsTex showed relatively balanced per-
formance with BiasFLV values of 9.48 % and 8.07 %, respectively, and
KGE,; values above 0.56. In contrast, HWSDv1.2 showed the lowest
KGE; (0.49), indicating greater difficulties in capturing low stream-
flow variability. When considering logRMSE, CLSoilMapsCl exhibited
the lowest error (1.14), while CLSoilMapsTex and HWSDv1.2 showed
higher values of 1.33 and 1.31, respectively. These results suggest that
soil maps incorporating local data (CLSoilMapsCl, CLSoilMapsTex) out-
perform the HWSDv1.2 dataset in simulating low streamflow conditions.

During validation, CLSoilMapsCl maintained the best performance in
terms of KGE, ’ (0.67) and logRMSE (0.89), confirming the robustness
of locally derived soil maps in reproducing low streamflow dynamics.
However, its BiasFLV persisted at a high level (31.15 %), indicating
continued overestimation of low flows. CLSoilMapsTex showed a de-
crease in KGE;, (0.46), but maintained stable MSEL (0.27), indicating
moderate reliability in different periods.

The HWSDv1.2 model showed the poorest performance during the
validation period, with the lowest KGE,;, (0.45), and a BiasFLV of
—23.42 %, indicating a severe underestimation of low streamflow condi-
tions. The DSOLMap model demonstrated improved performance during
validation, with a BiasFLV of —0.04 %.

We also analyzed low streamflow events during dry years
(1990-1991), as shown in Fig. 8. This figure compares the low
streamflows observed and simulated for four modeling approaches:
a) HWSDv1.2, b) DSOLMap, c) CLSoilMapsTex, and d) CLSoilMapsCl.
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CLSoilMapsCl demonstrates the best agreement with observed flows,
with a KGE,, of 0.6, an MSEL of 0.01, and a BiasFLV of —14.21 %,
suggesting a moderate underestimation of low flows. In contrast,
CLSoilMapsTex exhibits an overestimation, reflected in a BiasFLV
(164.45 %), a higher logRMSE (0.95) and MSEL (0.17). The HWSDv1.2
shows the weakest performance, with a low KGE, + (0.05), a higher
MSEL (0.06), and a BiasFLV (68.44 %), highlighting the deviations from
observed conditions. Meanwhile, DSOLMap also exhibits low perfor-
mance, with a KGE;; of —2.09, an MSEL of 0.12, and BiasFLV of
88.61 %, highlighting substantial overestimation of low streamflows.
Overall, CLSoilMapsCl provides the best performance simulation of
low streamflows, whereas DSOLMap and CLSoilMapsTex exhibit larger
discrepancies.

The Flow Duration Curves (FDCs) for low streamflows (Q70-Q95
range of the probability of exceedance) provide a detailed compari-
son of observed and simulated results from different models. Panel A
in Fig. 9, illustrates the observed FDC, capturing the overall stream-
flow characteristics and emphasizing the low streamflow regime. The
CLSoilMapsCl (panel B, red) performs moderately well, with an FDC
slope of 7.81 compared to the observed value of 8.92, indicating
a reasonable representation of low streamflows. However, it shows
some deviations in the upper part of the exceedance probability range
(Q70-Q80). In contrast, the CLSoilMapsTex (panel C, blue) exhibits dis-
crepancies compared to the observed curve line with overestimation
below 80 % exceedance probability and underestimation above this
threshold, but its FDC slope (8.6) remains close to the observed value.
The HWSDv1.2 scenario (panel D, green) demonstrates poor visual per-
formance, with an FDC slope of 10.49. However, the DSOLMap scenario
(panel E, purple) overestimates low streamflows with an FDC slope
of 17.93.

Table 5 compares the hydrological signatures at the catchment outlet
between the observed and simulated values using different soil datasets.
The observed Low Flow Duration was 16.5 days, and the CLSoilMapsCl
dataset produced the closest result (13.2 days), while CLSoilMapsTex
strongly underestimated it (7.8 days). The global datasets produced
intermediate values, with 11.4 days for HWSDv1.2 and 9.2 days for
DSOLMap. In terms of Low Flow Frequency, all models showed a good
agreement with the observed frequency of 0.26. CLSoilMapsCl repro-
duced it almost exactly (0.27), and DSOLMap provided the lowest
estimate (0.23).

The Baseflow Index (BFI), which quantifies the contribution of base-
flow to total streamflow, was most poorly represented by CLSoilMapsTex
(0.53), substantially exceeding the observed value of 0.36. The global
datasets HWSDv1.2 and DSOLMap produced more moderate overesti-
mations (0.41 and 0.39, respectively), while CLSoilMapsCl showed the
best agreement (0.34). For the 30th percentile flow (Q30), the observed
value was 0.75 m/s. All simulations overestimated these values, with
CLSoilMapsTex again performing worst (1.95 m/s) and CLSoilMapsCl
performing best (0.84 m/s).

