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Abstract
Study Region: The study focuses on the 100 km2 Petite Glâne catchment in the western Swiss Plateau,

a predominantly agricultural basin where hydrological modelling is constrained by limited detailed soil
information.

Study Focus: We investigate how alternative soil datasets influence streamflow performance, parameter
sensitivity, and internal hydrological processes in a Contiguous-Object Connectivity Approach (COCOA)
Soil and Water Assessment Tool Plus (SWAT+) model. Three otherwise identical model setups use a global
low-resolution dataset (World-Soil), a national medium-resolution dataset (Swiss-Soil), and a high-resolution
local dataset (Local-Soil). COCOA SWAT+ maintains identical spatial modelling units across all three soil
scenarios, separating soil-data effects from changes in model discretisation.

New Hydrological Insights for the Region: Before calibration, soil representation strongly affects
water partitioning: World-Soil produces the greatest surface runoff, Swiss-Soil the greatest subsurface-flow
contributions, and Local-Soil the highest evapotranspiration. After calibration, outlet-streamflow perfor-
mance converges, with comparable relative Nash–Sutcliffe efficiency and slightly higher Kling–Gupta effi-
ciency for Swiss-Soil, while contrasting internal water partitioning, soil-water storage, and groundwater-
release behaviour persist. Differences are most apparent under median- and low-flow conditions. These
results show that similar outlet-streamflow performance can mask substantial differences in simulated
catchment functioning. For this Swiss catchment, higher soil detail does not systematically improve cali-
brated outlet-streamflow performance. Soil datasets should therefore be selected according to the intended
modelling objective, and internal hydrological diagnostics should complement conventional streamflow-
performance metrics.

Keywords: Soil Data Representation, Streamflow Modeling, SWAT+, Water Balance, Parameter
Sensitivity, Catchment

1. Introduction8

Many hydrological models rely on soil property input data to parameterize the three fundamental hydro-9

logical functions of a catchment, which are water partitioning, storage and release (Dunne, 1978; Wagener10

et al., 2007). The use of soil data in these hydrological models depends on the model type: models that11

are based on hydrological response units (HRUs) can use soil data in combination with land use data to12

identify HRUs, e.g., the PREVAH model (Viviroli et al., 2007) or the SWAT model (Arnold et al., 2012).13
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Fully distributed models (i.e., grid-based models) use soil data to distribute the model parameters in space.14

Examples are the MIKE-SHE model (DHI, 2011), the mHM model (Heinz et al., 2026), or the VIC model15

(Liang et al., 1994). Within distributed models, soil data are typically used for process parameterization16

in combination with pedotransfer functions (e.g., MIKE SHE, VIC, SWAT) or for the delineation of HRUs17

(e.g., PREVAH, SWAT).18

Some hydrological models provide default soil databases; however, their usefulness depends on the study’s19

geographic scope. VIC, for instance, is equipped with default soil databases based on the U.S. State Soil20

Geographic Database (STATSGO) (USDA, 1995b) and SWAT with STATSGO and the U.S. Soil Survey21

Geographic Database (SSURGO) (USDA, 1995a). To use these models outside of the USA, modelers can22

adapt local soil datasets as input data.23

Various studies showed that local soil input data explicitly restricted to a study area can better rep-24

resent soil-water dynamics due to the high spatial variability of soil properties caused by small changes in25

topography compared to global soil property maps (Huang et al., 2022; Krpec et al., 2020; Bayabil and26

Dile, 2020; Horta et al., 2024; Bouslihim et al., 2025). Yet, in many regions of the world, reliable local27

soil data are sparse and producing local soil maps is costly (Zeraatpisheh et al., 2017; Escamilla-Rivera28

et al., 2022; Diek et al., 2014; Zhang et al., 2017). Therefore, when local soil data are lacking or creating29

a new soil database from existing soil datasets is challenging, modelers rely on global soil texture maps,30

which are readily available with model-specific look-up tables, such as the Digital Soil Map of the World31

(DSMW) (FAO-UNESCO, 2003) or the Harmonized World Soil Database (HWSD) (JRC, 2012; FAO and32

IIASA, 2023). These ”ready to use” low-resolution global digital soil maps may limit the applicability of33

hydrological models (Escamilla-Rivera et al., 2022; Shrestha et al., 2006; Quinn et al., 2005; Bouslihim et al.,34

2025).35

For calibrated models (such as VIC or SWAT), poor data resolution can generally be compensated36

by parameter calibration; this holds in particular for input data like precipitation (Huang et al., 2019;37

Kleidorfer et al., 2009), digital elevation model (DEM) (Lin et al., 2013), as well as soil data (Bhandari38

et al., 2018). This implies, however, that the calibrated parameters strongly depend on the used input data,39

including input variables (e.g., precipitation) and data used for model parameterization (e.g., soil data);40

hence, changes in input data require recalibration. This makes it difficult to isolate the impact of input-41

data-driven uncertainties on total modeling uncertainty (Lin et al., 2013), and input-data-driven uncertainty42

remains poorly understood. Therefore, the impacts of input data on model uncertainties are often assessed43

without prior calibration via sensitivity analysis (Zhang et al., 2014; Tan et al., 2015; Moges et al., 2023),44

or the model’s sensitivity to data uncertainty is compared before and after calibration (Kim et al., 2024;45

Busico et al., 2020; Yang et al., 2019). For (semi-)distributed precipitation-streamflow models, a special46

focus is hereby typically on the question of how soil data resolution influences the model outputs. For fully47

distributed models (in contrast to HRU-based models), we might expect that higher-resolution input data,48

which better captures the spatial variability of the underlying processes, necessarily leads to better model49

performance. But given the averaging effect of catchments, the impact of finer resolution data is often50

not visible in overall model performance, e.g., in terms of streamflow simulation at the catchment outlet51

(Bormann, 2006; Sciuto and Diekkrüger, 2010; Li et al., 2013; Baroni et al., 2017).52

Analyses of the link between physiographic input data resolution and hydrological model performance53

are complicated by the model structure: in HRU-based models (such as PREVAH or SWAT), the soil54
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data or DEM resolution directly influences the number and size of the HRUs, the reference unit for which55

the water balance is calculated (Romanowicz et al., 2005; Viviroli et al., 2007; Moges et al., 2023; Fernando56

et al., 2025). The higher the spatial variability of the physiographic input data, the more and the smaller the57

resulting HRUs are. This, in turn, increases the computational time and, more importantly, modifies how the58

model represents dominant hydrological processes. Although López-Ballesteros et al. (2023) and Bhandari59

et al. (2018) conclude that finer-resolution soil input data performed better before and after calibration, the60

influence of catchment subdivision and soil data resolution is off-set by the calibration, leading to relatively61

consistent model outputs across different watershed configurations (Kumar and Merwade, 2009).62

Recently, a new type of semi-distributed models emerged with the development of SWAT+ (Bieger et al.,63

2017), a new and completely revised version of the SWAT model. There are two ways of setting up the64

SWAT+ model; the primary tool is the QGIS interface for SWAT+ (QSWAT+), while an alternative tool is65

the contiguous-object connectivity approach (COCOA) SWAT+ model builder SWATbuildR (Schürz et al.,66

2022; Schürz, 2022; Piniewski et al., 2024). The former still uses the concepts established for SWAT201267

model setups with i) traditional HRUs (lumped areas with similar land uses, soils, and slopes) without a68

spatial reference and ii) routing units (RTU), the smallest spatial units with spatial reference, usually formed69

by multiple HRUs. The COCOA workflow, however, enables a model setup where a catchment is split into70

”Land Objects”, the new reference unit for which the water balance is calculated, replacing traditional71

HRUs. Land Objects are defined solely by the land use/land cover, and soil and DEM data resolution72

have no influence on the number and size of Land Objects. This opens new opportunities to simulate the73

hydrological effect of small-scale landscape units (such as buffer stripes, irrigation ponds) (Magnier et al.,74

2024; Marval et al., 2022), which is essential to assess the effect of small-scale water management measures75

on the partition, storage and release of water. However, this new model structure type also calls for new76

analyses of the effect of soil input data resolution on hydrological model performance.77

Therefore, this study aims to assess how the choice of soil input data impacts the COCOA SWAT+78

model outputs. The analysis is based on a case study from Switzerland, a country with surprisingly poor79

soil data: soil property maps of Switzerland are scarce and the few existing have a relatively coarse resolution80

because of a limited dataset (Gupta et al., 2024). For instance, SoilGrids 2.0 (Poggio et al., 2021) offers81

global soil property maps at 250m resolution, yet for Switzerland, the map is based on only 14 samples.82

Since Switzerland is not part of the European Union, using soil property maps for the European continent83

is not an alternative. Switzerland is excluded from many European maps, often called the ”Swiss white lake84

phenomenon” (de Brogniez et al., 2015; Prăvălie et al., 2024).85

To analyze the impact of soil data resolution for this case study, we set up three COCOA SWAT+86

models in the exact same way but with three different soil input datasets: a) the Digital Soil Map of87

the World (FAO-UNESCO, 2003) (low-resolution dataset), b) the Swiss Soil Suitability Map FSO (2000)88

(medium-resolution dataset) and c) a high-resolution local soil property map especially created for this89

study (Nussbaum and Burgos, 2023). The model performance of the three model setups regarding stream-90

flow simulation is compared before and after calibration. Understanding how soil property data affect the91

hydrological catchment functions (water partition, storage, and release) can support modelers in choosing92

the input data as well as decision-makers in environmental planning regarding resource allocation for data93

collection efforts. Moreover, it is crucial for improving the accuracy and efficiency of catchment management94

strategies.95
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2. Study Area and Data96

2.1. Petite Glâne catchment97

The study area is the catchment of the Petite Glâne stream in the western Swiss plateau (46°43’-46°56’98

N to 6°45’-7°01’E) (Fig. 1a). The catchment’s area is 100 km2, with elevations ranging from 429 to 810 m99

asl, and a mean elevation of 556 m asl (Fig. 1b). The study area is largely dominated by agricultural land100

use: about 75% of the area is arable land, pasture or meadow and 12% is covered by forest (Fig. 1d).101

Figure 1: Study area: location of the Petite Glâne catchment in western Swiss plateau (a); elevation distribution (b); channel
network with ponds, stream gauging station at Villars-le-Grand, weather station at Payerne, point sources/ wastewater treat-
ment plant inlets at Bussy and Grandcour (c); land use and land cover map (d).

