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Abstract

in central Poland.

Input data collection, quality assurance and preparation are central but time_consuming steps in environmental
modeling. Errors due to manual processing of model input data can result in an incorrect representation of an envi-
ronmental system and may consequently lead to implausible model simulations. Correct input data preparation
and thorough quality check at an early stage of the model setup procedure are essential to build confidence in model
simulation results. Typically, in environmental model applications, many steps in the input data preparation phase
have to be repeated with the inflow of new, additional or corrected data. In this study, we selected the widely used
SWAT +ecohydrological model as an illustrative example to investigate challenges related to input data prepara-
tion. To assist in these tasks, we developed an R package named SWATprepR, which provides functions for typical
and repeating SWAT +model input data preparation tasks. The package supports the preparation of weather input
files, atmospheric deposition, soil parameters, crop rotations, and observed (control or calibration) data, to name

a few, presently with focus on European applications. The SWATprepR functions are integrated in R script workflows
and can help SWAT + modelers to avoid repetitive tasks, secure reproducibility and transparently document the data
processing steps. Application of the package is illustrated with a test case of a SWAT +model for a small catchment
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Introduction

Rapid changes in the global environment bring chal-
lenges for the protection of ecosystems, which demand
evidence-based policy making [1]. Environmental mod-
eling is an essential part of it, as policy makers can bet-
ter understand the potential impacts of their decisions on
the environment and identify the most effective strategies
for mitigating or adapting to environmental challenges
[2]. Transparency of methodology and reproducibility
are crucial prerequisites for modeling studies intended
to inform policy decisions [3]. Surprisingly, even among
published peer-reviewed studies, these essential ele-
ments are often absent [4, 5]. This deficiency is creating
legal challenges for policymakers, where environmen-
tal decision-making is based on modeling as input data,
parameters, model assumptions and validation processes
are most often questioned [3]. Furthermore, missing
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transparency and reproducibility in hydrological mod-
eling studies raises concerns about the scientific quality
of the results. This has resulted in an increasing demand
from funding agencies and journals for the disclosure of
the original data and code used in computations, high-
lighting its crucial role in scientific quality control [6].

The idea of scripted workflows designed for environ-
mental modeling has been provided to solve this weak-
ness in modeling studies [5, 7]. The main principle is that
a common set of scripts is provided, with components
designed to download and process input data, restructure
model inputs to conform with required formats, run sce-
narios, extract results and compare them with the “base-
line” or each other. If those scripts are prepared with
commonly used open source scripting languages such
as Python [8] or R [9] and released as packages via soft-
ware sharing, collaboration and version control platforms
(as GitHub, GitLab, Bitbucket, etc.), then multiple pos-
sibilities for collaboration on further development and
tailored adaptation of the tools are presented. However,
these tools have to be properly generalized and docu-
mented, which is rarely the case as modelers primarily
use scripting to aid in their own modeling applications.

For example, the Soil and Water Assessment Tool
(SWAT), a semi-distributed process-based ecohydro-
logical modeling tool, has been employed for a duration
exceeding a couple of decades [10]. It is free, open source
and has been used worldwide for a great variety of surface
water environment-related questions [11-14]. Records
in the SWAT Literature Database provide around 6000
scientific papers [15]. Its official website also provides
multiple solutions for model tailoring to different ques-
tions or tools to prepare different inputs. However, the
application of those tools in sequential order requires
adaptation to multiple file formats, software installations,
understanding of different graphical user interfaces and
involves a lot of manual manipulation, which is difficult
to connect programmatically and is error-prone.