The minimum flow for N days (QnDaysMin), an indicator of drought
intensity, was best reproduced by CLSoilMapsCl (0.24 m/s) compared
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Fig. 8. Comparison of observed and simulated low streamflow conditions for different soils maps for the hydrologic year 1990-1991. Each sub-figure represents
a different simulation method: a) HWSDv1.2, b) DSOLMap, c) CLSoilMapsTex, and d) CLSoilMapsCl. The gray-shaded region indicates the range of observed low
streamflow bands, while the colored shaded region represents the simulated low streamflows within the observed band. Key performance metrics include KGE,,,

logRMSE, MSEL, TRMSE, and BiasFLV.

to the observed 0.17 m/s, whereas CLSoilMapsTex, HWSDv1.2, and
DSOLMap substantially underestimated this metric (0.08, 0.07, and
0.02 m3/s, respectively). The slope of the flow duration curve (FDC
slope) exhibited considerable variability. The observed value was 8.92,
with CLSoilMapsCl (7.81) and CLSoilMapsTex (8.60) providing the clos-
est approximations. In contrast, DSOLMap vastly overestimated the
slope (17.93), indicating a much sharper transition between high and
low flows.

For the relative differences with respect to the observed hydrolog-
ical signatures, (Fig. 10), CLSoilMapsCl (red line) showed the closest
overall alignment with observations, maintaining the lowest relative dif-
ferences across all metrics. HWSDv1.2 (green line) also performed well,

12

especially in QnDaysMin and Quantile 30, although it showed more
variability in other metrics. DSOLMap (purple line) had some discrep-
ancies, with higher deviations in FDC slope and Low Flow Frequency. In
contrast, CLSoilMapsTex (blue line) showed the largest deviation from
observed values, particularly in Baseflow Index, Q30, and Low Flow
Frequency, indicating a poorer representation of hydrological behavior.
Overall, this figure suggests that CLSoilMapsCl provides the most consis-
tent performance in replicating observed hydrological signatures, while
CLSoilMapsTex tends to overestimate or misrepresent several critical
flow characteristics. The global datasets, although they perform better
than CLSoilMapsTex, present overestimations relative to the observed
hydrological signatures.
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for different models. FDC slope is included as a performance metric.

Table 5

Hydrological signatures for Cauquenes gauging station and for the different simulations.
Signatures Obs HWSDv1.2 DSOLMap CLSoilMapsTex CLSoilMapsCl
Low streamflow duration (days) 16.5 11.4 9.2 7.8 13.2
Low streamflow frequency 0.26 0.21 0.23 0.20 0.27
Baseflow index 0.36 0.41 0.39 0.53 0.34
Quantile 30 (m?/s) 0.75 0.93 1.47 1.95 0.84
QnDaysMin (m?/s) 0.17  0.07 0.02 0.08 0.24
FDC slope 8.92 10.49 17.93 8.60 7.81

Low Flgw Duration — HWSD 12 3.4. Evaluation of soil water content
— DSOLMap
100, 44%) = ggdmapsy The distribution of surface SWC (30 cm) over the months revealed
G = oillMaps!

Low Flow Frequest ~_FDC Slope

BFI QnDaysMin

Quantile 30

Fig. 10. The figure shows the relative deviation of four simulations,
HWSDv1.2 (green line), DSOLMap (purple line), CLSoilMapsTex (blue line), and
CLSoilMapsCl (red line), from observed hydrological signatures across six met-
rics: Low Flow Duration, Low Flow Frequency, Baseflow Index (BFI), Quantile
30, QnDaysMin, and FDC slope. In this plot, 0 % indicates perfect agreement with
observations (good performance), while 100 % represents the greatest relative
differences among the datasets (low performance).
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seasonal variability (Fig. 11). Observed data (gray) showed changes
throughout the year, with increases during winter (wet period), as ex-
pected. Model simulations exhibited less variability throughout the year
and were unable to reproduce the seasonal differences between wet and
dry periods.

To complement the surface analysis, we also evaluated the soil water
content in the root zone (0-100 cm) (Fig. 12). We observed a similar
seasonal behavior to surface SWC, but with overestimation, especially
in the winter season.

