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A B S T R A C T

Study region: South Africa.
Study focus: The focus of the study is to develop soil, land cover and weather generator file 
datasets for Soil and Water Assessment Tool (SWAT) applications in South Africa. The first 
objective was to format national datasets for use as baseline to run the SWAT model in South 
Africa. The second objective was to evaluate the performance of the baseline input data by 
applying the national datasets in four (previously simulated) research catchments.
New hydrological insights for the region: The input datasets comprise of geo-spatial datasets at a 
national scale to run ArcSWAT or QSWAT (graphical user interface for SWAT in ArcGIS and 
SWAT+ in QGIS, respectively) in South Africa including: SWAT catchment outline data (tertiary 
and quaternary); Land cover maps at 20–30 m resolution including South African National Land 
Cover (2014, 2018, 2020) linked to SWAT land cover codes; A soil map with SWAT attribute data 
derived from pedotransfer functions of the Land Type Database of South Africa useable at a scale 
of 1:250,000; Weather statistics (WGN) files for 12 weather stations obtained from the Agricul
tural Research Council in South Africa. The national baseline data is an important step forward in 
hydrological modelling by assisting modellers to set-up and run the SWAT model in South Africa.

1. Introduction

The Soil and Water Assessment Tool (SWAT) is widely utilized to assess hydrological processes such as streamflow, water erosion, 
sediment yield dynamics and nutrient inputs/outputs (Zhao et al., 2024). SWAT is routinely coupled within GIS platforms, which offer 
unprecedented flexibility in the representation and organization of spatial data (Chen and Mackay, 2004; Gassman et al., 2014). SWAT 
is a catchment-scale and continuous time model operating on a daily time-step to simulate water, sediment and chemical fluxes in large 
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catchments with varying climatic conditions, soil properties, stream channel characteristics, land use, and management practices 
(Arnold et al., 2012; Bieger et al., 2017; Srinivasan et al., 1998). The model considers most hydrological and sedimentological aspects 
into one simulation package, including factors controlling runoff on hillslopes and streamflow in river channels, as well as sediment 
generation, channel transport, and deposition in sinks (Gassman et al., 2007). Although SWAT and its baseline input datasets were 
developed for use in the USA, the model has gained international acceptance and has been widely applied to support various large 
catchment (10–10 000 km2) modelling studies across the world (e.g. Aloui et al., 2023; Francesconi et al., 2016; Tan et al., 2019; van 
Griensven et al., 2012; Zhao et al., 2024). Abbaspour et al. (2019) states that the SWAT model averages more than 550 peer-reviewed 
publications per annum.

SWAT has also been applied in Africa with a total of 206 publications listed on the SWAT website database over a 15-year period 
(2005–2019) (Akoko et al., 2021). According to the review by Akoko et al. (2021), the SWAT model is widely used in African countries 
being suitable for large-scale applications in data-scarce areas and ungauged catchments. Applications vary between model param
eterization and dataset inputs (Chawanda et al., 2020; Nkwasa et al., 2020), the evaluation of water resources and streamflow (e.g. 
Guzha et al., 2018), erosion and sedimentation (e.g. Opiyo, 2024), nonpoint source pollution modelling (e.g. Zhang et al., 2024), and 
more notably, land-use management and climate change contexts (e.g. Ebodé et al., 2024). SWAT has also been applied in South Africa 
(SA) to support various large catchment modelling studies.