Some open source scripted tools have been made avail-
able for SWAT and the most recent SWAT + model ver-
sions [16]. As an example, SWAT + AW [5] presented a
user-friendly, Python-based scripted workflow for catch-
ment modeling. This tool utilizes preprocessed input data
to facilitate the assemblance of a SWAT + model setup.
Other Python-based examples to be mentioned are
PySWAT [17], swatpy [18] or SpotSWATplus, which are
mainly designed for coupling SWAT +/SWAT with the
SPOTpy library [19] to edit model parameters and run it.
However, those packages are not in active development
at the moment. Currently (as of July 2022), two packages
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are promoted on the official SWAT model website! which
are developed using R: SWATrunR [20] and R-SWAT
[21]. These packages are designed primarily for model
sensitivity assessment, calibration, validation and uncer-
tainty analysis. Their application examples are reported
in several studies [22-24] and, based on development
records in GitHub repositories, these packages are
actively developed and updated. There are other available
SWAT +related open source R packages in active devel-
opment, such as: SWATdoctR [25], designed for model
setup verification; SWATfarmR [26]—a tool for preparing
advanced agricultural management schedules for SWAT
models, SWATbuildR [27, 28] —a comprehensive tool for
building SWAT + model setups that includes connectivity
between spatial objects. Those packages have been devel-
oped, used, updated, and tested within the EU-funded
Horizon 2020 research and innovation OPTAIN pro-
ject (OPtimal strategies to reTAIN and re-use water and
nutrients in small agricultural catchments across differ-
ent soil-climatic regions in Europe) and described in the
project’s modeling protocol [28].

Presented packages could be connected to a scripted
workflow. Nevertheless, the tools mentioned necessitate
preprocessed data, overlooking the labor-intensive pro-
cess of preparing/preprocessing input data. Collection of
such data, quality checks and preparation are probably
the most time consuming stages in environmental mod-
eling, which require proper diligence and verification to
ensure smoothness of modeling effort in later steps [29].
Open source scripted tools provide automatization to
save time and proper documentation, how raw data were
treated. Moreover, corrected or updated data frequently
become available during the lifetime of projects. Thus,
having a scripted workflow covering the input data prep-
aration step is highly beneficial.

Additionally, during an input data preparation stage,
numerous questions could arise for the modeler. For
instance, data have been obtained, but how accurate,
complete, consistent is it? How to identify outliers and
how to treat them correctly (remove or correct)? What
data cover the temporal and spatial resolution needed?
How to obtain important model input data or param-
eters, which are not measured in the field, and how to fill
data gaps?

Another set of questions are connected to data for-
mat handling. For instance, which units are needed for
a model and how to convert to them? What format and
in which structure data should be delivered for a model?
What files have to be provided or updated so the model
finds and uses delivered data in the correct way? How to

! The link to website https://swat.tamu.edu/software/
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Fig. 1 Data requirements for SWAT/SWAT + model

track data preparation, handling and correct mistakes?
How to document data handling so it could be reported
and also used to add data in later stages, if more data
become available or if someone else needs to update a
modeling project, etc.? These are just a few examples of
simple questions, which are likely to arise during the data
preparation stage. Answering and providing solutions for
them is time consuming. A valuable way to move forward
and save modelers’ time would be through a systematic
approach that offers open-source tools with pre-existing
answers to some of these questions, along with a flexible
framework to seamlessly incorporate new solutions.

To further foster the use of automatized and transpar-
ent open source modeling workflows, this article intro-
duces a new tool developed as an R package named
SWATprepR with a collection of functions to preprocess
input data and derive some missing parameters for the
SWAT +model by providing demonstration examples of
the tool’s functionality for one case study. The current
version of the tool covers the important steps of input
data preparation in SWAT + modeling, including weather
and climate, atmospheric deposition, soil parameters,
crop rotation, observation, and point source data. Since
the package is open-source, it allows users to easily inte-
grate their own solutions to enhance its capabilities and
address additional requirements.

SWATprepR package features

The SWAT + model is a process-based, semi-distrib-
uted, small watershed to river basin-scale model, and
it requires multiple types of input data [30]. These data
should be identified, collected, quality assessed, cleaned
and transformed to model usable formats. Proper
input data preparation is often the most labor intense
and prolonged phase in the modeling process. Figure 1
provides an overview of the main data required by the
model.