Table 6 summarizes the performance of the four soil datasets
(CLSoilMapsCl, CLSoilMapsTex, HWSDv1.2, and DSOLMap) in simulat-
ing soil water content (SWC) at both the surface (0-30 cm) and root-zone
(0-100 cm) layers. At the surface, HWSDv1.2 exhibited the highest
correlation (R? = 0.76) but also the largest RMSE (0.166 m® m3), indi-
cating strong temporal agreement but large absolute errors. In contrast,
CLSoilMapsCl achieved a balanced performance with relatively high
correlation (R? = 0.69) and low RMSE (0.059 m® m™3). DSOLMap showed
the lowest RMSE (0.055 m* m™) but a moderate correlation (R = 0.63),
suggesting minimal deviations despite weaker temporal consistency. For
the unbiased RMSE (ubRMSE), DSOLMap and CLSoilMapsCl yielded com-
parable values (0.054 and 0.054 m® m), confirming their superior



F. Gimeno, M. Zambrano-Bigiarini, C. Alvarez-Garreton et al.

@

a3

Soil Water Content m3/m3

0.1

o
o

Soil Water Content m3/m3
i :
w

Monthly Soil Water Content Distribution

(L

&
&

P &
Month

Journal of Hydrology 667 (2026) 134787

Data Source B3 Observed Data [l HwsD 1.2 Bl DsolMaps [l CiSoiMapsTex [l CSoiiMapscL

Fig. 11. Dynamic simulations of soil water content at 30 cm.
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Fig. 12. Dynamic simulations of soil water content at root-zone (0-100 cm).

trade-off between accuracy and stability. CLSoilMapsTex presented the
weakest performance (correlation =

Table 6
Performance of soil water content (SWC) simulations for surface (0-30 cm) and root-zone (0-100 cm) layers.
Depth Soil dataset Correlation (R?) ~ RMSE (m*/m3)  ubRMSE (m?/m?)  PBIAS (%)
Surface (0-30 cm) HWSDv1.2 0.76 0.166 0.0642 103.9
DSOLMap 0.63 0.055 0.0544 -1.1
CLSoilMapsTex 0.61 0.071 0.0692 7.6
CLSoilMapsCl 0.69 0.059 0.0538 9.3
Root-zone (0-100 cm) HWSDv1.2 0.60 0.285 0.1340 175.5
DSOLMap 0.72 0.135 0.0648 82.7
CLSoilMapsTex 0.57 0.116 0.0848 55.0
CLSoilMapsCl 0.72 0.126 0.0544 79.6

0.61, RMSE = 0.071 m3® m3),
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emphasizing that texture-based classification alone was less effective in
reproducing observed surface SWC dynamics.
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Fig. 13. Relative differences between simulated soil and observed point data for September, October, and November.

In the root zone (0-100 cm), the locally derived datasets again
outperformed the global products. CLSoilMapsCl achieved the highest
coefficient of determination (R?> = 0.72) with an RMSE of 0.126 m3 m™
and a PBIAS of 79.6 %, while CLSoilMapsTex obtained a lower RMSE
(0.116 m® m3) and PBIAS of 55.0 %. The global datasets DSOLMap and
HWSDv1.2 exhibited weaker agreement with observations, with RMSE
values of 0.135 and 0.285 m® m3, respectively, and higher positive
biases (82.7 % and 175.5 %).

For the four soil datasets, Fig. 13 shows the relative differences
(%) for spring months (September, October, November) between the
simulated and observed SWC. The CLSoilMapsCl and CLSoilMapsTex
exhibited the smallest mean relative differences with observed data
(17.1 % and 3.04 %, respectively). Simulations based on HWSDv1.2
had the highest mean relative difference (130 %) and a greater spread
than the local dataset simulations, indicating an overestimation of SWC
compared to observations. Results derived from DSOLMap had a mod-
erate mean relative difference (7.31 %) with slightly lower variability.
The dashed horizontal reference line at 0 % highlights the bias direc-
tion, with HWSDv1.2 showing a clear tendency toward overestimation.
These results suggest that CLSoilMapsTex provided the most accurate
simulation, while HWSDv1.2 introduced the largest discrepancy in SWC
estimations. Appendix E presents daily observations and simulations of
SWC.

4. Discussion
4.1. New soil data and SWAT + implementation

In the Cauquenes catchment, global datasets such as HWSDv1.2 and
DSOLMap exhibited relatively homogeneous soil property values across
their classes, particularly for available water capacity (AW C), soil sat-
urated hydraulic conductivity (K,), and bulk density (BD). In contrast,
soil properties derived from CLSoilMaps showed the highest variation
of these properties among soil classes, consistent with patterns observed
in field data. Notably, this occurs even when the number of classes is
small; for example, CLSoilMapsCl, despite having only six soil classes,
captures greater horizontal and vertical variability in AW C, K, and
BD, than DSOLMap, which includes 30 classes. This pattern supports
earlier findings from Dai et al. (2019), who conducted a comprehen-
sive review of global soil property maps and noted the challenges in
representing both the spatial and vertical heterogeneity of soil prop-
erties. Similarly, Bodenstein et al. (2022) identified these limitations
when comparing the spatial and profile variability of soil properties
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between global datasets, such as the HWSDv1.2, the SOTER dataset,
and the continental product AfSoilGrids 250 m, against observed data
obtained from soil profiles with two distinct layers. They found that
global products often struggle to accurately capture both the horizontal
and vertical variability of soil properties. Efforts to improve the accu-
racy of the global SoilGrids 2.0 dataset have highlighted the need to
increase the number of soil observations to better capture spatial hetero-
geneity, particularly in high-latitude regions (Poggio et al., 2021). The
prediction accuracy for soil properties, especially AW C and K|, tends to
decline with depth, reflecting weaker correlations between environmen-
tal covariates and deeper layers. Similar limitations were identified for
Chile, where comparisons between SoilGrids and observed soil profiles
revealed difficulties in representing spatial heterogeneity (Dinamarca
et al., 2023).