The first published application of SWAT was conducted in the Mkabela Catchment (41 km2) near the town Wartburg in the 
KwaZulu-Natal Province (le Roux et al., 2013). SWAT effectively identified sediment source areas, as well as storages where con
nectivity is reduced at the catchment scale. The first large catchment application of SWAT was conducted in the Upper Olifants River 
Catchment (11,464 km2) to model flow, sediment and nutrient outputs (Dabrowski et al., 2013). Results illustrate that SWAT effec
tively identifies drivers (point source over non-point source pollution) and specific source areas (sub-catchments) responsible for high 
ortho-phosphate loading in large catchments. The largest catchment application of SWAT was conducted in the Mzimvubu River 
Catchment (19 826 km2), the only large river network in SA without a dam (le Roux, 2018). Modelling the flow and sediment yield 
made it possible to estimate life expectancies for 2 proposed dams on the Tsitsa River (between 43 and 55 years). Another catchment 
application of SWAT worth mentioning was conducted in the upper uMgeni Catchment (498 km2), in which the Mkabela Catchment is 
nested (Scott-Shaw et al., 2020). By means of scenario analysis, results illustrated a 16 % increase in annual streamflow if wetlands 
with a 20-m buffer were restored to a natural state. More recent studies applied SWAT to assess the long-term impacts of land use/land 
cover (LULC) and climate change on streamflow (Mabuda et al., 2024; Woyessa, 2024) and sediment and/or nutrient loads 
(Mararakanye et al., 2022). Their results indicate that climate and LULC changes correspond to significant changes in streamflow and 
sediment/nutrient outputs. In addition, several recent studies applied a hydropedological approach to reflect flowpaths through 
detailed routing in SWAT in different research catchments in SA (Harrison et al., 2022; Julich et al., 2022; Smit et al., 2024; van Tol 
et al., 2020, 2021; van Zijl et al., 2020). Results confirm that hydropedological insights can be used in data-scarce areas as soft data to 
improve the representation of hydrological processes and model accuracy. One of the biggest challenges for the studies mentioned 
above, however, was to obtain appropriate input data for use in SWAT, especially soil data.

The problem is hydrological models interfaced in a GIS with their own geo-spatial input datasets are absent in most resource 
constrained countries such as SA (Akoko et al., 2021; Glenday et al., 2024). Input data preparation and model set-up is a laborious task, 
especially due to the lack of appropriate and representative data. A large part of modelling effort goes into the construction of input 
datasets (Akoko et al., 2021; Escamilla-Rivera et al., 2022). At a global scale, Abbaspour et al. (2019) prepared datasets of soil, land 
use, actual evapotranspiration, as well as weather datasets that could serve as standard inputs in SWAT models. However, the 
application of global datasets at a catchment scale could lead to large hydrological variances and uncertainty in catchment simulations 
(Escamilla-Rivera et al., 2022; Koo et al., 2020). Akoko et al. (2021) states that a major drive supporting improved data collection and 
sharing is required in Africa. Datasets are needed to expand SWAT databases which could aid model set-up and parameterization, as 
well as standardize SWAT modelling efforts in Africa. This study is an important step forward to address this challenge by providing 
appropriate data for use in SWAT in SA. In this context, the aim of the study is to develop soil, land cover and weather generator file 
datasets for SWAT applications in SA, including ArcSWAT-2012 and QSWAT. The aim was achieved by means of the following ob
jectives. The first objective was to format national data for use as baseline to run the SWAT model (ArcSWAT-2012 or QSWAT) in SA. 
ArcSWAT-2012 is the graphical user interface for SWAT and ArcGIS software extension (Srinivasan et al., 1998), whereas QSWAT is 
the graphical user interface for SWAT+ and QGIS software extension (Bieger et al., 2017). The second objective was to apply the 
national baseline datasets in four (previously simulated) research catchments to compare the results (flow and sediment yield) of the 
two different input data models (catchment and national), as well as hydrological accuracy against measured streamflow data. 
Comparing the results and accuracies of the two input data models (catchment and national) allowed appraisal of the performance of 
the baseline input data.

The input datasets are stored in the Water Research Observatory (WRO) data portal: https://www.waterresearchobservatory.org/ 
data-and-resources/hydrological-data-and-modelling (van der Laan et al., 2024), as well as on Mendeley Data: https://data.mendeley. 
com/datasets/5nzr53w6jp/2. The national input datasets assist SWAT-users to set up and run the model in SA, including digital 
elevation data, catchment outlines, land cover maps and codes, soil map and attribute table, and weather statistics for specific co
ordinates (required as input by the SWAT model). These datasets consist of more detailed and higher resolution data than the global 
datasets of Abbaspour et al. (2019) and provide better representation of soil characteristics in SA than the recent global DSOLMap of 
López-Ballesteros et al. (2023). Database comparisons are discussed in the Results and discussion section. The datasets not only save 
time with model set-up, it also assists in the standardization of SWAT modelling efforts in SA.
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2. Materials and methods

2.1. Formatting national baseline data

National data formatted included catchment outline data, land cover data, soil data, and weather statistics. Metadata of the na
tional datasets were drafted based on ISO 19115 Geospatial metadata standards (see Appendix A: Metadata). Catchment outline data 
were obtained and prepared from the hydrologically corrected 90 m SRTM DEM and derived products of Weepener et al. (2012), 
including minor corrections/updates in 2018 (DWS, 2022). The limitation of this DEM is it has a relatively course resolution. The 
reason for using this DEM instead of DEMs with finer a resolution is because it has been hydrologically corrected and subsequently 
provided appropriate tertiary and quaternary catchment outlines at a national scale. However, users can decide to use any other DEM 
or catchment outlines such as the South African Atlas of Climatology and Agrohydrology (Schulze, 2007). Latter mentioned database is 
currently improved by the Centre for Water Resources Research at the University of KwaZulu-Natal in SA, including a set of 
sub-quaternary catchment boundaries (called quinary catchments) that are nested within the DWS 2018 quaternary catchment 
boundaries.