SWATprepR 1.0.2 version of the package includes
functions which provide solutions to six different top-
ics: weather data, atmospheric deposition, climate pro-
jection data, soil parameters, crop rotation and point
source data. Functions can be categorized as designed
for (i) loading data from the templates or online
sources; (ii) plotting and cleaning data; (iii) calculating
missing model parameters/data; and (iv) writing model
input files (see Table 1). Detailed examples of applica-
tion are presented in the https://biopsichas.github.io/
SWATprepR/ website. This section is used to present an
overview of existing functionalities. Yet other function-
alities are easily accessible with different R packages as
well (examples provided on package website).
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Table 1 SWATprepR package features and functionality (X-functionality is supported in version 1.0.0)
Package feature Functionality
Loading data (templates or Plotting and cleaning Calculating missing Writing
online sources) data parameters input
files
Weather and climate input X X X X
Atmospheric deposition input X
Soil parameters X X
Crop rotation data X
Observation data X X X
Point source data X X

plot_weather()
plot_weather_compare()

load_template()

load_swat_weather()

load_netcdf_weather()

L

v

plot_wgn_comparison()

interpolate()

prepare_wgn() —
add_weather() —
prepare_climate() —

Fig. 2 Main functions and their functionalities for weather data in SWATprepR package

Weather and climate input

Weather data hold significant importance for hydro-
logical models as it determines the form of precipita-
tion (whether it’s solid or liquid) and drives major water
fluxes: e.g., evapotranspiration, and water flows within
various media. Consequently, significant emphasis must
be placed on quality assurance for meteorological varia-
bles. The SWATprepR package presents multiple options
in addressing this concern, as depicted in Fig. 2.

The main function is load_template(), which loads
data from the Excel® template (named ‘weather_data.
xlsx’) included in the package. The template requires
typical information for meteorological stations, such

2 Excel format was chosen as the most commonly used format for handling
spreadsheet data.

as name, coordinates, altitude, and available time series
for variables required by the SWAT +model (precipita-
tion, temperature, wind speed, humidity, solar radia-
tion). The function loads data into the R environment
in a specific object, represented as a nested list format,
which is used by this package. Once the data have been
imported, the user can apply all other functions to the
object. Two other functions could be applied to load
weather data from different formats to the same object.
The load_swat_weather() function can be used to load
weather data directly from SWAT +input text files and
the load_weather_netcdf() function can be applied to
load weather data directly from Network Common Data
Form (NetCDF) files format [31], which is often used to
store large datasets, such as climate time series data.
Loaded data can be examined with multiple functions.
For example, function plot_weather() can be used to
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perform a quality check on time series data. This func-
tion generates an interactive plot that shows data from
all available stations. It offers various options for aggre-
gation over multiple time intervals and provides different
summarization functions such as mean, median, sum,
standard deviation, minimum, maximum, and more. By
using the plot_weather_compare() function, the user can
extend this capability to compare two datasets. Function
plot_wgn_comparison() generates a plot for comparing
weather statistical values for two datasets, which might
be needed in the assessment of weather data from pro-
jected climate datasets.

Upon loading and inspecting the data, the modeler may
encounter situations in which certain stations have data
gaps of different length. In such cases, different meth-
ods can be applied to fill in these gaps. For this purpose,
the package provides the interpolate() function. To use
this function, the modeler is required to provide a basin
shapefile and a DEM raster file for the catchment area.
Based on a user-defined grid spacing interval, the func-
tion creates virtual stations with interpolated weather
variable data. The interpolation process is performed
using the inverse distance weighting (IDW) method with
a user-defined exponent parameter [32]. While there
exist more sophisticated techniques for spatial interpo-
lation of weather data [33], the IDW method has been
widely used in different contexts for all weather variables
required by SWAT + [34].