We also found that grouping soil data by either hydropedologi-
cal clustering (CLSoilMapsCl) or textural classification (CLSoilMapsTex)
had a direct influence on the model’s structure and performance. The
number and structure of HRUs generated in SWAT+ varied notably
across soil datasets, with CLSoilMapsTex producing 1296 HRUs com-
pared to 903 for CLSoilMapsCl, resulting in longer calibration times
(17 vs. 12 h, respectively) despite using the same hardware and model
configuration. This finding aligns with previous research that a higher
number of HRUs and excessively detailed input data increase model
complexity (Pandey et al., 2021) and calibration instability (Yen et al.,
2014).

For simulating daily streamflows, CLSoilMapsCl achieved satisfac-
tory performance, with a KGE of 0.61 in calibration and 0.55 in
validation. CLSoilMapsTex performed slightly worse during the cali-
bration (KGE = 0.52) but improved during the validation (KGE =
0.59). These results suggest that increasing spatial detail—such as
using a larger number of soil classes—does not necessarily improve
model performance. For instance, Rivas-Tabares et al. (2019) improved
SWAT performance (NSE from 0.61 to 0.86) by reorganizing a de-
tailed 69-class soil map into 16 hydrologically meaningful clusters using
Self-Organizing Maps (SOM), thereby enhancing the spatial representa-
tion of soil properties. Raw textural data have been found to require
more extensive calibration to reach comparable results (Brighenti et al.,
2019), while high-resolution datasets without hydrological structuring
can increase model uncertainty (Hérmann et al., 2009). Overall, SWAT
performance appears to be more sensitive to input data classification
and hydrological representativeness than to spatial resolution alone
(Yen et al., 2014).



F. Gimeno, M. Zambrano-Bigiarini, C. Alvarez-Garreton et al.

4.2. Simulation of low streamflows

In agreement with previous research, we found that a good repre-
sentation of soil hydropedological properties is essential for accurately
capturing low streamflows. Analyses across multiple catchments in
Brazil identified these properties as major controls on hydrological
behavior (Chagas et al., 2024), while a PCA conducted over 750 catch-
ments in Australia highlighted soil indices among the key catchment
characteristics influencing low flows (Jaffrés et al., 2021).

This finding is also supported by the results of our sensitivity analy-
sis, which revealed that the parameters strongly influenced by the soil
dataset, such as PERCO, Flow Min coefficient, (together with soil pa-
rameters such as K;) were among the most sensitive for simulating
low streamflows. These results corroborate findings by Cordeiro et al.
(2018), who identified soil water retention and transmission parame-
ters as the most influential in water-limited catchments. In our case,
a Mediterranean water-limited catchment, the dominance of infiltra-
tion and lateral flow-related parameters reinforces the importance of
selecting soil maps that accurately represent these processes.

Simulations of low streamflows in SWAT+ were significantly af-
fected by the choice of soil input data, with CLSoilMapsCl achieving
superior performance while maintaining model efficiency. Among the
soil datasets tested, CLSoilMapsCl, which had a KGE,, of 0.67 (val-
idation period), better matched the observed values for Low Flow
Duration (13.2 days closer to the observed 16.5 days), QnDaysMin
(0.24 m®/s compared to the observed 0.17 m®/s), and Baseflow Index
(0.34, observed 0.36).

The previous results are likely related to the ability of SWAT + imple-
mented with CLSoilMapsCl to better capture hydropedological behavior
by emphasizing key functional soil properties such as K; and AW C
(Vereecken et al., 2019; Hrachowitz et al., 2021). This includes improv-
ing water retention by considering the « value from the van Genuchten
curve and AWC in the k-means clustering, as well as K, for infiltra-
tion and lateral water flow (Vereecken et al., 2019; Smit et al., 2024a;
Harrison et al., 2022). Such mechanisms have also been emphasized
in earlier research. Detailed soil maps that capture hydropedological
behavior, particularly lateral flows, have been shown to improve stream-
flow simulations, increasing KGE values from 0.6 and 0.3 (calibration
and validation) with national South African soil maps to 0.8 and 0.7
when using hydropedological soil maps (Harrison et al., 2022).