The nearest weather station is located in Payerne, 1.5 km outside the catchment, where temperature,102

precipitation, relative humidity, solar radiation and wind have been measured since 1981 (Fig. 1c). The103

average annual precipitation between 1993 and 2020 in Payerne ranged from 581 mm/yr (2011) to 1132104

mm/yr (2001), with an average of 852 mm/yr.105

At the catchment outlet, the gauging station Villars-le-Grand has been operated from 1993 to 2021106

(Fig. 1c). The mean streamflow during this time period was 0.9 m3/s. The streamflow regime is characterized107

by a higher flow in winter and spring (highest mean monthly flow in January with 1.48 m3/s) and lower108

flow in summer and autumn (lowest mean monthly flow in August with 0.53 m3/s). The maximum (hourly)109

streamflow measured was 30.2 m3/s (12.03.2001), which corresponds to a statistical annual return period110

of 20 years (DGE-DRINA-EAU, 2022). Based on the observed mean daily streamflow of 0.9 m3/s, the111

corresponding annual runoff depth is approximately 278 mm/yr. Given the mean annual precipitation of112

852 mm/yr, this results in an annual runoff ratio (streamflow divided by precipitation) of approximately113

0.33.114

2.2. Data115

The data used for this study are listed with relevant detail in Table A1 and are not described further116

except for the soil data.117

2.2.1. Soil data118

In this study, we compare the performance of three different soil datasets for streamflow modeling119

with SWAT+. To date, Switzerland has no nation-wide detailed soil map, accordingly, hydrological model120
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Table 1: Overview of scenarios with different soil datasets
Soil Scenario World-Soil Swiss-Soil Local-Soil

Soil Dataset Digital Soil Map of the
World FAO-UNESCO (2003)

Swiss Soil Suitability Map
(FSO, 2000)

soil property map modeled
by Nussbaum and Burgos
(2023) based on soil profile
data from different sources
Burgos and Nussbaum
(2020a,b); NABODAT
(2018)

Data type vector vector raster

Scale / resolution 1:5,000,000 1:200,000 10 m x 10 m

Effective spatial detail ∼ 2–5 km ∼ 100-200 m 10 m

Spatial variability for
study area

2 soil texture classes 4 soil texture classes 10 soil texture classes

applications in Switzerland mostly use the national, medium-resolution soil suitability map (available at121

the scale of 1:200,000 - corresponding to an effective spatial detail of approximately 100 - 200 m, (Zarrineh122

et al., 2018; Abbaspour et al., 2007; Rahman et al., 2015, 2014, 2013; Andrianaki et al., 2019; Lehmann123

et al., 2019)). Alternatively, modelers can use freely available global digital soil maps, which are either124

low-resolution (typically 1-5 km) (e.g., FAO-UNESCO, 2003; FAO and IIASA, 2023) or medium-resolution125

but poorly representative (low number of samples) (e.g., Poggio et al., 2021). A more costly option is to126

create a high-resolution soil dataset specifically for the study area (e.g., Gupta et al., 2024; Nussbaum et al.,127

2018; Baltensweiler et al., 2021).128

To explore the influence of different soil data resolution, we define three soil scenarios that use different129

resolution data for model parameterization: ”World-Soil” for global data, ”Swiss-Soil” for national data,130

and ”Local-Soil” for a site-specific dataset, developed by Nussbaum and Burgos (2023) (Tab. 1).131

For the World-Soil scenario, we use the Digital Soil Map of the World (DSMW, 1:5,000,000) (FAO-132

UNESCO, 2003), a freely available global digital soil property map available in a format readily compatible133

with SWAT. The DSMW has a very low resolution and subdivides the study area into two soil types: loam134

in the catchment’s upper area and clay loam in the plain (Fig. 2). The maximal soil depth is similar for135

both classes: 0.97 m for the loamy and 1 m for the clay loam soil. Moreover, the DSMW divides the soil136

into two layers: an upper soil (0 - 0.3 m) and a lower soil (0.3 - 1 m).137

For the Swiss-Soil scenario, we used the Swiss Soil Suitability Map (SSSM, 1:200,000) (FSO, 2000). It138

is an improvement to the low-resolution global maps; nevertheless, the SSSM is not a classical soil property139

map but a representation of areas with equivalent utilization possibilities. In the absence of better soil140

property maps, former SWAT studies in Switzerland have mostly used the SSSM (e.g., Abbaspour et al.,141

2007; Rahman et al., 2014, 2015; Andrianaki et al., 2019; Zarrineh et al., 2018, 2020). The SSSM has a142

more sandy texture with mainly sandy loam in the upper zone and loamy sand in the plain (Fig. 2). The143

soil is subdivided into 3 layers (topsoil 0 - 0.01 m, upper soil 0.01 - 0.2 m and lower soil 0.2 - 0.9 m), yet144

the maximal soil depth for all soil classes is 2.5 m.145

For the Local-Soil scenario, a 10 m resolution soil map specifically for this study was generated by146

Nussbaum and Burgos (2023) based on existing local soil profile data. This local soil map shows similar soil147

texture patterns as the DSMW - yet with more spatial variations: loamy and sandy loam soil in the upper148

5



Figure 2: Land objects with texture of dominant soil classes for scenarios World-Soil, Swiss-Soil, and Local-Soil.

zone and clay loam and clay soil in the plain. In this high-resolution soil property map, the soil profile is149

subdivided into eight layers with 0.15 m intervals starting with 0 - 0.15 m and ending with 1.05 m - 1.2150

m. Maximum soil depth varies greatly, ranging from 0.43 m to 1.19 m, with a mean depth of 0.94 m. The151

majority of grid cells (P10-P90) have soil depths between 0.80 m and 1.08 m.152

3. Methods153

3.1. Soil dataset preprocessing for SWAT+154

To analyze the impact of soil data representation, we set up three SWAT+ soil scenarios with the155

Contiguous-Object Connectivity Approach (COCOA) methodology: a) World-Soil, b) Swiss-Soil and c)156

Local-Soil. The models are set up in the exact same way, maintaining the same spatial Land Objects,157

climate data, land use and general model structure but use different soil datasets. Each scenario is calibrated158

independently but using the same calibration parameter sets, and the resulting streamflow and internal159

hydrological behaviour are compared (Fig. 3).160

The three soil datasets differ in their spatial and vertical detail. The World-Soil dataset provides only161

two soil types and distinguishes between an upper and a lower soil layer. The Swiss-Soil dataset offers162

medium-resolution information with four types and includes a topsoil layer in addition to the upper and163

lower layers. Finally, the Local-Soil dataset includes ten soil types at 10 m resolution and subdivides the164

soil profile into layers with 0.15 m intervals.165

The global and Swiss soil datasets are available in a ”ready-to-use” format compatible with SWAT+.166

In contrast, the high-resolution soil dataset requires additional preprocessing, which is achieved with the167

SWAT+ model input data preparation tool SWATprepR (Plunge, 2023). This preprocessing step extracts168

the information of the available high-resolution raster maps (10 m x 10 m) per soil layer (15 cm intervals)169

and soil attribute (clay, silt, sand, humus, and skeleton content (%), as well as depth to the high water table170

and upper limit of the C horizon) and combines it into the input format required by SWAT+: one single soil171

raster map (here 10 m x 10 m), which defines the spatial distribution of soil units, a usersoil table containing172

layer‑wise soil properties, and a soil lookup table that links raster soil identifiers to the corresponding soil173

profiles.174
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Figure 3: Workflow from alternative soil input datasets to calibrated SWAT+ model configurations for the World-Soil, Swiss-
Soil, and Local-Soil scenarios.

For all three soil datasets, soil physical properties (bulk density, moist soil albedo of the top layer,175

USLE soil erodibility (K) factor, saturated hydraulic conductivity, hydrologic soil group, and available176

water capacity) are estimated using pedotransfer functions for each soil unit as proposed by Schürz et al.177

(2022).178

3.2. Baseline model setup and parametrization179

The three COCOA SWAT+ models are set up identically with respect to model structure, parameteriza-180

tion approach, and non‑soil input data. Differences between the scenarios arise solely from the soil datasets181

used, which provide soil physical properties at different spatial resolutions. The workflow of the model182

setup is presented in Figure 4 and is based on Schürz et al. (2022). The baseline models are built using the183

COCOA SWAT+ model builder SWATbuildR (Schürz, 2022). As mentioned before, the COCOA SWAT+184

model setup approach splits the catchment into ”Land Objects”, the new reference unit for which the water185

balance is calculated, replacing traditional HRUs. The required input data are catchment boundary, land186

use (including multi-year field-level crop sequences and tile drainage data), DEM, soil data, channel network,187

point source locations and weather data (see used sources in Tab. A1). In our case study, each model setup188

contains 8,056 Land Objects. This number is very high compared to the number of HRUs in other SWAT189

studies (e.g., López-Ballesteros et al. (2023); Moges et al. (2023)). However, Land Objects are based on the190

land-use input layer and represent field-scale structures. Given the mosaic character of land use in the study191

area, this high number is reasonable.192

During this initial set-up, some model parameters are either undefined or set to default numbers. For193

instance, the Curve Number (CN) and Manning’s roughness coefficient for overland flow (OVN) require194

further manual parameterization; we assign the most representative CN and OVN values to each land use195

and management classes.196

Since the model also simulates nutrient cycling (not further assessed here), nitrogen (NH4 and NO3)197

atmospheric deposition is added as an input, extracted from European Monitoring and Evaluation Pro-198

gramme (EMEP) (Plunge and Rets, 2024). Finally, agricultural management schedules, including tillage,199

sowing, fertilisation, and harvesting operations, are developed based on official crop rotation recommenda-200

tions (Jeangros and Courvoisier, 2019), crop factsheets published by Swiss agricultural extension services,201

and consultations with local farmers. These management schedules are implemented in SWAT+ using the202
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Figure 4: Workflow for a fully parameterized, uncalibrated SWAT+ model setup in 11 steps, based on Piniewski et al. (2024)

SWATfarmR package (Schuerz, 2022) for each cropland Land Object.203

3.2.1. Assessment of soil data resolution effect on Land-Object properties204

In the model set-up, the properties of the terrain (from DEM) and soil (from soil data) are aggregated205

at the Land Object level by retaining the dominant soil and terrain characteristics within each object. The206

aggregation of the soil raster input to the dominant soil is shown in Figure 5.207

This aggregation procedure may cause the loss of information, as certain soil texture classes may always be208

replaced by more dominant classes. To assess the impact of aggregation on average domain-wide properties,209

the soil texture distributions from the original input datasets are compared to the soil texture distributions210

obtained after aggregation. In addition, Shannon entropy is used to quantify changes in soil texture diversity211

induced by the aggregation procedure. Shannon entropy is a commonly used metric of diversity that captures212

both the number of classes and the evenness of their distribution, with higher values indicating greater213

diversity and more uniform distributions. It is calculated as H = −
∑

pi log(pi), where pi represents the214

proportion of each texture class. The difference between the distributions before and after aggregation gives215

an indication on how the aggregation process interacts with the original datasets. However, it cannot be used216

to gain behavior (since the model never sees the original data). In exchange, differences in the aggregated217

soil texture distributions between datasets, as quantified by Shannon entropy, might give hints on how the218

soil datasets affect the model behavior at catchment-scale.219
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Figure 5: Dominant soil aggregation in three SWAT+ model setups, each with different soil raster inputs.