National Land Cover maps (SANLC, 2014; 2018; 2020) with 72–73 land cover classes at 20 m resolution were linked to 27 land 
cover types in the SWAT database. See Appendix B indicating the list of land cover types in the SWAT database (excluding parameters) 
that was linked to the National Land Cover (2014, 2018 and 2020) maps of SA. The limitation of linking the SANLC maps to land cover 
types in the SWAT database is subsequent use of default SWAT parameters outside of conditions for which it was developed. Therefore, 
phenological plant development is not based on local conditions and plant growth cycles.

Soil texture and hydraulic parameter values were assigned to the Land Types of SA, a national soil, climate and terrain database 
with polygons demarcatable at a scale of 1:250 000 (ARC Land Type Database, 2012). Pedotransfer functions based on the same 
approach of van Tol et al. (2013), van Zijl et al. (2016) and van Tol et al. (2020) were used to generate the required soil parameters. 
Hydraulic soil parameters are provided in Schulze (2007), which are based on the work of Schulze et al. (1985), Schulze et al. (1991)
and Schulze and Horan (2005). Table 1 indicates the descriptions and methodology used to assign soil parameter values to Land Types 
at a national scale. The limitations of using land type data as the basis for soil modelling inputs were discussed in detail by van Tol and 
van Zijl (2020) and van Tol and van Zijl (2022). Briefly, a land type is not a soil polygon but rather an area characterized by ho
mogeneous soil distribution patterns. Within a land type, vastly different soils can occur. In this study, we used weighted average 

Table 1 
Descriptions and methodology used to assign soil parameter values to each soil component (ARC Land Type Database, 2012) at a national scale.

Soil parameter Methodology/reasoning

Number of layers in the soil Two soil layers/horizons were incorporated into each soil component of the ARC Land 
Type Database (2012).

Depth from soil surface to bottom of layer (mm) Depth descriptions/classes in the ARC Land Type Database (2012) and Schulze (2007)
were used to assign depth to each Land Type of SA.

Maximum rooting depth of soil profile (mm) As above.
Soil Hydrologic Group (A,B,C,D) in terms of runoff potential, Soil Group 

A = low, B = moderately low, C = moderately high, D = high.
Soil hydrological groups were based on the broad soil patterns given in the ARC Land 
Type Database (2012) as follows: A for deep and freely drained apedal soils with humic 
topsoils as well as podzols; B for apedal soils with plinthic subsoils or deep alluvial 
soils; C for shallow soils or planosols comprising sandier topsoil abruptly overlying 
more clayey subsoil; D for rock outcrops.

Available water capacity of the soil layer 
(mm H2O/mm soil)

For each Land Type, Schulze (2007) calculated plant available water content as the 
difference between water content at field capacity and permanent wilting point.

Saturated hydraulic conductivity 
(mm/hr)

Values were derived from the Rosetta Model (Schaap et al., 2001) based on the soil 
texture classes for each Land Type.

Bulk density 
(Mg/m3 or g/cm3)

Bulk density (BD) was estimated using porosity (PO) data in Schulze (2007) for each 
Land Type: PO = 1-BD/2.65.

Soil albedo (non-dimensional value between 0 and 1) Albedo values were assigned to broad soil patterns in the ARC Land Type Database 
(2012) ranging between 0.25 for light-coloured sands to 0.7 for dark clays.

Texture of soil layer [optional] Texture classes were assigned using clay classes given to each Land Type.
Clay content with diameter of < 0.002 mm 

(% soil weight)
Clay content in the A-horizon was assigned using the average topsoil clay classes given 
to each Land Type. 
Clay content in the B-horizon was assigned to each Land Type by adjusting the clay 
values of the A-horizon to clay-factors given in le Roux et al. (2023).