Soil depth also plays a fundamental role in regulating low stream-
flows, as it determines both water storage capacity and the potential for
subsurface flow during dry periods. The harmonized datasets used in this
study (HWSDv1.2, DSOLMap, and CLSoilMaps) adopt a standardized
depth of 2 m, consistent with other global products such as SoilGrids, to
allow intercomparison across contrasting climatic regions and facilitate
integration with large-scale hydrological and biogeochemical models.
However, this assumption can be restrictive at the catchment scale,
where actual depths vary considerably. Analysis of 104 local soil pro-
files in the Cauquenes catchment revealed that most soils are relatively
deep: over 70 % of profiles exceed 1 m with the 34 % exceeding 1.6 m,
and several soils surpassing 2 m. Given that these pits were manually
excavated, the true depths are likely even greater. Field observations
and previous studies in central Chile further indicate that root water up-
take frequently extends beyond 2 m into saprolitic and weathered rock
layers that store available water (Galleguillos et al., 2017). These condi-
tions suggest that the uniform 2 m assumption is less restrictive in this
basin and that local soils possess sufficient depth and storage capacity
to sustain low streamflows.

Multi-objective calibration combining soil water content (SWC) and
streamflow observations has also demonstrated that K, and AWC
are key variables for improving low-flow simulations (Choudhary and
Athira, 2021). Further studies have highlighted the central role of K|
and soil water retention capacity in shaping low streamflow dynam-
ics, showing that underestimating K, reduces recharge and subsurface
flow. At the same time, higher AW C helps sustain streamflows during
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dry periods (Lei et al., 2024; Chagas et al., 2024; Martinez-Fernandez
et al., 2023). Model experiments and sensitivity analyses consistently
isolate these soil properties as critical determinants for simulating low
streamflows.

Our results show that the hydrological relevance and structure of
soil data are more critical than spatial resolution alone for model-
ing low streamflows. While higher-resolution datasets can improve
performance (Lépez-Ballesteros et al., 2023), several studies empha-
size that hydropedological classifications provide more robust im-
provements. For instance, hydropedological soil maps enhanced lat-
eral flow modeling in semi-arid South Africa (Smit et al., 2024b),
and the integration of hydropedological knowledge has substantially
improved streamflow simulations during arid periods (Smit et al.,
2024a; Van Tol et al.,, 2021; Harrison et al., 2022). These find-
ings highlight that function-guided clustering, as implemented in
CLSoilMapsCl, offers an efficient and robust approach for simulating low
streamflows.

4.3. Representation of SWC

Our study evaluated the performance of different soil datasets,
highlighting that the local soil map based on hydrological soil prop-
erties, specifically K, AWC, and «, shows a good performance for
SWC simulation. At 30 cm, the CLSoilMapsCl model achieved a good
balance between correlation (R?> = 0.69) and other error metrics
(RMSE = 0.059 m®/m?, ubRMSE = 0.0538), outperforming the global
DSOLMap and HWSDv1.2. In particular, HWSDv1.2 showed a higher
PBIAS (103.9 %) and a higher RMSE (0.166), despite a strong correlation
(0.76).

A similar pattern was observed in the root zone (0-100 cm), where
CLSoilMapsCl and CLSoilMapsTex again outperformed the global
datasets. CLSoilMapsCl achieved the highest coefficient of determina-
tion (R? = 0.72) with an RMSE of 0.126 m>® m™3 and a PBIAS of 79.6 %,
while CLSoilMapsTex showed a slightly lower RMSE (0.116 m® m™)
and a PBIAS of 55.0 %. In contrast, HWSDv1.2 exhibited the largest dis-
crepancies (RMSE = 0.285 m3 m3, PBIAS = 175.5 %), maintaining its
tendency to overestimate water storage. Locally derived soil datasets
more accurately represent both the magnitude and vertical distribu-
tion of soil moisture, consequently, improving the capacity of SWAT +
to simulate subsurface storage and delayed flow contributions to low
streamflows.

These findings are consistent with Van Tol et al. (2021), who
demonstrated that incorporating hydropedological guidance in soil clas-
sifications improves SWC simulations in SWAT + by better representing
subsurface water processes, increasing the R? from 0.4 to 0.49, and
reducing the PBIAS from 100 % to 40 %.

Building on these results, the analysis of SWC provided additional
insights into model behavior and its capacity to reproduce hydrological
dynamics (Han et al., 2012; Chen et al., 2011). Previous studies have
shown that explicitly incorporating SWC into multi-objective calibration
improves the simulation of low streamflows in SWAT +, underscoring
the strong coupling between SWC dynamics and low streamflow gener-
ation (Choudhary and Athira, 2021). In our case, the relatively low bias
and correlation achieved by the clustered soil dataset (CLSoilMapsCl)
suggest that hydropedological soil maps not only improve SWC sim-
ulations but also enhance the representation of processes governing
seasonal variability in SWC. Nevertheless, to further refine model per-
formance, future efforts should integrate information from the root zone
SWC, which is directly linked to subsurface processes (Wang et al., 2023;
He et al., 2025).