Another important input to SWAT + are weather statis-
tical parameters, referred to as the input to the weather
generator (WGEN or WGN). SWAT +uses the weather
statistical data to fill gaps in daily weather data for short
periods of time and to calculate plant growth initiation
parameters. Despite the capability of in-build weather
generator, the statistical data and its functionality are not
recommended for simulating extended periods of missing
data. To assist with this input, the official SWAT model
website offers various tools, including the WGN Parame-
ters Estimation Tool [35], WGN Excel macro [36], SWAT
Precipitation Input Preprocessors and Dewpoint Estima-
tion [37]. These tools require data preparation in differ-
ent formats and demand familiarity with their respective
functionalities. By using the SWATprepR package, in
contrast, the modeler can calculate the required param-
eters with just a single command: prepare_wgn(), pro-
vided that weather data have been imported into the R
environment.

The remaining two functions, add_weather() and pre-
pare_climate(), provide two options to write weather data
into the SWAT +model setup database. The first func-
tion requires three elements: an object containing loaded
weather data, an object containing the calculated weather
generator parameters, and the SWAT+model setup
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database in.sqlite format. The prerequisite is that the
setup database should not have any pre-existing weather
station or weather generator parameters entered into it.
The add_weather() function adds weather time series,
weather station data, and weather generator parameters
to the model setup. The prepare_climate() function pro-
vides the option to transform the weather time series
data directly into the formatted text files, which are used
by the SWAT + model executable.

Atmospheric deposition input

SWAT +provides the option to include the observed
atmospheric nitrogen deposition data into the model
simulation. The input file requires a reduced (NH,) and
oxidized form (NO;) of nitrogen in dry (kg/ha/year) and
wet deposition (mg/l). These data may be available at
specific locations or collected with field measurements.
Another source of such data are atmospheric models
[38]. SWATprepR supports the extraction of atmospheric
deposition data from such models and adds it to the
SWAT +model setup database. The function get_atmo_
dep() uses the basin boundary shapefile as an input and
downloads the required atmospheric deposition data
directly from Meteorological Synthesizing Centre—West
(MSC-W) model output data provided by the European
Monitoring and Evaluation Programme (EMEP). The
EMEP domain covers the geographic area between 30°
N-82° N latitude and 30° W-90° E longitude [38].

Another function available in the current version of the
package is add_atmo_dep(). To utilize it, the output from
the get_atmo_dep() function and the path to the model
setup database in.sqlite format is required. This function
enables the incorporation of atmospheric deposition data
into the model, allowing for the inclusion of deposition
data ranging from daily to annual averages for a single
station (Additional file 1).

Soil parameters

Soil characteristics are an important factor in deter-
mining the pathways of water when it reaches the land
surface. Accurate soil parameters describing water and
nutrient retention capacity and flow conditions in the
soil matrix are essential for a successful and reliable
SWAT +modeling study. Despite the current advance-
ments in observations and data availability, in many study
areas complete sets of required soil parameters are dif-
ficult, if at all possible, to obtain. Therefore the SWAT-
prepR package includes a function, get_usersoil_table(),
that simplifies the process of generating the complete
set of soil parameters needed for the SWAT + model, i.e.,
moist bulk density, available water capacity, saturated
hydraulic conductivity, moist albedo and Universal Soil
Loss Equation soil erodibility factor. These parameters
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Fig. 3 Functions related to calibration/validation data in the SWATprepR package

are derived automatically from commonly available soil
datasets by pedotransfer functions and other equations
available from the literature [39-44]. To populate the
SWAT + user soil parameter table, the modeler needs the
following information for each soil layer within distinct
soil types:

+ Depth of layer;

+ DPercentage of clay defined as particles <2 um;
+ DPercentage of silt—2-50 pm;

+ Percentage of sand—50-2000 pm;

+ Soil organic carbon content in %.

For assigning Hydrologic Soil Groups, tile drain-
age, depth to groundwater level and impervious layer
data are needed. The theoretical documentation for the
pedotransfer functions integrated in this function is pre-
sented in the Sect. “Lacking crop rotation data” of the
OPTAIN SWAT + modeling protocol [28].