Silt content with diameter of 0.05–0.002 mm 
(% soil weight)

Due to the lack of data, silt content for A and B horizons were assigned values between 
10 % and 22.5 %, increasing with increase in clay as follows (le Roux et al., 2023): 
percentage of Land Type with < = 6 % clay = 10 % silt; 6.1–15 % clay = 15 % silt; 
15.1–25 % clay = 17.5 % silt; 25.1–35 % clay = 20 % silt; 35.1–55 % clay = 22.5 % silt.

Sand content with diameter of > 2 mm 
(% soil weight)

Sand content for A and B horizons were assigned as follows: Sand = 100 % – (%clay +
%silt).

Rock fragment content 
(% soil weight)

Rock content was based on the agricultural restriction/rock (MB) classes in the ARC 
Land Type Database (2012) as follows: MB0 = 0 % (no rock); MB1 = 20 %; 
MB2 = 50 %; MB3 = 20 %; MB4 = 100 % (no soil).

Organic carbon content 
(% soil weight)

A soil organic carbon map of SA of Schulze and Schütte (2020) was used to assign 
average carbon values for A and B horizons per Land Type.

USLE K factor in SI units t/ha per unit ‘erosivity’ Erodibility units established by le Roux et al. (2008) were assigned to each Land Type.
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values for each land type to obtain soil parameters. It is important to note that the land type survey generally applied a depth criterion 
of 1.2 m. Soils, particularly in the eastern part of South Africa, are often considerably deeper than this, which can impact storage 
capacity, plant-available water, and recharge when simulated using land type inputs. Additionally, the Rosetta pedotransfer function 
used for estimating saturated hydraulic conductivity relies on particle size distribution but does not distinguish between types of clay. 
Highly weathered soils may contain significant amounts of kaolinitic clay, which tends to have high conductivity and behaves similarly 
to sandy soils. In contrast, even small increases in montmorillonitic clay can significantly reduce hydraulic conductivity. These lim
itations should be considered when interpreting modelling results, and future research should continuously aim to improve soil inputs 
for modelling purposes.

Weather Generator (WGN) input files consist of weather statistics including precipitation, temperature, solar radiation, relative 
humidity and wind speed. WGN files are required by SWAT to generate representative daily climate data for simulated catchments in 
two instances: when the user specifies that simulated weather will be used, or when measured data is missing. WGN files were created 
by acquiring and interpreting climate data from the Agricultural Research Council (ARC) Agroclimatology weather stations in different 
climate zones in SA. The completeness of climate data was the most important consideration when selecting weather stations. Using 
the SWAT Weather Database of Essenfelder (2016), two sets of (12) WGN files were prepared covering the periods 1981–2000 and 
2001–2020 respectively. The limitation worth mentioning is the national baseline datasets exclude climate data (besides weather 
generator files), particularly rainfall data, which is necessary to consider the spatial distribution of rainfall throughout a catchment. 
Climate data are usually not freely available in developing countries and often incomplete at a regional scale (Schuol and Abbaspour, 
2007; Glenday et al., 2024).

2.2. Application of baseline input data in four research catchments

The second step was to apply the input data in four (previously simulated) research catchments, including Middle Olifants River 
Catchment (MORC), Lower Vaal River Catchment (LVRC), Mkabela Catchment (MC) and Tsitsa River Catchment (TRC) (see Fig. 1). 
These catchments were simulated using the same weather data, over the same timeframes, as before. Simulations were performed 
using ArcSWAT-2012, which is a graphical user interface for SWAT and ArcGIS® software extension. Comparing the results and ac
curacies of the two input datasets (original input versus baseline input), allowed appraisal of the performance of the baseline input 
data. Table 2 provides summary site descriptions of the four research catchments.

2.3. Model configuration and parameterization of the four research catchments

Table 3 provides a summary of the input data that were originally utilized to configure and parameterize the four research 

Fig. 1. Location map of South Africa including the locations of the four research catchments in which the SWAT model was applied using two 
(catchment and national) input datasets.
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catchments, including topographic, land use, soil, climate and hydrological data. First, topographic and drainage networks of the 
catchments were partitioned into sub-catchments that are comparative in size and representing all relevant river tributaries, as well as 
ensuring that flow monitoring points spatially overlay with sub-catchment outlet points for model validation. A total of 60, 27, 19 and 
13 sub-catchments were delineated in the MORC, LVRC, MC and TRC, respectively.