Despite these advantages, the soil water model in SWAT + does not
explicitly resolve vertical SWC profiles under unsaturated conditions
(Arnold et al., 2012). Previous studies have shown that such simpli-
fications can mask subsurface heterogeneity, especially in complex or
forested landscapes (Park et al., 2014). Future improvements, such as
multi-variable calibration and simulation of the SWC at different soil
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layers (He et al., 2025), could enhance the representation of SWC
and overall model performance. Additionally, further research should
explore the potential of remote sensing data and data assimilation tech-
niques to improve temporal dynamics and constrain uncertainty, partic-
ularly in Mediterranean catchments with a long dry season where SWC
plays a critical role in seasonal water availability (Martinez-Ferndndez
et al., 2023; Gonzéalez-Zamora et al., 2024).

5. Conclusion

This study highlights the impact of soil data classification on sim-
ulating low streamflows and soil water content (SWC) in SWAT+.
Using the Mediterranean Cauquenes catchment as a case study, we com-
pared simulations derived from two global soil datasets (HWSDv1.2
and DSOLMap) and two locally derived high-resolution soil maps
(CLSoilMapsTex, CLSoilMapsCl). We emphasize that soil maps designed
to capture soil-water interactions, following a hydropedological ap-
proach such as CLSoilMapsCl, can improve low streamflow simulations.

Our main findings are summarized as follows:

Using local soil data, we found that hydropedological clustering
(CLSoilMapsCl) substantially improved low-flow simulations. During
the validation period, KGE, , increased to 0.67, about 40 % higher
than simulations with global datasets (HWSDv1.2 = 0.45; DSOLMap
= 0.50). CLSoilMapsCl also reproduced hydrological signatures
more consistently with observations, estimating a low-flow duration
of 13.2 days compared to 16.5 days observed, whereas DSOLMap and
HWSDv1.2 simulated shorter durations (9.2 and 11.4 days, respec-
tively). In contrast, the local texture-based dataset (CLSoilMapsTex)
did not achieve comparable improvements, underscoring the added
value of a hydropedological approach.

Hydropedological clustering also enhanced computational effi-
ciency. Calibration runtime was reduced by approximately 29 %
with CLSoilMapsCl compared to CLSoilMapsTex (12 h vs. 17 h),
while maintaining strong performance. This demonstrates that in-
corporating hydropedological information can improve both model
accuracy and efficiency in semi-distributed hydrological models such
as SWAT +.

For soil water content (SWC), simulations using CLSoilMapsCl and
CLSoilMapsTex aligned more closely with observed monthly me-
dians, particularly during spring, with deviations of 17.1 % and
3.0 %, respectively. In contrast, HWSDv1.2 largely overestimated
SWC (mean relative difference 130 %). Both CLSoilMapsCl and
DSOLMap provided balanced trade-offs between correlation and er-
ror minimization (R? = 0.69 and 0.63; RMSE = 0.059 and 0.055,
respectively), while HWSDv1.2, despite its higher correlation (0.76),
yielded the largest error (RMSE = 0.166). Nonetheless, across all
datasets, SWAT + underestimated seasonal variability, particularly
during dry periods, pointing to persistent limitations in representing
soil-water—plant interactions.

For surface soil water content (SWC), simulations using
CLSoilMapsCl and CLSoilMapsTex aligned more closely with
observed monthly medians, particularly during spring, with devi-
ations of 17.1 % and 3.0 %, respectively. In contrast, HWSDv1.2
largely overestimated SWC (mean relative difference 130 %).
Both CLSoilMapsCl and DSOLMap provided balanced trade-offs
between correlation and error minimization (R? = 0.69 and
0.63; RMSE = 0.059 and 0.055, respectively), while HWSDv1.2,
despite its higher correlation (0.76), yielded the largest error
(RMSE = 0.166). When extended to the root zone (0-100 cm),
CLSoilMapsCl maintained the highest agreement with observations
(R? = 0.72; RMSE = 0.126; PBIAS = 79.6 %), outperforming global
datasets that showed stronger overestimation, particularly HWSDv1.2
(RMSE = 0.285; PBIAS = 175.5 %). These results demonstrate that
locally derived hydropedological soil maps improve the vertical
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representation of soil moisture storage and seasonal dynamics,
enhancing the simulation of subsurface processes that sustain
low streamflows. Nonetheless, across all datasets, SWAT+ still
underestimated the seasonal amplitude of surface SWC, especially
during dry periods, and overestimated the SWC in the root zone
during wet periods, underscoring the need to refine soil-water—plant
interaction parameterization for water-limited environments.