Crop rotation data

The SWAT +model’s popularity can be partly attributed
to the capabilities to simulate the impacts of agricultural
land management on water resources and water quality.
To fully utilize this functionality, the modeler is required
to supply information about agricultural activities rep-
resentative of the study area, with one of the most cru-
cial pieces being crop rotation data. Such information is
rarely available or freely accessible, especially in large or
transboundary watersheds. In such cases, remote sens-
ing data could be utilized to generate information about
crop rotations for the selected time period. Although
the SWATprepR package itself does not have a function
for directly extracting remote sensing data, it does offer
functions to work with results of open source scripts that
perform this task.

Google Earth Engine-based (GEE) remote sensing data
extraction scripts were developed by Mészaros and Szabd
[45] and described in a report of [46]. The script pre-
dicts crop types with a random forest method based on
time series reflectance data of Sentinel 1A and 1B satel-
lite radar images. The script generates a sequence of crop
maps for each year as its output. To run this GEE script,
the modeler needs the following input data: the shape
of catchment boundary, continental or local crop data
with coordinates as training points, and optionally, the
boundaries of parcels or fields, if such data are available,
which are added to the time series radar images selected
based on the user-defined time period. The SWATprepR
package provides two functions related to preprocessing
(i) input data for the abovementioned GEE script and (ii)
the derived time series crop map for the modeling. The
first function, get_lu_points(), generates a set of training
points for the remote sensing scripts. The second func-
tion, extract_rotation(), is designed for the extraction
of crop rotation sequences per field. This data can be
used with the SWATfarmR R package [26] to generate
SWAT + model management input files.

Observation data

Observation data used for model calibration and vali-
dation are indispensable in most environmental model
applications. Even though not strictly considered as
model input data, they are required in the model prepa-
ration process for assessing and fine-tuning model per-
formance. These data are usually collected and prepared
along with other input data, and SWATprepR includes
functions to quickly load, assess, plot, and clean moni-
toring data in the R environment (Fig. 3). It is important
to emphasize that the SWATprepR functions were origi-
nally tailored for SWAT model users, but their versatility
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makes it straightforward to customize these functions for
different variables or models as needed.

The load_template() function is used to load the data
from the Excel template. A different template, named cal-
ibration_data.xlsx, is used to format the calibration data.
After loading, the plot_cal_data() function can be applied
to examine calibration and/or validation data time series
for single or all the available gauge stations. Additionally,
the plot_monthly() and plot_fractions() functions are
designed for examining monthly aggregates and changes
between ratios of different constituents. The plot_map()
function is used to display the time series variables and
station locations on interactive maps for assessing data
availability, quality and variability in space.

Two basic functions are included in the package to aid
with identifying and correcting errors and inconsisten-
cies in the time series data. The clean_wq() function can
fix most common issues related to water quality obser-
vation data, such as addressing comma-dot misuse,
converting units by applying molecular weight conver-
sion factors (e.g., converting to active substance weight
as NH, to N-NH,), handling negative values, removing
missing values, and updating zero-concentrations to min-
imum positive values (or defined part of it), etc. Another
function, clean_outliers(), allows the user to identify and
remove data outliers in the time series. Outliers are iden-
tified as values outside the defined range (as mean+n *
standard deviation) of values.

Point source data

Point sources are generally considered to represent
municipal or industrial wastewater treatment plants’ dis-
charge of treated sewage into the stream network. Dis-
charge locations as well as the volume of effluents and the
chemical characteristics of discharged water are typically
needed to accurately represent the anthropogenic point
source influence in a water quality model. The load_tem-
plate() function in the SWATprepR package is used to
load the data from an Excel template. An example tem-
plate is included as a pnt_data.xlsx file. Once loaded into
the R environment, the data can be examined for spatial
and temporal consistency (using functions of ggplot2 or
similar packages). The prepare_ps() function can be used
to transfer the point source data into SWAT +model
input file format. This function only requires a loaded
point source object and a path to the model setup text
files.