3.2.2. Verification of model setup and input data220

Given the computational expense of model parameter calibration, the model comes with a tool to check221

the initial setup (before calibration), SWATdoctR (Schürz and Plunge, 2022). SWATdoctR enables the222

assessment of whether i) the weather input data are correctly interpreted by the model and produce plausible223

climate variables (PET, ET, precipitation, snow fall), ii) agricultural management operations are correctly224

triggered, iii) plant growth is simulated reasonably, and iv) point source and the tile drainage inputs are225

properly parametrized in terms of units, magnitude and process activation. For that purpose, we run the226

model from 2008 to 2020, which provides 3 years of model warm-up (to initialize state variables) and 10227

years of simulated data for model evaluation. The latter ensures that the entire crop rotation cycle can be228

thoroughly examined. The model setup verification is an iterative process: identified problems have to be229

fixed in all three soil scenarios (World-Soil, Swiss-Soil, and Local-Soil) before the verification is repeated.230

Crop-growth parameters are initially adjusted to obtain plausible crop development and yields and are231

subsequently held constant across the three soil scenarios. This preliminary adjustment is not part of the232

soil-aggregation or streamflow-calibration analysis and is therefore not included in the comparison among233

soil scenarios. For transparency, the resulting crop-parameter adjustments are documented in Appendix A2,234

and crop-specific distributions of potential heat units, yield, and biomass are provided in Figures S4-S6.235

3.3. Model calibration and evaluation236

Model calibration of parameters influencing streamflow simulation in this study is achieved in two steps237

with the SWATtunR R package (Plunge et al., 2024): first, a parameter sensitivity analysis (see Sec. 3.3.1)238
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and second, a streamflow calibration and evaluation (see Section 3.3.2).239

3.3.1. Sensitivity analysis for parameters influencing streamflow simulation240

Calibrating the selected model to reproduce streamflow with different soil data representation scenarios241

is challenging due to its high number of potential parameters to calibrate (i.e., more than 185 calibration242

parameters). To reduce the number of parameters we first carry out a global sensitivity analysis (GSA) using243

a multiple regression approach to identify the most relevant parameters affecting streamflow simulation for244

each of the three scenarios with different soil datasets. Changing the resolution of input data (soil data)245

requires recalibration of the model for each dataset, which is a major challenge in any model sensitivity246

analysis that assesses the effect of data resolution (e.g., Brath et al., 2004). For this initial sensitivity247

analysis, we retain the same set-up as for model calibration, which is done separately for each of the three248

soil scenarios (each with a different soil data representation scenario) based on observed streamflow data249

from the Villars-le-Grand gauging station at catchment outlet. The three scenarios are run from 1990 to250

2020, split into a warm-up period for state variable initialisation (1990-1992) and simulation period (1993–251

2020). The basic principle of this GSA is to i) first generate a large ensemble of proposal parameter sets252

that spans the prior parameter range, ii) select one or several model performance metrics, iii) simulate253

daily streamflow corresponding to all parameter sets and compute the selected performance metrics on the254

corresponding simulated streamflow, iv) build a multiple regression model that takes as explanatory variables255

the parameter ensembles (i.e., each parameter is one variable) and as predictor the model performance256

metric (build several models if we have several predictors), v) derive the regression coefficients and assess the257

statistical significance of each parameter, vi) decide which model parameters to retain for further calibration258

based on the significance of each parameter. Given the high number of parameters to calibrate, we need259

to perform an a priori selection of which ones to include in the GSA. For this study, the initial selection260

includes 25 parameters covering processes such as evapotranspiration, surface runoff, lateral subsurface flow,261

base flow, tile drainage, percolation and groundwater flow (see Tab. A4).262

The prior parameter range for step i) above are selected based on literature to constrain the sampled263

parameter values to plausible ranges (Arnold et al., 2012; Llanos-Paez et al., 2023; Nkiaka et al., 2018;264

Schürz et al., 2022; Zarrineh et al., 2018). Where relative parameter changes could produce values outside265

the absolute limits defined in the SWAT+ parameter database (cal_parms.cal), SWAT+ constrains the266

resulting values to these limits. For the sampling method for step i), we use the Latin Hypercube Sampling267

(LHS) because, compared to the Monte Carlo simulation, it ensures full interval coverage with a smaller268

sample standard deviation (Abyani and Bahaari, 2020), making it a more efficient choice for GSA and model269

calibration. The size of the parameter ensemble is set to 1000, which is a compromise between spanning well270

the parameter space and the computational cost (one model run takes approximately 35 min, 1000 model271

runs in parallel on a computer with 26 cores takes about 2 days).272

For the GSA performance metric, we select the Nash–Sutcliffe model efficiency coefficient (NSE) and the273

Kling–Gupta efficiency (KGE) to analyze which parameters most influence model performance. NSE is a274

popular objective function in hydrological modeling studies and is defined as:275

NSE = 1 −
∑n

i=1 (Qobs,i − Qsim,i)2∑n
i=1

(
Qobs,i − Qobs

)2 , (1)

where Qobs,i and Qsim,i are the observed and simulated streamflow values at time i, respectively, and276
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Qobs is mean observed streamflow.277

As studies have shown that NSE is oversensitive to peak flows and underestimates the variability in278

streamflow (Gupta et al., 2009; Althoff and Rodrigues, 2021), we also use KGE, which evaluates model279

performance through its correlation, variability, and mean-bias components. It is balanced for bias under280

both low- and peak-flow conditions (Althoff and Rodrigues, 2021).281

KGE = 1 −

√(
σsim

σobs
− 1

)2

+
(

µsim

µobs
− 1

)2

+ (r − 1)2 (2)

where:282

• σobs and σsim are the standard deviation of observed and simulated streamflow values,283

• µobs and µsim are their respective means, and284

• r is the correlation coefficient according to Pearson.285

KGE and NSE both range from −∞ to 1. Nevertheless, they should not be interpreted the same way; if286

the mean observed value is used as benchmark, NSE is equal to 0 while KGE is -0.41 (Althoff and Rodrigues,287

2021; Knoben et al., 2019). Therefore, for this study, we will consider 0 < NSE ≤ 1 and -0.41 < KGE ≤ 1288

as reasonable performance and values closer to 1, indicating better model performance.289

We aim to retain the same set of parameters across all three setups. To determine which parameter should290

be included in the calibration, we quantify for each soil scenario and performance metric their statistical291

significance in the GSA using a t-test derived from the multiple regression framework. Larger absolute t-292

statistics and smaller p-values provide stronger statistical evidence that a parameter is associated with model293

performance. We define significance using a threshold of p < 0.05. A parameter is retained for calibration294

if it is statistically significant in at least two of the three soil scenarios for both performance metrics (KGE295

and NSE), or if it is significant across all three soil scenarios for at least one of the metrics.296

As a robustness check, we repeat the sensitivity analysis using calibration-period NSE and using NSErel297

over both the calibration and entire simulation periods. These additional analyses use the same existing298

1,000 simulations and do not alter the parameter set used in the subsequent 2,000-run ensembles.299

3.3.2. Streamflow calibration and evaluation300

Based on the outputs of the GSA, we then calibrate the model using the subset of retained parameters. A301

new LHS set is generated for the defined parameter boundaries, and the scenarios are each rerun 2,000 times.302

Performance within these final ensembles is evaluated using NSErel and KGE. Ordinary NSE is not used303

for selecting the final parameter sets because it gives greater weight to errors during high-flow conditions.304

NSErel has been developed as an alternative to NSE to counteract drawbacks of NSE (Krause et al., 2005); it305

is less sensitive to peak flows and more sensitive to low-flow conditions (Althoff and Rodrigues, 2021; Krause306

et al., 2005). Like NSE, NSErel ranges from −∞ to 1, with values closer to 1 indicating better agreement307

between observed and simulated streamflow. It is defined as:308

NSErel = 1 −

∑n
i=1

(
Qobs,i−Qsim,i

Qobs,i

)2

∑n
i=1

(
Qobs,i−Qobs

Qobs

)2 (3)
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where:309

• Qobs,i and Qsim,i are the observed and simulated values at time i and310

• Qobs is the mean of observed values,311

To assess the goodness of fit, simulations are ranked separately according to KGE and NSErel, with rank312

1 assigned to the best-performing simulation for each metric. The two ranks are then summed for each313

simulation, and the best 1% simulations with the lowest combined rank are retained (n = 20 of 2000). This314

approach gives equal importance to both objective functions while avoiding direct aggregation of metrics315

with different statistical properties. The selected parameter-set IDs are retained for the evaluation and316

entire simulation periods; parameter sets are not reselected using evaluation-period performance.317

Streamflow performance is evaluated using daily NSErel and KGE for the calibration period (1993–2010),318

evaluation period (2011–2020), and entire simulation period (1993–2020). For each period, the distributions319

of both metrics are summarized by their mean, minimum, and maximum for the 20 calibration-selected320

parameter sets and all 2,000 simulations. To assess temporal consistency, calibration-period performance is321

compared with evaluation-period performance for the same parameter sets. Pearson correlation coefficients322

quantify the linear association between calibration and evaluation performance. The mean signed difference,323

mean absolute difference, and root mean square deviation from the 1:1 line are additionally calculated.324

The mean signed difference indicates systematic improvement or deterioration during evaluation, whereas325

smaller mean absolute differences and root mean square deviations indicate greater consistency in absolute326

performance between the two periods. The calibration-selected best-performing 1% (n = 20) is highlighted327

separately in this comparison.328

Parameter-related predictive uncertainty is characterized using an empirical 95% parameter-ensemble in-329

terval. At each time step, this interval is defined by the 2.5th and 97.5th percentiles of streamflow simulated330

by the best 1% calibration-selected parameter sets and is hereafter referred to as the 95% prediction uncer-331

tainty band (95PPU). The P -factor represents the proportion of the observed streamflow values enclosed332

by the 95PPU band, whereas the R-factor represents the mean width of the 95PPU band divided by the333

standard deviation of the observed streamflow values. A larger P -factor indicates higher observational cov-334

erage, while a smaller R-factor indicates a narrower ensemble interval. Following commonly used guidance335

(Abbaspour et al., 2015, 2007; Carlos Mendoza et al., 2021), P -factor values above 0.7 and R-factor values336

below 1.5 are used as contextual reference values rather than strict acceptance thresholds. One P -factor337

and one R-factor are calculated for each soil scenario and analysis period. The primary assessment is based338

on the best 1% calibration-selected parameter sets. The corresponding metrics are also calculated for the339

full 2,000 simulation ensemble to show how parameter screening affects ensemble coverage and spread. This340

analysis quantifies uncertainty arising from variability among the retained parameter sets, conditional on341

the SWAT+ model structure, forcing data, observations, and calibration procedure. It does not account for342

uncertainty in the forcing data, observations, or model structure and should therefore not be interpreted as343

a comprehensive probabilistic uncertainty assessment.344

Streamflow performance and parameter-related predictive uncertainty are assessed at the daily time step.345

NSErel and KGE are calculated from daily observed and simulated streamflow, and the daily 95PPU, P-346

factor, and R-factor are calculated separately for the calibration, evaluation, and entire simulation periods.347

For graphical presentation only, we aggregate the daily observed and simulated streamflow series to monthly348
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mean streamflow. We subsequently calculate the monthly ensemble medians and 95PPU bounds from the349

aggregated streamflow series of the same best 1% calibration-selected parameter sets. Thus, parameter-set350

selection and all reported performance and parameter-related predictive uncertainty metrics remain based351

on daily streamflow; monthly aggregation is used only to improve the readability of Figure 7.352

Because the preliminary GSA uses observations from the entire 1993–2020 period, the evaluation period353

is not fully independent of model development. However, selection of the best-performing parameter sets354

from the final 2,000-run ensembles uses calibration-period performance only. The evaluation period therefore355

assesses the temporal transferability of the selected parameter sets rather than providing a fully independent356

model validation.357

3.4. Water balance dynamics and flow-regime signatures358

In addition to performance metrics, we assess the average annual water balance components of the three359

model setups to characterize their internal hydrological behaviour. The water balance is evaluated before360

and after calibration. Before-calibration values are obtained from one initial uncalibrated simulation for361

each soil scenario, whereas after-calibration values are summarized across the best 1% calibration-selected362

parameter sets. The water balance components assessed are evapotranspiration, surface runoff, lateral flow,363

baseflow, and percolation. Average soil-water storage is additionally included as a storage diagnostic. They364

are calculated over the entire simulation period (1993–2020) and for the calibrated models, we use the365

ensemble median as the central estimate and the minimum–maximum range to describe the spread among366

the selected parameter sets. This water balance assessment allows us to evaluate both the effects of soil map367

resolution, implemented within the COCOA SWAT+ framework, and how subsequent calibration influences368

water balance partitioning. Because independent observations of internal fluxes and stores are unavailable,369

this analysis compares simulated process partitioning among the model configurations but does not validate370

the internal fluxes or storages.371

To examine temporal behaviour beyond the average annual water balance, we calculate annual and sea-372

sonal streamflow and evapotranspiration for the same best 1% calibration-selected parameter sets. Daily373

streamflow is aggregated to annual and July–August mean streamflow for each parameter set and year.374