Land use-cover data were derived from remote sensed data (SPOT or Landsat) acquired at different periods ranging between 2006 
and 2018, creating between five and twelve land cover classes (per catchment). These land use-cover classes were linked to the land 
cover types in the SWAT database. In order to represent the variable soils in each catchment, textural and soil hydraulic parameter 
values were assigned to each soil component, namely Land Types (ARC Land Type Database, 2012). Pedotransfer functions similar to 
van Tol et al. (2010); (2020); (2021) were used to generate the required hydraulic parameters. The overlay of land cover and soil maps 
created 813, 625, 130 and 202 in the MORC, LVRC, MC and TRC, respectively.

SWAT also requires climate parameters, including precipitation, temperature, solar radiation, relative humidity and wind speed. 
Daily precipitation and temperature data were acquired from (two to four) meteorological stations of the ARC and/or South African 
Weather Service Data Portal (SAWS) over 30 years (38 years for LVRC). Since not all the stations have full records of the required 
parameters, incomplete precipitation and temperature records were patched with the most complete and closest stations within or near 
(<2 km) the catchment boundaries.

Hydrological parameters included flow contributions from point or inlet sources in catchments and accounted for diversion of flow 
for irrigation where applicable. In addition, reservoirs were defined in sub-catchments where needed, ranging from small farm dams 
(approximately 1 ha) to large (>5 000 ha) reservoirs. The MC also incorporated five wetlands (5–22 ha) to receive loadings from the 
sub-catchments where they are located (le Roux et al., 2013). The Penman-Monteith equations were used to calculate potential (and 
actual) evapotranspiration for each catchment, considering soil moisture and crop development (Aouissi et al., 2016).

Management practices include tillage, nutrient applications, irrigation schedules and harvest. These practices affect the water 
balance and sediment and nutrient load generation through the impacts of the plant growth cycle on evapotranspiration. Due to the 
lack of data on management practices, however, assumptions had to be made in order to provide appropriate input to the catchment 
models (see le Roux et al., 2023). For example, in the MORC, it was assumed that 150 kg N ha− 1 and 40 kg P ha− 1 are applied for an 
average maize yield of 10 t ha− 1 under irrigation. Sources of irrigation water were specified where needed (in MORC, LVRC and MC), 
including reservoir inflow and outflow data supplied by the Department of Water and Sanitation - Integrated Regulatory Information 
System (http://ws.dwa.gov.za/IRIS).

Finally, model simulations were conducted between 3 and 38 years, preceded by a 1–3 year warm-up period to get the hydrological 

Table 2 
Summary site descriptions of the four research catchments including Middle Olifants River Catchment (MORC), Lower Vaal River Catchment (LVRC), 
Mkabela Catchment (MC) and Tsitsa River Catchment (TRC).

Description MORC LVRC MC TRC

Location: 
Province and 
coordinates

Limpopo and Mpumalanga 
between 24◦48′52″ - 25◦48′23″ 
south and 28◦20′41″ - 29◦48′21″ 
east

North West and Free State 
between 27◦7′18″ - 28◦17′35″ 
south and 24◦52′44″ - 
25◦45′41″ east

KwaZulu-Natal between 29º 
21’ 12’’ - 29º 27’ 16’’ south 
and 30º 36’ 20’’ - 30º 41’ 46’’ 
east

Eastern Cape between 30º 46’ 
58’’ - 31º 28’ 55’’ south and 27º 
55’ 56’’ - 29º 13’ 47’’ east

Drainage area (km2) 10 256 6 150 41 4 924
Topography, altitude 

range (m a.s.l.)
Flat to steep mountainous, 
800–1 900

Flat with no distinct features, 
1 183–1 431

Undulating to steep slopes, 
880–1 057

Very steep mountain slopes to 
nearly level valley floors, 168–2 
730

Climate Semi-arid with mean annual 
rainfall of 620 mm

Semi-arid with mean annual 
rainfall of 400 mm

Sub-humid with mean annual 
rainfall of 825 mm

Sub-humid with mean annual 
rainfall of 625 mm

Vegetation type (
Mucina and 
Rutherford, 
2006); 
Main land use (
SANLC, 2020)

Savannah; 
Irrigated and dryland crop 
farming, as well as livestock

Savannah; 
Irrigated and dryland crop 
farming, as well as livestock

Savannah; 
Sugarcane cultivation with 
minor forestry, pasture and 
vegetable plot

Grassland; 
Extensive grazing with areas of 
pine and gum plantations and 
maize cultivation

Geological data from 
the South 
African Council 
for Geoscience

Various formations of the 
Vaalian Group formed 
2600–1800 MY dominated by 
Bushveld Igneous Complex 
including by granophyre and 
granite