SWATprepR demonstration case

The developed SWATprepR tool was applied in a test
case study of the Upper Zglowigczka catchment. This
catchment spans an area of 150 km? and is situated in
central Poland. According to observation data for 2021,
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approximately 89% of this catchment is covered by arable
land, while pastures account for 2%, forests for 5.5%, and
urban and water areas for 3.5%. About 59% of the catch-
ment’s territory is equipped with tile drains. The case
study site featured two point sources, 14 meteorologi-
cal stations situated both within and around the catch-
ment, as well as 21 water quality and flow measurement
stations. This specific case study site was selected as one
of the 14 sites within the OPTAIN project [47]. Within
the scope of the project, a fine scale SWAT + model is set
up and used to facilitate the evaluation of environmental
effectiveness of Natural/Small Water Retention Measures
(NSWRMs). The detailed setup of the SWAT +model
necessitated the collection of various types of data, aimed
at providing comprehensive environmental insights
into the local conditions. Figure 4 illustrates a subset of
the geospatial data that were gathered for the selected
catchment. The process of collecting this detailed data
and preparing the models input data posed several chal-
lenges, all of which were successfully addressed through
the utilization of functions within the SWATprepR pack-
age. Below, we provide several illustrative examples.

Scarce weather data

Only one meteorological station was located inside the
catchment. Yet it had data only for around 8 years, which
was not enough for the foreseen modeling purposes.
Additional meteorological data were collected from 13
stations in the vicinity of the catchment (within 40 km
radius). All the collected meteorological data have been
loaded with the SWATprepR load_template() function.
Following that, the interpolate() function was applied
to create a series of virtual weather stations within the
catchment and the interpolation process was conducted
for each day throughout the time series. This approach
is a fast way to prepare a consistent spatially distributed
meteorological data set for the catchment. Additionally,
the actual meteorological stations had multiple gaps in
the observation time series, which could be addressed
with the interpolation procedure. Figure 5 provides an
average percentage of available time series data within
the catchment for all required variables for each meteor-
ological station within the period of 1998-2022. By using
the SWATprepR package, we generated a 2-km spaced
grid that resulted in 38 virtual stations, which had a
100% data coverage for the selected time period and were
located in the catchment.

Insufficient soil parameter information

Collecting  soil ~parameters necessary for the
SWAT +model at a detailed level can pose challenges.
For the Upper Zglowiaczka catchment soil type map with
values of sand, silt, clay, and soil organic carbon content
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Fig. 6 Distribution of soil parameters values across three soil layers. Clay, silt, sand and soil organic carbon content (SOL_CBN) are used as get_
usersoil_table() function input. Moist bulk density (SOL_BD), available water capacity (SOL_AWC), saturated hydraulic conductivity (SOL_K), moist
soil albedo (SOL_ALB) and Universal Soil Loss Equation soil erodibility factor (USLE_K) calculated by the get_usersoil_table() function

were available for each soil type with characteristic soil
layering. The availability of basic soil information allowed
the parameterization of required SWAT + soil parameters
by the get_usersoil_table() function. This function utilizes
sand, silt, clay, and carbon content to parameterize moist
bulk density, available water capacity, saturated hydrau-
lic conductivity, moist soil albedo, and the Universal Soil
Loss Equation soil erodibility factor. Figures 6 and 7 show
the derived soil parameters of the function for the stud-
ied catchment. Additionally, hydrologic soil groups could
be computed based on the data available on tile drainage,
groundwater depth, and depth to water-impermeable
layer. Detailed description of pedotransfer functions and
methodologies applied to the calculation of parameters is
presented in the SWAT + modeling protocol pages 81-92
[28].

Unavailable atmospheric deposition data

No locally collected atmospheric deposition data
were available for the Upper Zglowiaczka catchment.
SWATprepR the get_atmo_dep() function was used to
retrieve atmospheric deposition data for the catchment
and another package’s function the add_atmo_dep()
was used for incorporating downloaded data into the
SWAT +model setup. Figure 8 illustrates an example of
atmospheric deposition data extracted and plotted for the
case study area, where previously no data was available.