Simulated streamflow distributions are compared with the corresponding observed distributions during the375

calibration and evaluation periods. July–August is analysed separately to characterize model behaviour376

during the principal summer low-flow period. Monthly simulated evapotranspiration is aggregated to an-377

nual, July–August, and April–September totals for each parameter set and year and is compared among the378

three soil scenarios. July–August evapotranspiration represents water loss during the summer low-flow pe-379

riod, whereas the April–September total characterizes cumulative evapotranspiration over the main growing380

season.381

In addition, flow-duration curves are calculated from daily streamflow separately for the calibration and382

evaluation periods. For each soil scenario, the median flow-duration curve and the 2.5th–97.5th percentile383

range of the 20 calibration-selected parameter sets are compared with the observed curve. We also calculate384

the Q05, Q50, and Q347. Q05 and Q50 denote streamflow exceeded 5% and 50% of the time, respectively,385

while Q347 denotes the streamflow exceeded on 347 days per year - a critical low-flow statistic defined386

by the Federal Office for the Environment (FOEN) under Article 4 of the Waters Protection Act. These387

diagnostics indicate whether differences among the soil scenarios are concentrated in high-, median-, or388

low-flow conditions.389
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To further characterize the delayed-flow contribution, we estimate the baseflow index (BFI) from daily390

observed and simulated streamflow using the UKIH-f smoothed-minima method (UKIH, 1980; Mao et al.,391

2024). The daily streamflow series is divided into consecutive five-day blocks, and the minimum streamflow392

in each block is identified. Turning points are selected using a factor of f = 0.9, and baseflow between393

consecutive turning points is estimated by linear interpolation. BFI is calculated as the ratio of summed394

estimated baseflow to summed total streamflow. The same procedure is applied to the observed record and395

each of the 1% best calibration-selected simulations for the calibration, evaluation, and entire simulation396

periods. Because hydrograph separation is method-dependent, BFI is treated as a comparative indicator of397

delayed-flow behaviour rather than a direct measurement of groundwater contribution.398

Finally, monthly average soil-water storage, aquifer storage, and aquifer flow are inspected through time399

for the calibration and evaluation periods. For each scenario and month, the ensemble median and 2.5th–400

97.5th percentile range of the best 1% selected parameter sets are calculated. These state and release401

variables are used to assess whether the soil scenarios exhibit different seasonal storage and groundwater-402

release dynamics.403

4. Results404

4.1. Parameter sensitivity, streamflow performance, and predictive uncertainty405

The GSA performed using the multiple-regression approach identifies 13 parameters that meet the pre-406

defined selection criteria for statistically significant sensitivity across soil scenarios and performance metrics407

and are therefore retained for subsequent steam flow calibration. Specifically, a parameter is retained if it408

significantly influences model performance (p < 0.05) in at least two soil scenarios for both KGE and NSE,409

or in all three soil scenarios for at least one of the two metrics.410

As shown in Table A4, the KGE-based regressions show a relatively consistent sensitivity pattern across411

the three soil scenarios. Ten parameters have statistically significant effects on KGE in all three scenar-412

ios: soil evaporation compensation factor (ESCO), AWC, soil water factor for CN3 (CN3_SWF), surface413

runoff lag coefficient (SURLAG), soil bulk density (BD), depth from soil surface to bottom of layer (Z),414

percolation coefficient (PERCO), threshold depth from surface to water table for groundwater flow to occur415

(FLO_MIN), threshold depth of water in the shallow aquifer for revaporation to occur (REVAP_MIN),416

and baseflow alpha factor (ALPHA) are significant for all three soil datasets. In contrast, five parameters417

have statistically significant effects on NSE in all three scenarios: SURLAG, average slope length for lateral418

subsurface flow (LAT_len), lateral flow coefficient (LAT_CO), BD, and REVAP_MIN. Under NSE, the419

GSA detects significant relationships between model parameters and performance across the broadest range420

of hydrological processes for Local-Soil, with eleven parameters showing significant effects, compared with421

seven in both World-Soil and Swiss-Soil. Beyond these differences in the number of significant parameters,422

the sensitivity of individual parameters - and, in some cases, the sign of their regression coefficients - also423

varies among the soil scenarios. For example, CN2 is significant for NSE in World-Soil and Local-Soil but424

not in Swiss-Soil, while PERCO is significant for NSE in Swiss-Soil and Local-Soil but not in World-Soil.425

The regression coefficients of CN3_SWF and SURLAG also change sign among scenarios, indicating426

that their relationships with model performance depend on the soil representation. SURLAG, BD, and427

REVAP_MIN are statistically significant for both performance metrics in all three scenarios and show the428

most consistent statistical relevance to streamflow performance, although the direction of the SURLAG429
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relationship is not consistent. Overall, the results indicate that changing the soil dataset modifies not only430

which parameters control model performance but also how individual parameters relate to the selected431

performance metrics. The 13 retained parameters are subsequently used to generate 2,000 parameter sets432

for each model setup. The parameter values of the best 1% calibration-selected sets are summarized in433

Table A5.434

To assess whether parameter retention was sensitive to the choice of NSE formulation and analysis435

period, we compared four GSA variants combining either NSE or NSErel with either the calibration period436

or the entire simulation period (Table A3). The resulting parameter sets were broadly consistent: ten437

parameters were retained in all four variants, whereas the retention of available water capacity (AWC),438

the SCS runoff curve number for antecedent moisture condition II (CN2), and the lateral-flow coefficient439

(LATQ_CO) depended on the metric–period combination. Thus, the core parameter set was robust to these440

methodological choices, although the selection of these three parameters was not.441

A scatter plot the perforamnce metric values for the calibration period against those for the evaluation442

period shows that parameter sets with higher calibration-period NSErel and KGE values generally also443

achieved higher values during evaluation (Fig. 6). However, for NSErel, most simulations lie below the 1:1444

line, indicating generally lower performance during evaluation. This difference becomes larger and more445

variable among parameter sets with lower calibration-period NSErel values, particularly for World-Soil.446

The best 1% parameter sets are selected using the combined ranking of daily calibration-period NSErel447

and KGE; the same parameter-set IDs are retained for the evaluation and entire simulation periods. In448

contrast, the best 1% parameter sets (selected using the combined ranking of daily calibration-period NSErel449

and KGE; the same parameter-set IDs are retained for the evaluation and entire simulation periods) form450

compact clusters near the upper-right end of the 1:1 line, indicating good temporal consistency between451

the calibration and the evaluation period (Fig. 6) . Among these selected parameter sets, mean NSErel452

is similar across scenarios during calibration (0.84–0.85), evaluation (0.75–0.76), and the entire simulation453

period (0.82-0.83). These values are so close, that they cannot be further interpreted. In other words,454

based on streamflow metrics alone, the different scenarios cannot be further differentiated. Furthermore,455

the absolute difference between KGE and NSE values should not be interpreted: the two metrics do not456

have the same scale.457

Table 2: Mean relative Nash–Sutcliffe efficiency (NSErel) and Kling–Gupta efficiency (KGE), with minimum–maximum ranges
in parentheses, for for the best 1% parameter sets and all 2,000 simulations. The best 1% parameter sets are selected using
the combined ranking of daily calibration-period NSErel and KGE; the same parameter-set IDs are retained for the evaluation
and entire simulation periods.
Period Scenario Best 1% (n = 20) All simulations (n = 2,000)

NSErel KGE NSErel KGE
Calibration World-Soil 0.836 (0.813–0.867) 0.687 (0.635–0.727) 0.715 (-0.217–0.887) 0.535 (0.148–0.773)

Swiss-Soil 0.848 (0.828–0.883) 0.689 (0.631–0.766) 0.746 (0.050–0.891) 0.562 (0.224–0.803)
Local-Soil 0.846 (0.828–0.861) 0.624 (0.584–0.726) 0.761 (0.295–0.872) 0.485 (0.184–0.783)

Evaluation World-Soil 0.747 (0.725–0.781) 0.710 (0.664–0.758) 0.552 (-1.233–0.842) 0.514 (0.065–0.771)
Swiss-Soil 0.752 (0.708–0.801) 0.722 (0.643–0.775) 0.640 (-0.406–0.826) 0.566 (0.196–0.778)
Local-Soil 0.749 (0.702–0.794) 0.669 (0.598–0.769) 0.690 (-0.071–0.824) 0.507 (0.113–0.774)

Entire simulation World-Soil 0.816 (0.797–0.841) 0.698 (0.651–0.735) 0.677 (-0.471–0.863) 0.534 (0.134–0.782)
Swiss-Soil 0.825 (0.803–0.863) 0.703 (0.637–0.779) 0.724 (-0.049–0.871) 0.569 (0.227–0.800)
Local-Soil 0.823 (0.806–0.846) 0.639 (0.599–0.745) 0.749 (0.233–0.848) 0.494 (0.181–0.769)

Across all three soil scenarios, the selected best 1% parameter sets reproduce the main seasonal and458
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Figure 6: Relationship between calibration- and evaluation-period performance across 2,000 simulations for each soil scenario.
Each point represents the performance of the same parameter set during calibration and evaluation for KGE and NSErel.
Large symbols with black outlines indicate the calibration-selected best 1% (n=20) for each scenario. These parameter sets
were selected by ranking all 2,000 sets separately according to calibration-period KGE and NSErel, assigning equal weight to
the two rankings, and retaining the 20 sets with the lowest summed ranks. The dashed 1:1 line indicates equal performance
during the two periods.
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interannual patterns in observed streamflow during both the calibration and evaluation periods (Figure 7).459

This underlines that these patterns are mostly climate-input driven and are reproduced even with default460

parameter values. However, the observed flow is generally underestimated by the simulations, also when461

looking at the full range of the 2000 simulations (see Figure S6). This points towards input data uncertainty,462

which is not further addressed here (see the work of Heinz et al. (2026) for further details on precipitation463

input uncertainty in this area).464

The daily coverage and spread of the parameter ensemble are summarized in Table S1. For the selected465

best 1% parameter sets, the daily P-factors range from 0.36 to 0.46 during calibration and from 0.41 to 0.50466

during evaluation, whereas the daily R-factors range from 0.31 to 0.39 and from 0.38 to 0.47, respectively.467

Thus, the selected best 1% parameter sets produce narrow bands around the daily streamflow simulations468

but do not contain most observed daily streamflow values (Figure 7). This is to be expected (Beven and469