Overall, our findings suggest that hydropedological clustering for
soil classification in SWAT+ contributes to a more accurate repre-
sentation of low streamflows and SWC dynamics in Mediterranean
catchments. The superior performance of the hydropedological clus-
tering (CLSoilMapsCl) approach in the Cauquenes catchment can be
directly linked to its local field conditions, characterized by shallow,
texturally diverse soils and strong spatial contrasts in hydraulic conduc-
tivity that govern subsurface storage and delayed flow contributions
during the dry season. By grouping soils according to their hydro-
logical behavior rather than solely by texture, CLSoilMapsCl captures
these controls more effectively, leading to a better representation of
low streamflow generation processes. Beyond this specific case, the ap-
proach provides a transferable framework for improving low streamflow
simulations in other Mediterranean regions worldwide, where water
scarcity and heterogeneous soil-water interactions similarly challenge
model performance. Hence, hydropedological clustering offers a prac-
tical pathway to enhance process representation and model reliability
under water-limited conditions.
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Appendix A

The Infiltration in the model is governed by precipitation input
and initial soil water content conditions and is estimated using the SCS
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Curve Number method, where infiltration declines as the soil saturates.

Soil water retention is defined through the available water capacity

(AW C), given by the user as a parameter per soil layer. The wilting

point is estimated in SWAT using a pedotransfer function based on soil

clay content and bulk density (BD). After that the FC is calculated:
c-b

WP =0.004. —

100 A1)

where c is the percent clay content, and b is the bulk density (g/cm?).
The field capacity is then computed as:
FC=WP+AWC (A.2)

Soil water retention is determined by the available water capacity
(AWC) provided per soil layer. In SWAT, the wilting point is estimated
using a pedotransfer function based on soil clay content and bulk den-
sity, after which the field capacity (FC) is calculated as the sum of the
wilting point and the AWC. Water movement in SWAT is categorized
into saturated and unsaturated flow. Only saturated flow is simulated di-
rectly. SWAT assumes uniform moisture distribution within a soil layer,
thereby excluding horizontal unsaturated flow. Vertical unsaturated pro-
cesses are indirectly accounted for via root uptake and soil evaporation
depth distributions.

When the soil water content exceeds the field capacity, excess water
becomes available for recharge to deeper layers or lateral flow downs-
lope. Recharge is computed using a storage routing method in which the
flow depends on the excess water above the field capacity and the K.
Lateral flow is modeled as the movement of saturated water within the
soil layer, driven by slope gradient, K,, drainable porosity, and slope
length. A lag function is applied to the lateral flow component to ac-
count for delayed lateral response, which is especially important in large
hillslopes and low streamflow simulations. Recharge is first defined as:

SWiyexcess = SWiy = FC, if SWj, > FC, (A.3)
and computed using a storage routing method:

A
wPerc,ly = SVVly,excess : <1 —-e Tpere > (A-4)

where At is the time step and 77, is a function of saturated conduc-
tivity and FC.
Lateral flow is the subsurface water flow in a soil layer and occurs

when saturated soil water moves downslope, calculated as:

Crc

W, K

y,excess s

$a - Luin

-slp

s
Oy = 0.024 - (A.5)

where Q,,, is lateral flow (mm/day), K| is saturated hydraulic conduc-
tivity (mm/h), sip is slope (m/m), ¢, is drainable porosity, and Ly, is
slope length (m).

To delay lateral response from large hillslopes, which is important
for low streamflows, a lag function is used:

JE
QlaLi = Q]’m + Qlal,stor,i—l : (1 —e TThag > (A6)

where Oy, or,i—1 1S stored lateral flow and 7T, is the lateral flow lag
time.

Additionally, SWAT simulates the groundwater re-evaporation (re-
ferred to in SWAT + as revap) process, where water from the shallow
aquifer moves upward into the overlying unsaturated zone. This occurs
during dry periods, as water evaporates from the capillary fringe and is
replaced by groundwater, or through direct uptake by deep-rooted veg-
etation. Water movement from the aquifer to the unsaturated zone is
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driven by evapotranspiration demand and is controlled by land-cover-
specific parameters. Revap is important in areas where the water table is
close to the surface or where vegetation with deep roots is present, and it
is permitted only when the shallow aquifer storage exceeds a threshold
defined by the user (agshthr,rvp).

Other relevant processes influencing soil water dynamics in SWAT
include redistribution of water between soil layers when moisture ex-
ceeds field capacity, evapotranspiration dependent on soil water content
available for plants and vegetation leaf area index (LAI), surface runoff
calculated with the Curve Number method, and canopy storage, which
represents the interception of precipitation by vegetation, temporarily
reducing infiltration and enhancing evaporation.