Lacking crop rotation data

In the case of the Upper Zglowiaczka catchment, crop
data were accessible only for a single year—2021. This
proved insufficient for generating the required crop

rotation sequences for the foreseen modeling task. To
address this issue, a Google Earth Engine-based script
[45] was applied to identify crops for field parcels for
previous years using Sentinel 1A and 1B satellite radar
images. For the training of the crop classification model,
local crop data were used. The crop maps were gener-
ated with a tool developed and validated as a part of the
OPTAIN project [46]. Next, the SWATprepR extract_
rotation() function was applied and field-based annual
crop sequences were extracted. The obtained results
are presented in Fig. 9. The catchment is predominantly
characterized by winter wheat cultivation, accounting for
approximately 20% of all rotations, while winter wheat
with corn represents another 13%, and winter wheat with
sugar beets accounts for 7%. Additionally, corn-to-corn
rotations make up 6%, winter wheat to barley—5.5%.
These outputs were then utilized in conjunction with
the SWATfarmR tool [26] to develop crop management
schedules tailored to the specifics of the SWAT + model.

Limitations

There are several limitations of the SWATprepR package
that users should be aware of. It is challenging to list all
potential limitations due to the diverse application cases
users might have in mind. Nonetheless, we would like to
highlight some examples to provide users with a better
understanding of the current shortcomings in the SWAT-
prepR version.

The current version (as of January 2024) of interpo-
late() function only incorporates the IDW interpolation
technique for weather data. Its effectiveness depends
on factors such as location, topography, variable, and
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data gap length. The IDW method is widely used in
meteorology because it is fast and easy to implement.
However, ancillary data, such as elevation, cannot be
incorporated and the method tends to generate “bull’s
eye patterns” [49]. Moreover, as there is no extrapola-
tion, all interpolated values are within the range of the
data points [50]. Customization for alternative (e.g.,
probabilistic) methods, such as kriging [49], may be
necessary, as IDW interpolation might not be suitable
in certain conditions.

The atmospheric deposition function get_atmo_dep()
prepares inputs for the EMEP data domain for Europe,
parts of northern Africa, and western Asia. It is not
applicable to regions outside of this domain. The gen-
erated data are based on outputs of the MSC-W model
[51] and thus afflicted with uncertainties. Additionally,
EMEP updates its calculations yearly, providing informa-
tion under new server links with slightly different coding,
making it impossible to obtain the latest data without
adjusting the function. Therefore, the get_atmo_dep()
function is tailored to the last available version of EMEP
data at the time of article preparation. Users should be
aware of this if they intend to use the latest EMEP data,
and tailor the functionality according to their needs.
Users should also mind that the current version of the
get_atmo_dep() function generates basin-averaged sin-
gle time series without distinguishing between regions
or stations, which may be an important shortcoming for
large-scale model applications.

The organic carbon content for each soil layer, required
for the get_usersoil_table() function, can be challenging
to obtain in many regions. Information needed for pre-
paring soil hydrologic groups, such as impervious layer
depth, depth to the high water table, or drainage status
of soils, could be even more challenging to collect. Proxy
data may be used, introducing potential inaccuracies and
uncertainties. Based on soil texture and organic carbon
content, the get_usersoil_table() function predicts hydro-
logically effective soil parameters, such as available water
capacity and saturated hydraulic conductivity. The root
mean squared error of the built-in pedotransfer func-
tions were 0.048 cm® cm™ for available water capacity
and 1.48 cm day ™! for logarithmic ten transformed satu-
rated hydraulic conductivity [52] on the test sets of the
European Hydropedological Data Inventory point dataset
[53]. This dataset includes temperate soils, the uncer-
tainty of the pedotransfer functions in other regions is
therefore unknown.

Functions related to crop rotations are linked to appli-
cation of the GEE-based remote sensing script [45] and
SWATfarmR [26], potentially limiting utility for users
with other types of land use maps, who will not make use
of the SWATfarmR functionality. In case the GEE-based
crop classification is utilized, users should be aware of
possible classification errors, which can be reduced by
incorporating a sufficient amount of local training data.