Binley, 2014) since parameter uncertainy only accounts for a small amount of total model uncertainty, which470

is composed of data uncertainty (input and output uncertainty) and model structural uncertainty (Kavetski471

et al., 2006).472

4.2. Water balance before and after streamflow calibration473

Before calibration, the three soil scenarios show distinctly different water-balance partitioning (Fig. 8; see474

also Tab.S2). World-Soil is characterized by the largest surface runoff contribution and comparatively small475

percolation and baseflow contributions. In contrast, Swiss-Soil produces the hightest lateral flow, baseflow476

and percolation contributions, while Local-Soil produces the highest actual evapotranspiration (ET) and477

lowest average soil-water storage.478

Calibration substantially modifies water-balance partitioning, particularly in the World-Soil and Swiss-479

Soil scenarios. In World-Soil, median surface runoff decreases from 145 to 103 mm yr−1, while percolation480

increases from 20 to 91 mm yr−1 and baseflow increases from 19 to 85 mm yr−1. Lateral flow decreases481

from 16 to 8 mm yr−1, whereas actual ET changes only slightly, from 469 to 479 mm yr−1. In Swiss-Soil,482

calibration increases surface runoff from 39 to 74 mm yr−1, lateral flow from 48 to 87 mm yr−1, while483

actual ET decreases from 510 to 465 mm yr−1, percolation from 227 to 156 mm yr−1, and baseflow from484

212 to 148 mm yr−1. In Local-Soil, calibration shows small calibration-induced changes in lateral flow (31485

to 35 mm yr−1) and ET (557 to 543 mm yr−1). Its baseflow and percolation values drop by almost half486

with 101 to 55 mm yr−1 and 108 to 58 mm yr−1, respectively, while surface runoff increases from 39 to487

63 mm yr−1.488

Despite these calibration-induced changes, the scenarios retain distinct water-balance partitioning. After489

calibration, World-Soil continues to produce the hightest median surface-runoff contribution, whereas Swiss-490

Soil produces the highest subsurface flows (lateral flow, baseflow and percolation) and Local-Soil continues491

with highest actual ET and lowest average soil-water storage. In particular baseflow contributions are492

markedly different, with 85 mm/yr (World-Soil), 148 mm/yr (Swiss-Soil) and 55 mm/yr (Local-Soil), which493

is further discussed in the next subsection.494

For regional comparison, the Hydrologic Atlas of Switzerland (HADES) indicates a mean annual actual495

ET of approximately 550-600 mm yr−1 for the catchment during 1973–1992 (Menzel et al., 1999). In496

addition,the available reference simulations from CAMELS-CH Höge et al. (2023), based on the PREVAH497

(Viviroli et al., 2007) model, yield a value of 590 mm/yr for 1993–2020. The initial and calibrated Local-Soil498

values (557 and 543 mm yr−1, respectively), are closer to these regional estimates than the corresponding499

17



0

100

200

300

P
recipitation (m

m
)

(a) Calibration: 1993–2001

0

2

4

6

1994 1996 1998 2000

S
tr

ea
m

flo
w

 (
m

3  s
-1

)

0

100

200

300

P
recipitation (m

m
)

(b) Calibration: 2002–2010
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Bars: monthly precipitation; shading: 95PPU; coloured lines: ensemble medians; black line: observed streamflow

Figure 7: Monthly observed and simulated streamflow during the calibration (a and b) and evaluation (c) periods for the
World-Soil, Swiss-Soil, and Local-Soil scenarios. Coloured lines represent the median streamflow of the best 1% calibration-
selected parameter sets; shaded areas indicate the corresponding 95% prediction uncertainty (95PPU), and the black line shows
observed streamflow. Daily simulated and observed streamflow values were aggregated to monthly means before calculating
the ensemble median and 95PPU. The bars from above show monthly precipitation.
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World-Soil and Swiss-Soil values. Because both references are spatially derived or model-based estimates500

rather than direct catchment observations, they provide contextual benchmarks rather than independent501

validation of simulated ET.502

The broad and partly overlapping ranges of the best 1% calibration-selected parameter sets, particularly503

for subsurface-flow components, show that calibration on streamflow alone cannot further reduce model504

parameter uncertainty for these fluxes and that the model parameters compensate the differences among505

the soil scenarios differently for the different scenarios. Nevertheless, the ensemble medians of the 20 best506

sets preserve contrasting internal hydrological responses between the three model configurations.507

Average soil-water storage

Percolation

Baseflow

Lateral flow

Surface runoff

Soil evaporation

Actual evapotranspiration

0 200 400 600

Value (fluxes: mm yr
-1

; average soil-water storage: mm)

Initial Calibrated median Soil scenario World-Soil Swiss-Soil Local-Soil

Open circles: initial uncalibrated configuration; filled circles: median of the 20 calibration-selected parameter sets; horizontal bars: minimum--maximum range.

Figure 8: Average annual water balance components before and after streamflow calibration for the World-Soil, Swiss-Soil, and
Local-Soil scenarios. Open circles show values from the initial uncalibrated configurations. Filled circles show the median across
the best 1% calibration-selected parameter sets, and horizontal bars show their minimum–maximum range. Values summarize
the 1993–2020 simulation period following a 1990–1992 warm-up period. For context, mean annual precipitation and potential
ET over this period are 849 and 731 mm yr-1, respectively.

4.3. Flow-regime and seasonal behaviour508

Annual mean streamflow distributions for the best 1% calibration-selected parameter sets are broadly509

similar among the three soil scenarios and generally overlap during both calibration and evaluation (Fig. 9).510

Nevertheless, their medians are generally lower than the observed median, particularly during evaluation.511

Differences are more apparent for low-flow season July–August. All three scenarios underestimate the512

observed summer-flow distribution, with World-Soil producing the lowest median summer streamflow and513

Swiss-Soil generally producing the highest summer-flow and is therefore closest to the observations. Local-514

Soil exhibits intermediate summer streamflow but remains below the observed distribution. This underlines515
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that simulated ET (which is lowest for World-Soil producing the least summer-flow) is less important for516

summer-flow simulations than the simulated baseflow, which is markedly different for the three scenarios.517

The simulated distributions also include several high summer-flow values, especially during calibration,518

showing that the disagreement is concentrated primarily in the central and lower parts of the summer-519

flow distribution rather than in all individual years. Numerical summaries of the annual and July–August520

distributions, including medians and 2.5th–97.5th percentile intervals, are reported in Table S3.521
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Figure 9: Distributions of annual and July–August mean streamflow during the calibration and evaluation periods. Simulated
distributions include annual or seasonal values from the best 1% parameter sets selected using the combined ranking of daily
calibration-period NSErel and KGE, while observed distributions represent the corresponding annual or seasonal observed
values. The boxplots therefore summarize interannual variability and, for the simulations, variability among the selected
parameter sets.

Differences among the flow regimes become clearer along the flow-duration curves (Fig. 10). The three522

simulated curves are similar at low exceedance probabilities, indicating limited differences under high-flow523

conditions. Their separation increases toward median- and low-flow conditions, which are more influenced by524

soil-induced partioning than rainfall-dominated high flows, where simulation quality mainly depends on the525

input quality. Swiss-Soil generally maintains the highest streamflow in the lower part of the flow-duration526

curve, whereas World-Soil produces the lowest median and low flows, particularly during evaluation. The527

observed curve lies above the simulated ensemble medians over most median- and low-flow exceedance528

probabilities, indicating that all three scenarios underestimate flow persistence. This is also reflected in529

Q50 and Q347, which are consistently lower than the corresponding observed values during calibration and530

evaluation. Swiss-Soil produces the Q50 and Q347 values closest to the observations, while World-Soil531

shows the greatest low-flow underestimation. By contrast, evaluation-period Q05 is slightly overestimated532

by the simulated ensembles, showing that the evaluation bias changes across the flow regime. Uncertainty533

increases toward Q347, and the overlap among the scenario intervals indicates that these differences represent534
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systematic tendencies rather than complete separation among the soil scenarios. Median and 2.5th–97.5th535

percentile values of Q05, Q50, and Q347 are given in Table S4.536
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Figure 10: Observed and simulated flow-duration curves during the calibration and evaluation periods. Streamflow is shown
on a logarithmic y-axis. Coloured lines show the median flow-duration curves of the best 1% calibration-selected parameter
sets, and shaded areas show the corresponding 2.5th–97.5th percentile ranges. The black line represents observed streamflow.
Vertical dotted lines indicate Q05 and Q50, corresponding to exceedance probabilities of 5% and 50%, respectively, and Q347,
the Swiss critical low-flow statistic.

The ET distributions show a more consistent separation among soil scenarios than the streamflow dis-537

tributions (Fig. 11). Local-Soil produces the highest annual, July–August, and April–September ET during538

both calibration and evaluation. World-Soil and Swiss-Soil have more similar median ET, although Swiss-539

Soil displays greater variability, particularly during evaluation. The persistence of the Local-Soil response540

across annual, peak-summer, and growing-season aggregations indicates that its higher ET is not restricted541

to a small number of months. The numerical distributions, including their medians and range for the 1%542

best parameter sets, are reported in Table S5.543

Hydrograph separation indicates an observed baseflow index of 0.57 during calibration and 0.60 during544

evaluation (Fig. 12). Median simulated BFI is consistently highest for Local-Soil and lowest for World-Soil.545

Over the entire simulation period: median BFI amounts to 0.59, 0.55, and 0.54 for Local-Soil, Swiss-546

Soil, and World-Soil, respectively, compared with an observed value of 0.58. Nevertheless, the simulated547

BFI distributions encompass the observed value in all three soil scenarios and periods. The systematic548

underestimation of median and low streamflow therefore cannot be explained solely by differences in the549

overall fraction of streamflow classified as baseflow. Differences in the timing and persistence of groundwater550

release may also contribute to the low-flow bias.551

The monthly state and flux variables further demonstrate that similar streamflow performance does552

not imply equivalent internal hydrological behaviour (Fig. 13). Soil-water storage follows a comparable553
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Figure 11: Distributions of annual, July–August, and April–September ET totals during the calibration and evaluation periods
for the World-Soil, Swiss-Soil, and Local-Soil scenarios. Simulated distributions include values from the best 1% calibration-
selected parameter sets. The boxplots therefore represent both interannual variability and variability among the selected
parameter sets. July–August represents the principal summer low-flow period, whereas April–September represents cumulative
ET over the main growing season.
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Figure 12: Baseflow index (BFI) calculated from daily observed and simulated streamflow using the UKIH-f smoothed-minima
method during the calibration, evaluation, and entire simulation periods. Points and vertical bars represent the median and
minimum–maximum range, respectively, across the 1% best calibration-selected parameter sets. The black dashed lines indicate
the corresponding observed BFI. BFI is interpreted as a streamflow-derived indicator of delayed flow rather than as a direct
measurement of groundwater contribution.

seasonal pattern in all three configurations, reflecting their common meteorological forcing, but Swiss-Soil554

generally maintains higher storage than World- and Local-Soil. Differences in median aquifer storage are555

smaller, although Swiss-Soil exhibits a substantially wider parameter range for the 20 best sets. Swiss-Soil556

also produces higher median baseflow and markedly higher ensemble spread, whereas World- and Local-557

Soil show lower and more constrained baseflow release. These differences persist through both calibration558

and evaluation. Thus, the three setups reproduce broadly similar streamflow dynamics (conditioned on the559

observed streamflow) while representing the storage and release of water differently.560