Appendix B

Low Flow Duration is defined as a continuous period during which
the daily streamflows, Q,, are less than 0.2 - 0, where Q represents
the mean daily streamflows. The threshold is determined using the
streamflow percentiles between 0.7 and 0.95.

z

low_Q_dur = % D; (A.7)
i=1

where low_Q_dur is the Low Flow Duration, N is the number of low
streamflow events during the analysis period, and D, is the duration (in
days) of the i-th low streamflow event.

Low Flow Frequency Average number of daily low streamflow events
per year (yr'!) with a threshold of 0.2 times the mean daily streamflow.
The threshold is determined using the streamflows’ percentiles between
0.7 and 0.95.

low_Q_frec = % (A.8)
where LFF is the Low Flow Frequency, N is the total number of low
streamflow events during the analysis period, and T is the total duration
of the analysis period in years.

The Baseflow Index (BFI) is the ratio of baseflow to total stream-
flow over a specified period (Sawicz et al., 2011; Addor et al., 2018;
Westerberg and McMillan, 2015). High values of BFI are observed
in catchments with a high baseflow contribution, where water moves
through a long streamflow path.

Op
BFI =) — (A.9)
25
where BFI, Qg is the baseflow at a given time step, and Q is the corre-
sponding total streamflows at the same time step. To calculate BFI, we
use the following related equations:
1+¢

Op; =cOpp + ——(Q; — Oy

> (A.10)

where Qp, is the direct streamflows value at time step 7, Q, is the to-
tal streamflows at time step ¢, and ¢ is a parameter. The value of the
baseflow, Qg,, at time-step ¢ is then given by Equation (5).

Op = 0, — Oy (A.11)

QnDaysMin refers to the mean magnitude of streamflow during the
week (7 consecutive days) with the lowest streamflow in the time series
(Richter et al., 1996). This can be used to characterize low stream-
flow segments over a short period, such as during droughts or baseflow
conditions.

OnDaysMin = (A.12)

|-
.M\l

Qmin,i

i=1

where, OnDaysM in represents the mean magnitude of streamflow dur-
ing the week (7 consecutive days) with the lowest streamflow in the
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time series. The term % indicates that the streamflow values are aver-

aged over a 7-day period. The summation symbol 217:1 is the daily sum
of streamflow for 7 consecutive days, and Q,,;,; represents the daily
streamflow on the i-th day of the identified 7-day period with the lowest
total streamflow.

To quantify an index of streamflow variability, the slope of the FDC
(FDC_slope) is calculated, where a high slope value indicates a variable
streamflow regime, while a low slope value indicates a more damped
response (Sawicz et al., 2011; Addor et al., 2018).

Journal of Hydrology 667 (2026) 134787

In(Q33 ) = In(Qg 4)

FDC_sl =
—stope 0.66 — 033

(A.13)

where FDC slope is the slope of the flow duration curve, Qj; 4 is the
streamflow value at the 33rd percentile, and Qg ¢ is the streamflow
value at the 66th percentile.

Appendix C

Sensitive analysis results are provided in Figs. A.14 and A.15.
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Fig. A.14. (a) SOBOL analysis index. (b) SOBOL sensitivity rank.
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Appendix D

Calibrated parameters and their values are provided in Table D.7.

Table D.7
Calibrated parameter values.

N Parameter Default value ~ Range Change type Final value CLSoilMapCl  Final value CLSoilMapsTex  Final value HWSDv1.2  Final value DSOLMap
1 FLOW_MIN 3 0-10 replace 9.95 9.28 8.10 8.52
2 REVAP 0.02 0.02-0.2 replace 0.89 0.47 0.66 0.55
3 RCHG_DP 0 0-1 replace 0.32 0.17 0.00 0.21
4 PERCO 0.5 0-1. replace 0.99 0.77 0.64 0.80
5 REVAP_MIN 5 0-10 replace 2.95 1.30 231 0.63
6 LATQ_CO 0.01 0-1 replace 0.34 0.04 0.82 0.21
7 SPEC_YLD 0 0-0.4 replace 0.35 0.15 0.19 0.24
8 CN3_SWF 1 0-1 replace 0.48 0.65 0.98 0.39
9 ESCO 0.5 0.01-1 replace 0.12 0.90 0.01 0.56
10 ALPHA BF 0.05 0-1 replace 0.20 0.86 0.38 0.67
11 CN2 0.8-1.2 multiplication
Appendix E

Surface soil water content simulated by various models was compared against station observations, as shown in Fig. A.15.
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Fig. A.15. Soil Water Content (SWC) at a 30 cm depth. Panel a shows a comparison at the SM16 station. Panel b shows comparison at SM19 station. Panel ¢ shows
comparison at SM20 station. Panel d shows comparison at SM26 station. Panel e shows comparison at SM28 station. Panel f shows comparison at SM29 station.
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Data availability

Data will be made available on request.
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