Various formations of the 
Ventersdorp Supergroup of the 
late Archaean to early 
Proterozoic sequences formed 
2400–3000 MY including 
mudrock, rhyolite, minor 
sandstone, biotite granite and 
network of dolerite intrusions

Formations of the Natal Group 
of the Cambrian Age formed 
541–485 MY including 
sandstones and small pocket of 
Ecca sedimentary rocks

Succession of sedimentary 
layers of the Beaufort Group of 
the Triassic age formed 
252–201 MY, including 
Adelaide mudrock and 
mudstones, overlain by 
sandstone and siltstone

Soil (ARC Land Type 
Database, 2012)

Varying soils including soils 
with a plinthic catena in mostly 
low-lying areas and shallow 
soils with minimal 
development on hard or 
weathering rock in high areas 
with steep slopes

Mostly freely drained sandy 
soils with low water holding 
capacity

Mostly shallow sandy soils on 
steep and convex hillslopes 
with little water holding 
capacity and deeper sandy 
soils with soft or hard plinthic 
sub-horizons that is permeable 
to water

Although soils in the catchment 
vary significantly, those from 
the mudstone parent material 
in the central part of the 
catchment are associated with 
duplex soils that are highly 
erodible with widespread 
erosion
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Table 3 
Summary of topographic, land use-cover, soil, climate, and hydrological input data used to parameterize the research catchments including Middle 
Olifants River Catchment (MORC), Lower Vaal River Catchment (LVRC), Mkabela Catchment (MC) and Tsitsa River Catchment (TRC).

Input data MORC LVRC MC TRC

​ Topographic and drainage network data
DEM; ASTER-GDEM 

15
SRTM DEM (NASA LP DAAC) Unpublished contour- 

derived DEM (GISCOE)
SRTM DEM (NASA)

GSDa (m) ​ 30 20 90
​ Land use-cover, soil and slope combinations
Land use-cover data SANLC (2014) Landsat 8 (2018) SPOT 5 (2006) SPOT 5 (2011)
GSDa (m) 30 30 10 10
Soil data, in addition to 

ARC Land Type 
Database (2012).

South African Atlas of 
Climatology and 
Agrohydrology (Schulze, 
2007).

Harmonized World Soil Database (
FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012).

Pedological soil map with 
textural profile 
descriptions (Lorentz 
et al., 2012).

South African Atlas of 
Climatology and 
Agrohydrology (Schulze, 
2007).

Usable scale 1:250,000 1:250,000 1:100,000 1:250,000
HRUs: 

Slope class % 
Thresholdsb%

613 
< 8, 8–30, > 30 
LU 10, S 10, Sl 10

825 
Single slope class 
LU 10, S 10, Sl 10

130 
0–5, > 5 
LU 5, S 10, Sl 20

202 
0–5, > 5 
LU 5, S 10, Sl 20

​ Climate data
Data source ARC 

SAWS
ARC 
SAWS 
CFSR

ARC ARC

Number of stations 4 3 1 2
Timeframe 1984–2015 1980–2018 1977–2008 1978–2007
​ Hydrological parameters
Reservoirs (#) 

Area (ha)
3 
178 – 1580

1 
2 129

9 
1 – 10.3

0 
0

Volume (million m3) 28–362 5 068 0.012 – 0.405 0
Simulation period (years) 28 38 3 6
(Warm-up) 

Calibration 
Validation

(2) 
1987–2001 
2001–2015

(3) 
1980–2006 
2007–2018

(1) 
2006 
2007–2008

(1) 
2007 
2008–2012

a . GSD: ground sample distance; HRU thresholds
b for LU: land use, S: soil, Sl: slope.

Fig. 2. Tertiary and quaternary catchment boundaries of South Africa.
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cycle fully operational. Model performances were determined by means of the coefficient of efficiency (NSE) of Nash and Sutcliffe 
(1970), as well as the coefficient of determination (r2). A per cent deviation method (Dv) of Martinec and Rango (1989) was used as a 
measure of goodness-of-fit between simulated and measured streamflow data at the main catchment outlets. A temporal split-sample 
approach was used to split the observation data into two periods for calibration and validation (see Table 3).

3. Results and discussion

The national baseline datasets are presented as a series of maps that are stored on a data portal system, followed by comparison of 
the results and accuracies of the two input datasets (catchment and national input) of the four research catchments.