4.4. COCOA SWAT+ model and dominant soil aggregation561

The dominant soil aggregation process has no notable impact on the soil texture composition of the two562

coarser soil datasets, World-Soil and Swiss-Soil (see Figure S2). The main texture classes in Local-Soil also563

remain close to the original, with more notable changes for silty loam and sandy clay loam. However, the564

five less frequent Local-Soil texture classes (silty clay, sandy clay, silty clay loam, loamy sand and sand)565

disappear entirely with the dominant soil aggregation process. These five soil classes together cover about566

11 ha or 0.1% of the study area. Therefore, although their disappearance might have some effect on the567

water balance of single Land Objects, this can be neglected regarding catchment-scale results.568

The limited effect of dominant soil aggregation is also reflected in Shannon entropy. Soil texture entropy569

decreases from 1.09 to 1.04 for Local-Soil and from 1.04 to 1.03 for Swiss-Soil, corresponding to reductions of570

4.0% and 0.8%, respectively. For World-Soil, entropy remains unchanged at 0.64. Thus, aggregation results571

in a small loss of soil-texture diversity for Local-Soil but has little or no effect on the diversity represented572

by the two coarser soil datasets.573
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Figure 13: Monthly soil-water storage, aquifer storage, and aquifer flow for the World-Soil, Swiss-Soil, and Local-Soil scenarios
during 1993–2020. Coloured lines represent ensemble medians of the best 1% calibration-selected parameter sets, and shaded
areas show the corresponding 2.5th–97.5th percentile ranges. The vertical dashed line separates the calibration period (1993–
2010) from the evaluation period (2011–2020).
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5. Discussion574

To our knowledge, this study is the first to explicitly assess alternative soil representations within the575

COCOA SWAT+ framework. In conventional SWAT applications, increasing soil resolution generally also576

changes the number and size of HRUs, thereby increasing computational costs and confounding the effects of577

the soil data with changes in spatial discretisation (Romanowicz et al., 2005; Viviroli et al., 2007; Moges et al.,578

2023; Fernando et al., 2025). By decoupling soil input data from the spatial units used for water-balance579

calculations, the COCOA setup allows the three soil representations to be compared while maintaining the580

same number and spatial configuration of Land Objects. The observed differences can therefore be attributed581

more directly to differences among the soil datasets (including their spatial resolution, soil properties, and582

vertical layering) rather than to changes in model spatial structure.583

High-resolution soil input data with high spatial and vertical variability are often expected to improve584

the representation of soil–water dynamics in hydrological models, in particular if higher spatial variabil-585

ity increases the degree-of-freedom of the model or the number of model parameters, which is not the586

case here (Huang et al., 2022; Krpec et al., 2020; Bayabil and Dile, 2020; Horta et al., 2024). Our re-587

sults show that increasing the spatial and vertical detail of the soil information does not systematically588

improve catchment-scale streamflow performance. Among the best 1% calibration-selected parameter sets,589

the three soil scenarios achieve similar NSErel values, while Swiss-Soil generally produces the highest KGE590

(Tab. 2; Fig. 6). Differences among the soil scenarios become, however, evident in the analysis of water flux591

partitioning, evapotranspiration, soil-water storage, and groundwater release (Figs. 8, 11, and 13).592

These findings agree with previous studies showing that calibration can compensate for limitations in593

the resolution of precipitation, DEM, and soil inputs (Huang et al., 2019; Kleidorfer et al., 2009; Lin et al.,594

2013; Bhandari et al., 2018). They also support the expectation formulated in the Introduction that spatial595

differences in model inputs can be attenuated by catchment-scale averaging and may therefore not be596

apparent in streamflow at the catchment outlet (Bormann, 2006; Sciuto and Diekkrüger, 2010; Li et al.,597

2013; Baroni et al., 2017). Although some studies report better performance with finer-resolution soil data598

(López-Ballesteros et al., 2023; Bhandari et al., 2018), our results are more consistent with the work of599

Kumar and Merwade (2009), who show that calibration can offset the influence of catchment subdivision600

and input-data resolution and produce relatively similar aggregated model outputs.601

The GSA shows that parameter influence depends not only on the model performance metrics but also602

on the soil dataset. The statistical significance and, in some cases, the direction of parameter effects vary603

among the three scenarios, particularly for parameters associated with surface-runoff generation, lateral604

flow, percolation, and groundwater processes (Tab. A4). This demonstrates that the effect of a calibration605

parameter cannot be considered independently of the soil representation to which it is applied. Nevertheless,606

several parameters remain influential across all three scenarios.607

The pronounced differences in water-balance components before calibration demonstrate that the soil608

representation strongly affects runoff partitioning in SWAT+. Unlike DEM resolution, which can have609

a relatively limited direct effect on outputs such as streamflow, surface runoff and groundwater recharge610

(Moges et al., 2023), soil hydraulic properties directly regulate the assignment of hydrologic soil groups611

within the SCS curve-number framework and therefore impact water partitioning, storage and release. As612

our simulations show, the default partitionning (i.e. if the model is run with default parameter value ranges)613

with the World-Soil scenario favours a surface-runoff-dominated response; the Swiss-soil scenario favours a614
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subsurface-flow-oriented response. This reflects differences in how the scenarios represent infiltration, vertical615

fluxes, and storage capacities with default parameter values (Fig. 8; see also Tab.S2).616

Calibration substantially modifies this default water-balance partitioning. However, the calibrated sce-617

narios retain contrasting water flux partioning. World-Soil produces the largest median surface-runoff con-618

tribution, Swiss-Soil produces the highest lateral flow, baseflow, percolation, and soil-water storage, and619

Local-Soil produces the highest evapotranspiration and lowest soil water storage (Fig. 8; see also Tab.S2).620

This behaviour underlines the classical equifinality challenge in hydrological modelling, whereby different621

parameter sets and model configurations can produce similar streamflow at the catchment outlet (Beven622

and Freer, 2001; Beven, 2012). Calibration can therefore reduce differences in aggregated streamflow while623

masking distinct internal process representations. As highlighted by Kirchner (2006), models may obtain624

the ”right answers for the wrong reasons” when evaluation is based exclusively on outlet-streamflow metrics.625

The observed long-term mean annual streamflow of approximately 278 mm yr−1 corresponds to a runoff626

ratio of about 0.33 for the period 1993-2020 (the full simulation period), indicating that approximately627

one-third of annual precipitation leaves the catchment as streamflow at the gauging station. The calibrated628

actual-evapotranspiration medians of 465–543 mm yr−1 correspond to approximately 55–64% of the mean629

annual precipitation of 849 mm yr−1 (Fig. 8; see also Tab.S2). Relatively moderate differences in evapo-630

transpiration and subsurface storage can therefore have an appreciable effect on streamflow generation. In631

particular, the consistently higher annual and seasonal evapotranspiration in Local-Soil may reduce the water632

available for storage and streamflow generation and thereby contribute to its lower simulated summer and633

low-flow values (Fig. 11; see also Tab.S5). However, the overlap among the parameter-ensemble ranges and634

the absence of direct catchment-scale observations of evapotranspiration, internal fluxes, and water storage635

prevent this relationship from being established causally. Consequently, the contrasting water-partitioning636

and storage dynamics are hydrologically important, but they do not establish which soil scenario provides637

the most realistic or ”better” representation of catchment processes.638

The averaging effect of the catchment is particularly apparent in the annual streamflow distributions,639

which overlap substantially among the three scenarios (Fig. 9; see also Tab.S3). Differences become clearer640

during the summer months, July–August, and toward the median- and low-flow parts of the flow-duration641

curves. All three scenarios underestimate summer streamflow, Q50, and Q347, whereas their high-flow642

responses are more similar to one another and to the observations (Figs. 10, see also Fig.S7 and Tab.S4).643

Soil representation therefore has a higher influence on sustained median and low flows than on the highest644

streamflow conditions.645

Swiss-Soil generally produces the highest Q50 and Q347 and lies closest to the observed values. This646

is consistent with its higher simulated percolation, baseflow, soil-water storage, and aquifer flow (Figs. 8647

and 13, see also Fig.S7) and suggests that its representation of soil and groundwater processes supports648

a more sustained release of stored water during recession and low-flow periods. World-Soil and Local-Soil649

produce lower Q347 values despite their contrasting internal water-balance partitioning, illustrating that650

similar low-flow deficiencies can result from different simulated water partitioning. The relative ensemble651

spread increases toward Q347, indicating that very low streamflow is particularly variable among the selected652

parameter sets. However, because the scenario ranges overlap, these results indicate systematic ensemble653

tendencies rather than a complete separation of the three soil scenarios (see Tab.S4).654

The observed baseflow index ranges from 0.57 to 0.60 across the analysis periods, indicating that delayed655
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subsurface-flow pathways contribute substantially to streamflow in the Petite Glâne (Fig. 12). Subsurface656

storage and delayed water release, including groundwater contributions, are therefore likely to be particularly657

important for maintaining summer and other low flows. This interpretation is consistent with Heinz et al.658

(2026), who show that changes in soil-water retention and groundwater recharge affect summer streamflow659

and low-flow occurrence in the same catchment. The systematic underestimation of Q50 and Q347 across all660

three soil scenarios may indicate that groundwater storage is depleted too rapidly, that groundwater release661

during dry periods is insufficient, or that relevant groundwater exchanges are not fully represented. The662

persistence of the bias despite the use of NSErel, which gives higher weight to low-flow errors than ordinary663

NSE, further suggests a common structural or input-related limitation rather than a problem that can be664

resolved solely through soil-data representation.665

The systematic underestimation of summer streamflow and Q347 suggests that the model configurations666

do not fully reproduce the observed persistence of low flow (Figs. 9 and 10, see also Fig. S7). The observed667

BFI of 0.57 during calibration and 0.60 during evaluation indicates that approximately 57–60% of streamflow668

is classified as delayed flow by the UKIH-f method. The simulated ensemble ranges encompass these values669

in all three soil scenarios (Fig. 12), suggesting that the low-flow underestimation is not caused solely by670

an insufficient overall delayed-flow fraction. Instead, the models may inadequately represent the seasonal671

timing and persistence of groundwater release. Because BFI is derived statistically from streamflow, it does672

not provide a direct measurement of groundwater contribution.673

This interpretation is supported by the contrasting simulated state variables. Although all scenarios674

follow similar seasonal patterns under the same meteorological forcing, Swiss-Soil maintains higher soil-675

water storage and produces higher aquifer flow and substantially wider groundwater-related uncertainty676

ranges than World-Soil and Local-Soil (Fig. 13). Nevertheless, even Swiss-Soil underestimates observed low677

streamflow. The state-variable results consequently show that the scenarios represent groundwater storage678

and release differently, but they do not establish which representation is most realistic because groundwater-679

level, soil-moisture, and baseflow observations are unavailable.680

The results have implications for both hydrological modelling and the allocation of resources for soil-681

data collection. If model evaluation is based only on catchment-outlet streamflow, the additional spatial682

information in a high-resolution soil dataset may appear to provide limited benefit because calibration and683

catchment-scale averaging reduce the differences in associated streafmlow simulations. However, the water684

flux partioning, the seasonal analysis and analysis of flow-duration curves and state-variable demonstrate685

that the selected soil dataset affects how the model partitions, stores, and releases water. These differences686

are relevant when models are used to assess drought, groundwater recharge, evapotranspiration, agricultural687

water availability, land-use change, or management interventions, even if outlet-streamflow metrics differ688

only slightly.689

The COCOA SWAT+ framework is useful in this context because it maintains a consistent spatial690

discretisation across the soil scenarios. This avoids the simultaneous change in HRU number that complicates691

soil-resolution comparisons in conventional SWAT applications. Nevertheless, the scenarios differ not only692

in nominal spatial resolution but also in soil properties, number of soil types, and vertical layering. The693

observed responses should therefore be attributed to alternative soil representations rather than to spatial694

resolution alone. Dominant soil aggregation also removes some rare Local-Soil texture classes, although these695

account for only approximately 0.1% of the catchment and are unlikely to dominate the catchment-scale696
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results (see Figure S2).697