Other technical limitations include interactive func-
tions connected to plotting observation data, reliant on
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Fig. 9 Generated crop maps for each year and each field in the catchment. Training data are based on farmers'declarations for the year 2021.
Meaning of crop codes available in SWAT model databases documentation available on https://swat.tamu.edu/media/69419/Appendix-A.pdf

the R plotly package [51], which may encounter issues
displaying data of large datasets. The current SWAT-
prepR version’s point source data preparation function,
prepare_ps(), does not load data with multi-annual
averages, potentially posing challenges when constant
point source loads are required in the model. The
functions for data cleaning, clean_wq() or clear_out-
liers(), only include the most elementary techniques,

without providing options for more advanced data
cleaning methods, especially with regard to outlier
detection [54, 55].

These examples do not cover all limitations of the
SWATprepR package, as there are many possible use
cases. Yet, they provide users with an understanding
of potential methodological, data-related, or technical
constraints they might encounter.


https://swat.tamu.edu/media/69419/Appendix-A.pdf
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Conclusions and future work

The SWATprepR package offers valuable tools and incor-
porates effective techniques to assist SWAT + modelers
in preparing their models. One of the primary challenges
in creating a comprehensive model setup lies in the sheer
volume of high-resolution spatial and temporal data
required to feed into the model. With numerous vari-
ables, parameters and processes to adjust, modelers often
find themselves overwhelmed, especially when data avail-
ability is not straightforward.

Another challenge is the number of different file for-
mats (spreadsheets, text files, relational databases,
NetCDF, etc.), which all require different tools or
approaches to manipulate. Errors or biases in the input
data may make the entire available datasets untrustwor-
thy or unusable. Consequently, modelers may accidently
introduce errors into their setup or choose to omit criti-
cal information, significantly diminishing model reliabil-
ity. Unfortunately, such shortcomings are often masked
through subsequent parameterization of processes in cal-
ibration, leading to unreliable simulations that can have
far-reaching implications for decision-making by end-
users of the model.

The use of scripted workflows like SWATprepR offers
significant advantages. One of them is quick and easy
error correction. When errors or inaccuracies are iden-
tified in the setup of SWAT models, scripted work-
flows make it straightforward to implement corrections.
Instead of manually retracing and repeating steps, model-
ers can easily modify and rerun the scripts to ensure that
the model setup aligns with the desired specifications.
This saves time and reduces the likelihood of human
errors during the correction process.

Another advantage is easy adaptation to new, updated
datasets. As new or updated datasets become available or
as the project requirements change, scripted workflows
prove invaluable. Modelers can efficiently integrate new
data sources into the existing model setup by updating
scripts.

Furthermore, scripted workflows could also facili-
tate collaboration among modelers. When workflows
are documented and shared, other researchers or
modelers can readily understand the processes and
parameters used in the SWAT modeling. This ease of
comprehension allows for efficient collaboration, peer
review, and the potential for others to build upon or
extend the existing models. In addition, scripted work-
flows can be managed with version control systems
like Git, ensuring a history of changes, easy tracking
of modifications, and the ability to revert to previous
states, if needed. This enhances the reproducibility
and traceability of the modeling process. As well as
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automation through scripting ensures a high level of
consistency across different runs of the SWAT model.
This consistency is essential for producing reliable and
comparable results in scientific research or environ-
mental assessments.

The model setup insights and parameter estimation
methods discussed in this paper should prove invalua-
ble to any modeler embarking on a journey to establish
a dependable case study analysis using SWAT +. The
SWATprepR package is open-source and will continue
to undergo active development and enhancement in
the foreseeable future, reducing its current limitations
mentioned in the previous section. We extend an invi-
tation to the modeling community to contribute to the
evolution of these tools, adapt our proposed methods
to strengthen their own models, perform rigorous qual-
ity checks, and ultimately, contribute to a more trans-
parent and informed decision-making process through
the utilization of the SWAT + model.
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