3.1. Online data portal system for South Africa

The national input datasets to run the SWAT model are stored in the WRO data portal: https://www.waterresearchobservatory.org/ 
data-and-resources/hydrological-data-and-modelling, as well as on Mendeley Data: https://data.mendeley.com/datasets/ 
5nzr53w6jp/2. The portal provides: 

• SWAT catchment outline data (tertiary and quaternary) including the hydrologically corrected SRTM DEM of SA at 90 m resolution 
(Weepener et al., 2012). Fig. 2 illustrates the tertiary and quaternary catchment boundaries of SA;

• South African National Land Cover (SANLC, 2014; 2018; 2020) including the user lookup table that links the grids with the SWAT 
land cover codes. Fig. 3 illustrates the SWAT land cover map of SA derived from SANLC (2020) with 72 land cover classes at 20 m 
resolution;

• Soil map and user lookup table including SWAT attribute data for each Land Type of SA (ARC Land Type Database, 2012). Fig. 4
illustrates the Land Types of SA usable at a scale of 1:250,000;

• Weather statistics (WGN) files required as input by the model, including two sets of (12) weather statistics (WGN) covering the 
periods 2001–2020 and 1981–2000, respectively. Fig. 5 illustrates the locations of the 12 ARC weather stations used to create the 
WGN files, superimposed over the rainfall erosivity factor (R) map of le Roux et al. (2008). SWAT users should select the WGN file 
closest to a respective study site (catchment).

Fig. 3. SWAT land cover map of SA derived from SANLC (2020) with 72 land cover classes at 20 m resolution.

J. le Roux et al.                                                                                                                                                                                                        Journal of Hydrology: Regional Studies 59 (2025) 102387 

7 

https://www.waterresearchobservatory.org/data-and-resources/hydrological-data-and-modelling
https://www.waterresearchobservatory.org/data-and-resources/hydrological-data-and-modelling
https://data.mendeley.com/datasets/5nzr53w6jp/2
https://data.mendeley.com/datasets/5nzr53w6jp/2


3.2. Comparison between catchment and national data model results

Simulations with original catchment input data are referred to as ‘catchment data model(s)’, whereas ArcSWAT simulations with 
the national baseline data are referred to as ‘national data model(s)’.

3.2.1. Streamflow results
Graphical comparisons of observed versus simulated mean monthly streamflow for simulations with catchment and national data 

are presented in Fig. 6. Graphically, streamflow simulations with catchment and national data appear similar in each catchment, with a 

Fig. 4. Land Types of SA usable at a scale of 1:250,000 (ARC Land Type Database, 2012).
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good level of agreement between observed and simulated mean monthly streamflow. The catchment data models were slightly su
perior compared to the national data model during validation, as shown by the higher NSE, r2 and Dv values (see Table 4). On average, 
the catchment and national data models over-predicted streamflow by 20 % and 30 % as determined by Dv, the goodness of fit 
expressed by NSE was 60 % and 55 %, and r2 was 77 % and 73 % (respectively).

Between the four catchments, the LVRC performed the best, followed by the MC and then TRC, whereas the MORC performed the 
poorest (both MORC data models over-predicted streamflow by 47 %). Model performance depends largely on the detail or quality of 
input data (Kiros et al., 2015; Tan et al., 2020). Similar to other studies (Mararakanye et al., 2020; Schuol and Abbaspour, 2007; Tan 
and Yang, 2020), differences in the performance between catchments was largely influenced by the quality of rainfall data. For 
example, the MORC utilized four weather stations located in the east of the catchment. The use of four weather stations in such a large 
catchment (10 256 km2) possibly caused errors in daily rainfall in other parts of the catchment and subsequent over-predicted 
streamflow output. Although the MC used only one weather station, the MC is the smallest catchment (41 km2) of the four, with 
less probability of uneven rainfall distribution within the catchment. Another reason for the slightly superior performance of the 
catchment data models is due to differences between land use-cover datasets (further discussed in the Sediment yield section below).

3.2.2. Sediment yield results
To spatially illustrate sediment source areas, the average annual sediment yield for each catchment, for both the catchment and 

national data models, is shown in Fig. 7. Although the average sediment yield of the catchment and national data models are similar, 
the catchment and national data models identified different sediment source areas (except for the MORC). In the TRC for example, 
although the average sediment yield of the catchment and national data models are similar (0.85 and 0.72 t/ha/yr respectively), the 
national data model identifies the lower half of the TRC as important sediment source areas (>2 t/ha/yr), whereas the catchment data 
have moderate sediment yield values (1.0–2.0 t/ha/yr) throughout the catchment. The spatial differences in sediment yield between 
the catchment and national data models are possibly attributed to land use-cover variances since the topography, soils and climate 
parameters in both data models are similar.