Several additional limitations affect the strength of the conclusions. First, only streamflow is evaluated698

against direct catchment observations. Evapotranspiration, soil-water storage, aquifer storage, percola-699

tion, and groundwater release are compared among model configurations but cannot be directly validated.700

Independent process observations could include spatially representative eddy-covariance measurements of701

evapotranspiration (Zink et al., 2017), in situ soil-moisture (Duethmann et al., 2022), and hydrochemical702

or isotopic tracers to quantify groundwater recharge (Schilling et al., 2021). Such observations would help703

determine whether differences among the scenarios represent plausible catchment processes rather than704

alternative ways of reproducing outlet streamflow.705

Second, the best 1% calibration-selected parameter sets represent only part of the total uncertainty.706

Input and output data uncertainty, uncertainty in the soil-property data, model structural uncertainty, and707

uncertainty introduced by spatial aggregation are not comprehensively quantified.708

Third, the GSA is performed over the entire 1993–2020 simulation period to identify the sensitive param-709

eters subsequently included in the calibration. Consequently, evaluation-period observations contributes to710

the selection of the calibrated parameter subset. However, the parameter values and the best 1% ensemble711

are selected using calibration-period performance only. The evaluation period is therefore not fully inde-712

pendent of model development and is interpreted as an assessment of temporal transferability rather than713

a fully independent model validation. Nevertheless, the robustness analysis shows that restricting the GSA714

to the calibration period results in a broadly similar parameter subset (Tab. A3).715

Future work should evaluate the model configurations against additional process-related observations,716

particularly remotely sensed or field-based evapotranspiration, soil moisture, groundwater levels, and inde-717

pendently estimated baseflow. Such observations would help determine whether the contrasting internal718

responses represent realistic hydrological differences or compensating model errors. The Swiss Soil Prop-719

erty Map published in 2024 (Gupta et al., 2024) also provides an opportunity to test whether a more720

recent national dataset offers a useful compromise between readily available regional information and costly721

high-resolution local mapping.722

6. Conclusion723

This study assesses how three soil datasets of increasing spatial and vertical detail influence a Contiguous-724

Object Connectivity Approach (COCOA) SWAT+ model: the low-resolution global World-Soil dataset, the725

medium-resolution national Swiss-Soil dataset, and the high-resolution Local-Soil dataset developed specif-726

ically for the study area. By maintaining identical spatial modelling units and non-soil inputs across the727

three scenarios, the study isolates differences associated with soil representation from changes in model spa-728

tial structure. The three soil scenarios show clearly different parameter sensitivities and water partitioning,729

demonstrating that soil representation affects model behaviour beyond catchment-outlet streamflow perfor-730

mance. After calibration, the best-performing parameter sets achieve very similar NSErel values across all731

scenarios, while Swiss-Soil consistently achieves the highest KGE. Increasing the spatial detail of the soil732

data therefore does not lead to a systematic improvement in streamflow performance.733

Differences among the scenarios remain evident in the associated internal hydrological model behaviour.734

Differences are more apparent during median- and low-flow conditions than during high flows. Calibration735

therefore reduces differences in outlet-streamflow performance without eliminating differences in simulated736
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water partitioning, storage, and release. Because these internal fluxes and stores cannot be independently737

validated in the framework of this study, the results do not identify one soil representation as physically738

superior.739

Overall, the findings show that the value of higher-resolution soil information depends on the modelling740

objective and understanding how soil-property data affect water partitioning, storage, and release can sup-741

port modelers in selecting input data that are appropriate for the intended application. If the primary aim742

is calibrated catchment-outlet streamflow, a medium-resolution dataset such as the Swiss-Soil may be suffi-743

cient. However, the Local-Soil dataset provides greater spatial and vertical soil detail, which is reflected in744

distinct simulated internal hydrological behavior. For catchment management and environmental planning,745

investment in higher-quality soil information is therefore most valuable when decisions depend on internal746

processes such as groundwater recharge, evapotranspiration, soil-water availability, or low-flow dynamics.747

The appropriate soil dataset should therefore be selected according to the processes and management ques-748

tions the model is intended to represent, rather than on spatial resolution alone.749
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Appendix1092

A1. Data sources and model inputs1093

Table A1: Overview of data used in model setup and parameterization
Section of Use Dataset Details and Sources

Model setup

Basin boundary
(vector)

Catchment area number 113587, created following the instructions
attached to the dataset (FOEN, 2010)

Digital Elevation
Model (raster)

swissALTI3D (Swisstopo, 2011a), 2 m resolution, available as 1 km2 tiles;
pre-processing: merging tiles covering the basin boundary using “Mosaic
to Raster” tool in ArcMap

Channel network
(vector)

swissTLM3 hydrography/ watercourses (Swisstopo, 2011b)

Land use map (vector) Created by overlaying layers of swissTLM3 (Swisstopo, 2011b) and
utilised agricultural area (geodienste.ch, 2022); crop rotation for
1990-2020 based information from farmers and guidelines for optimal crop
rotation (Jeangros and Courvoisier, 2019); where available, tile drainage
information for each field, derived from digitalized tile drainage maps

Soil data (raster,
database, lookup
table)

Soil data consists of a raster map, a soil parameter database, and a
lookup table linking raster and database. The soil data used are: a)
Digital Soil Map of the World (FAO-UNESCO, 2003); b) Swiss Soil
Suitability Map (FSO, 2000), prepared for SWAT and used by Zarrineh
et al. (2018, 2020); c) a high-resolution soil property map created for this
study by Nussbaum and Burgos (2023)

Point sources (raster
and text)

Coordinates and average water, sediment, and nutrient loads emitted by
the wastewater treatment plants at a) Grandcour (monthly grab samples
for 2015-2022) and b) Bussy (monthly grab samples for 2015), data
received from the Cantons of Vaud and Fribourg, respectively, upon
request

meteo data (text) Daily meteorological data 1990–2020 for Payerne (PAY) available at
MeteoSwiss (MeteoSwiss): precipitation [mm] (daily total), temperature
[℃] (daily max, min and mean, 2 m above ground), wind speed [m/s]
(daily mean, 2 m above ground), solar radiation [MJ/m2] (daily mean),
relative humidity (daily mean, 2 m above ground, fraction)

Model
parameterization

Crop management
schedule

Crop factsheets by Liebegg (2022e,b,g,f,c,d,a, 2023, 2024)

Model evaluation
Crop yield Yearly average yield (dry matter) per crop, provided by Tänikon (2022)

Streamflow Streamflow [m3/s] at gauging station Villars-le-Grand from 1993 to 2020,
1993-2010 used for calibration and 2011-2020 for evaluation provided by
the Vaud cantonal authority (DGE-DIRNA-EAU)
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A2. Crop Growth Parameter Estimation1094

The model setup verification performed with SWATdoctR confirms that the climate inputs are processed1095

correctly and the plant growth falls within plausible ranges, aligning with the expert knowledge of the1096

studied watershed. Only minor adjustments to the default plant parameters are required, i.e., changing1097

the leaf area index decline rate (dlai_rate) for potatoes from 10 to 5 for a more gradual decrease in leaf1098

area compared to the default setting. During crop calibration with SWATtunR, most changes are made1099

to the plant parameter days to maturity (days_mat), while keeping it realistic for the crop management1100

schedule. Only minor changes are made to bm_e, harv_idx, tmp_base and lai_pot. The final crop-parameter1101

adjustments are summarized in Tab. A2. Crop-specific distributions of potential heat units at harvest, yield,1102

and biomass after parameter estimation are shown in Figures S4-S6.1103

Table A2: Crop growth parameter: Final adjusted values of crop parameters. *Absolute change, **relative change

Crop days_mat* lai_pot** harv_idx** tmp_base* bm_e**
canp (Canola) +20 0 0 0 0
corn (Grain Corn) +30 0 0.1 0 0
csil (Silage Corn) -30 0 0 0 -0.5
peas (Peas) -10 0.5 0 -5 0
pota (Potato) 0 0 0 0 0
ryeg (Rye Grass) -50 0 0 0 0
sgbt (Sugar Beet) +80 0 0 0 0.1
sunf (Sunflower) +40 0 0 0 0.4
swht (Summer Wheat) -20 0 0 0 0
tobc (Tobacco) -80 0 0 0 -0.5
trit (Winter Triticale) 0 0 0.05 0 0
wbar (Winter Barley) -10 0 0 0 0
wwht (Winter Wheat) -40 0 0.25 0 0
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A3. Global sensitivity analysis1104

Table A3: Robustness of parameter selection to the performance metric and analysis period.
Check marks indicate parameters retained according to the following selection criterion: a
parameter is retained when it is statistically significant (p < 0.05) in at least two soil scenarios
for both performance metrics, or in all three scenarios for at least one metric. The primary
Global sensitivity analysis (GSA) used to select parameters for streamflow calibration combines
NSE and KGE over the entire 1993–2020 simulation period. The alternative combinations of
NSE or NSErel with KGE and the calibration period (1993–2010) or entire simulation period
assess the robustness of parameter selection. Both analysis periods follow a 1990–1992 model
warm-up period. Parameter retained across all GSA variations are highlighted in bold.

NSE and KGE NSErel and KGE
Parameter Entire period Calibration Entire period Calibration
ESCO ✓ ✓ ✓ ✓
EPCO – – – –
AWC ✓ – ✓ –
CANMX – – – –
CN2 ✓ ✓ – –
CN3_SWF ✓ ✓ ✓ ✓
OVN – – – –
SURLAG ✓ ✓ ✓ ✓
LAT_TIME – – – –
LAT_LEN ✓ ✓ ✓ ✓
LATQ_CO ✓ ✓ – ✓
BD ✓ ✓ ✓ ✓
K – – – –
Z ✓ ✓ ✓ ✓
TILE_DEP – – – –
TILE_LAG – – – –
TILE_DTIME – – – –
PERCO ✓ ✓ ✓ ✓
FLO_MIN ✓ ✓ ✓ ✓
REVAP_CO – – – –
REVAP_MIN ✓ ✓ ✓ ✓
ALPHA ✓ ✓ ✓ ✓
SP_YLD – – – –
BF_MAX – – – –
CHN – – – –
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A4. Streamflow-calibration parameters1105

Table A5: Calibration ranges and parameter values of the best 1% parameter sets (n=20) from the calibration period for the three
soil scenarios. Values are medians with minimum–maximum ranges in parentheses. Parameter bounds are expressed as relative
change (relchg), absolute change (abschg), or absolute value (absval).

Parameter Change Calibration range World-Soil Swiss-Soil Local-Soil
ESCO absval 0.01–0.95 0.1 (0.02–0.32) 0.13 (0.03–0.27) 0.13 (0.01–0.66)
CN3_SWF absval 0–1 0.82 (0.32–1) 0.73 (0.32–1) 0.42 (0.04–0.91)
SURLAG absval 0.05–4 2.15 (0.93–3.89) 2.32 (1.26–3.99) 2.36 (1.19–3.67)
LAT_LEN abschg -30–30 1.19 (-19.29–27.1) 8.24 (-12.31–28.57) 7.28 (-19.29–27.51)
LATQ_CO absval 0–1 0.42 (0.01–0.8) 0.46 (0.01–0.79) 0.22 (0.04–0.61)
BD relchg -0.25–0.25 0.06 (-0.13–0.14) -0.09 (-0.17–0.13) 0.02 (-0.05–0.21)
Z relchg -0.15–0.15 0.03 (-0.14–0.14) 0.02 (-0.12–0.12) 0.04 (-0.14–0.15)
PERCO absval 0–1 0.61 (0.31–0.88) 0.44 (0.14–0.88) 0.61 (0.08–0.89)
FLO_MIN abschg -2–2 0.33 (-2–1.76) 0.11 (-1.18–1.48) 0.24 (-1.75–1.92)
REVAP_MIN abschg -2–2 0.86 (-1.74–1.87) -0.53 (-1.97–2) 0.11 (-1.92–1.35)
ALPHA absval 0–0.5 0.21 (0.02–0.49) 0.18 (0.02–0.47) 0.32 (0.03–0.46)
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Supplementary Material1106

S1. Study area1107

Figure S1: Location of the Petite Glâne catchment in the western Swiss Plateau.
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S2. Impact of dominant soil aggregation1108
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Figure S2: Soil-texture composition before and after dominant soil aggregation. (a) Proportions of catchment area represented
by each soil-texture class in the World-Soil, Swiss-Soil, and Local-Soil datasets. (b) Enlarged view of five rare Local-Soil texture
classes present before aggregation but absent afterward. Note the different y-axis scales. The absence of orange bars in panel
(b) indicates an after-aggregation proportion of zero. Cl = clay, SiCl = silty clay, SaCl = sandy clay, ClLo = clay loam, SiClLo
= silty clay loam, SaClLo = sandy clay loam, Lo = loam, SiLo = silty loam, SaLo = sandy loam, LoSa = loamy sand, Sa=
sand
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S3. Crop yields after crop growth parameter estimation1109

Distributions of simulated potential heat units (PHU) at harvest, crop yield, and biomass after crop-1110

growth parameter estimation for the World-, Swiss- and Local-Soil scenarios. Boxplots summarize the1111

simulated values for each crop; horizontal reference markers indicate the corresponding crop-specific target1112

or reference values. Crop abbreviations are defined in Tab. A2.1113
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Figure S3: Distributions of simulated potential heat units (PHU) at harvest, crop yield, and biomass after crop-growth
parameter estimation for the World-Soil scenario.
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Figure S4: Distributions of simulated potential heat units (PHU) at harvest, crop yield, and biomass after crop-growth
parameter estimation for the Swiss-Soil scenario.
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Figure S5: Distributions of simulated potential heat units (PHU) at harvest, crop yield, and biomass after crop-growth
parameter estimation for the Local-Soil scenario.
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S4. Predictive uncertainty1114

Table S1: Daily P- and R-factors for (A) the best 1% param-
eter sets and (B) all 2,000 simulations, calculated from the
95% prediction uncertainty (95PPU) bands. The best 1%
parameter sets (n=20) are selected using the combined rank-
ing of daily calibration-period NSErel and KGE. The same
parameter-set IDs are retained for the evaluation and entire
simulation periods. The P-factor is the proportion of ob-
served daily streamflow values enclosed by the 95PPU band.
The R-factor is the mean daily 95PPU width divided by the
standard deviation of observed daily streamflow.

Period Scenario P-factor R-factor
A. Best 1% (n = 20)

Calibration World-Soil 0.437 0.389
Swiss-Soil 0.430 0.331
Local-Soil 0.356 0.312

Evaluation World-Soil 0.497 0.473
Swiss-Soil 0.489 0.404
Local-Soil 0.414 0.384

Entire simulation World-Soil 0.458 0.406
Swiss-Soil 0.451 0.346
Local-Soil 0.377 0.327

B. All simulations (n = 2,000)
Calibration World-Soil 0.752 0.868

Swiss-Soil 0.730 0.828
Local-Soil 0.686 0.676

Evaluation World-Soil 0.743 1.063
Swiss-Soil 0.732 1.018
Local-Soil 0.697 0.828

Entire simulation World-Soil 0.749 0.909
Swiss-Soil 0.731 0.868
Local-Soil 0.690 0.708
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(c) Evaluation: 2011–2020
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Bars: monthly precipitation; shading: 95PPU; coloured lines: ensemble medians; black line: observed streamflow

Figure S6: Monthly observed and simulated streamflow during the calibration (a and b) and evaluation (c) periods for the
World-Soil, Swiss-Soil, and Local-Soil scenarios. Coloured lines represent the median streamflow of all 2000 simulations; shaded
areas indicate the corresponding 95% prediction uncertainty (95PPU), and the black line shows observed streamflow. Daily
simulated and observed streamflow values were aggregated to monthly means before calculating the ensemble median and
95PPU. The bars from above show monthly precipitation from the nearby weather station in Payerne (see Figure S1.
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S5. Water balance components1115

Table S2: Initial and calibrated average annual water balance components for the three soil scenarios. Calibrated values
are medians of the best 1% calibration-selected parameter sets, with minimum–maximum ranges in parentheses. Values
summarize the 1993–2020 simulation period following a 1990–1992 warm-up period. Mean annual precipitation and potential
evapotranspiration over this period are 849 and 731 mm yr-1, respectively. Surface runoff is surq_cha + surq_res and
lateral flow is latq_cha + latq_res from basin_wb_aa.txt and baseflow is flo from basin_aqu_aa.txt

World-Soil Swiss-Soil Local-Soil

Component Unit Initial Median (min–max) Initial Median (min–max) Initial Median (min–max)

Actual evapotranspiration mm yr−1 468.7 478.6 (451.1–508.1) 510.0 464.9 (442.5–487.9) 557.2 543.1 (506.1–576.5)
Soil evaporation mm yr−1 219.4 229.5 (201.9–260.2) 289.5 219.5 (198.4–239.9) 278.2 258.0 (216.1–299.1)
Surface runoff mm yr−1 145.0 103.0 (73.1–125.1) 39.0 73.8 (39.8–94.4) 39.0 62.6 (43.4–87.4)
Lateral flow mm yr−1 15.9 7.8 (0.1–22.3) 48.0 87.2 (1.9–149.1) 31.0 34.6 (6.3–63.6)
Baseflow mm yr−1 19.2 84.5 (41.4–146.6) 211.7 148.1 (45.9–253.4) 101.4 55.1 (20.7–101.3)
Percolation mm yr−1 20.2 90.8 (43.6–154.2) 227.1 155.9 (48.3–266.8) 108.2 58.4 (21.8–106.6)
Average soil-water storage mm 177.9 182.0 (147.4–253.0) 184.5 239.1 (176.4–304.6) 145.8 164.7 (137.0–219.7)

S6. Streamflow-regime and seasonal behaviour1116

Table S3: Observed and simulated annual and July–August mean streamflow distributions during
calibration and evaluation. Values are medians with 2.5th–97.5th percentile intervals in parentheses.
Streamflow is expressed in m3 s-1. For simulated scenarios, the distributions combine interannual
variability and variability among the best 1% calibration-selected parameter sets; observed distributions
represent interannual variability only.

Calibration Evaluation
Aggregation Scenario n Median (2.5–97.5%) n Median (2.5–97.5%)
Annual Observed 18 0.95 (0.51–1.68) 10 0.82 (0.38–1.11)
Annual World-Soil 360 0.81 (0.39–1.34) 200 0.67 (0.15–1.04)
Annual Swiss-Soil 360 0.83 (0.40–1.36) 200 0.72 (0.19–1.08)
Annual Local-Soil 360 0.78 (0.38–1.31) 200 0.65 (0.13–1.05)
July–August Observed 18 0.51 (0.20–1.41) 10 0.45 (0.22–0.63)
July–August World-Soil 360 0.33 (0.05–2.00) 200 0.27 (0.05–0.68)
July–August Swiss-Soil 360 0.38 (0.07–2.01) 200 0.33 (0.07–0.77)
July–August Local-Soil 360 0.31 (0.06–1.87) 200 0.27 (0.07–0.67)
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Figure S7: Observed and simulated flow-duration indicators during the calibration and evaluation periods. Boxplots show
Q05, Q50, and Q347 across the best 1% calibration-selected parameter sets. Open circles represent the corresponding observed
values. Q05 and Q50 denote streamflow exceeded 5% and 50% of the time, respectively, while Q347 denotes streamflow exceeded
on 347 days per year.
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Table S4: Observed and simulated streamflow-duration indicators during calibration and evaluation period. Simulated
values are medians with 2.5th–97.5th percentile ranges of the best 1% calibration-selected parameter sets. Streamflow is
expressed in m3 s-1. Observed entries are single values. Q05 and Q50 denote streamflow exceeded 5% and 50% of the time;
Q347 denotes streamflow exceeded on 347 days per year.

Indicator Scenario Streamflow during calibration period Streamflow during evaluation period
Q05 Observed 2.895 2.043
Q05 World-Soil 2.549 (2.196–2.921) 2.147 (1.879–2.491)
Q05 Swiss-Soil 2.483 (2.237–2.829) 2.129 (1.885–2.394)
Q05 Local-Soil 2.387 (2.180–2.695) 2.035 (1.838–2.322)
Q50 Observed 0.634 0.546
Q50 World-Soil 0.469 (0.407–0.558) 0.408 (0.362–0.453)
Q50 Swiss-Soil 0.502 (0.403–0.608) 0.458 (0.356–0.554)
Q50 Local-Soil 0.475 (0.395–0.541) 0.415 (0.338–0.489)
Q347 Observed 0.185 0.154
Q347 World-Soil 0.082 (0.046–0.204) 0.055 (0.027–0.155)
Q347 Swiss-Soil 0.129 (0.051–0.190) 0.098 (0.032–0.152)
Q347 Local-Soil 0.085 (0.065–0.120) 0.050 (0.036–0.076)

Table S5: Annual, July–August, and April–September evapotranspiration distributions for the three soil
scenarios during calibration and evaluation. Values are medians with 2.5th–97.5th percentile intervals
in parentheses. Evapotranspiration totals are expressed in mm. The distributions combine interannual
variability and variability among the best 1% calibration-selected parameter sets.

Calibration Evaluation
Aggregation Scenario n Median (2.5–97.5%) n Median (2.5–97.5%)
Annual World-Soil 360 478.5 (425.2–548.9) 200 481.2 (444.6–585.3)
Annual Swiss-Soil 360 471.7 (379.9–550.6) 200 485.5 (179.0–608.0)
Annual Local-Soil 360 537.1 (469.4–615.5) 200 550.3 (500.1–649.3)
July–August World-Soil 360 133.2 (93.9–160.0) 200 138.2 (106.1–169.4)
July–August Swiss-Soil 360 116.8 (68.2–205.0) 200 131.9 (56.2–228.8)
July–August Local-Soil 360 156.5 (104.0–184.8) 200 166.0 (117.0–196.9)
April–September World-Soil 360 378.3 (337.6–428.1) 200 391.1 (359.3–450.7)
April–September Swiss-Soil 360 375.3 (292.0–452.7) 200 406.3 (135.4–493.7)
April–September Local-Soil 360 424.6 (374.5–491.5) 200 448.3 (400.3–501.1)
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