Spatial differences in sediment yield between catchment and national data models are mainly attributed to land use-cover variances 
since the other input datasets (DEMs and soil input data) are in essence similar between data models. Each case study utilized DEMs 
with similar spatial resolutions (15–30 m). Furthermore, in each case study the soil input data for catchment and national data models 
were mostly derived from the ARC Land Type Database (2012) of SA. Similar methodology was followed in assigning of the required 
parameter values to Land Types (see Tables 2 and 3). The methodology and reasoning of the national baseline data were based on 
similar pedotransfer functions used to assign soil parameter values to the Land Types in each of the four catchments. Land use-cover 
classes, however, were obtained from different sources with different acquisition dates. In the TRC for example, land use-cover for the 
catchment data model was created by means of unsupervised classification on SPOT 5 imagery acquired in 2011, whereas for the 
national data model, the land use-cover was obtained from the 2018 land cover dataset (which was created from Sentinel 2 satellite 
imagery). Besides the difference in dates acquired, the spatial and temporal scales of the imagery used to create land use-cover maps 

Fig. 5. Locations of the 12 ARC weather stations used to create the WGN files, superimposed over the rainfall erosivity factor map of le Roux 
et al. (2008).
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are also different. SPOT 5 multispectral imagery acquired in 2011 has a spatial resolution of 10 m and an annual (single season) 
temporal resolution, whereas the 2018 land cover dataset was derived from Sentinel 2 satellite imagery with 20 m spatial resolution 
and ten days (multi-seasonal) temporal resolution. Subsequently, in the national data model of the TRC, more barren land occurs in the 
lower half of the catchment than in the catchment data model. Barren land is associated with no vegetation cover, which accounts for 
relatively high sediment yield in these sub-catchments (le Roux, 2018). Despite these variances, the national baseline data appears to 
be an efficient input dataset capable of modelling streamflow and sediment dynamics at a catchment scale.

3.3. Comparison with other studies/datasets

For land cover, the current study used three National Land Cover maps (SANLC, 2014; 2018; 2020) with 72–73 land cover classes at 
20 m resolution, subsequently corresponding to 27 land cover classes in the SWAT database. Abbaspour et al. (2019) used two global 
land cover datasets including the Global Land Cover Characterization (GLCC) acquired in 1993 with 24 land cover classes at 1 km 
resolution, and Global Landuse (GlobCover acquired in 2006 with 23 land cover classes at 300 m resolution. For soil, the current study 

Fig. 6. Graphical comparison of observed monthly streamflow (in m3/s) with the catchment and national data models in the (A) MORC 
(2008–2012), (B) LVRC (2008–2012), (C) MC (2006–2008) and (D) TRC (2008–2012).

Table 4 
Performance metrics (r2, NSE and Dv in %) obtained from monthly streamflow validation for catchment and national data models including the 
MORC, LVRC, MC and TRC, as well as the mean of each data model.

r2 accuracy (%) NSE accuracy (%) Dv over-prediction (%)

Catchment National Catchment National Catchment National

MORC 40 40 10 10 47 47
LVRC 97 96 97 97 17 25
MC 82 71 60 47 1.6 19
TRC 88 87 75 65 14 29
Mean 77 73 60 55 20 30
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used the ARC Land Type Database (2012) of SA, a national database with 16,557 soil records usable at a scale of 1:250,000. Abbaspour 
et al. (2019) formatted two global soil maps including the FAO-UNESCO (2003) Soil Map of the World with only 4931 soil records at 
1:5000,000 scale, and the Harmonized World Soil Database version 1.21 with 16,328 soil records at approximately 1 km (30 arc 

Fig. 7. Spatial comparison of average annual sediment yield (in t/ha/yr) simulated by the SWAT model with catchment data (on the left) and 
national data (on the right) in the: (A) MORC (1989–2015), (B) LVRC (1980–2018), (C) MC (2006–2008) and (D) TRC (2018–2012).
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seconds) resolution (FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012). Each soil database mentioned above provides a limited description of 
hydraulic parameters and, therefore, requires pedotransfer functions to generate essential parameters such as hydraulic conductivity, 
available water capacity and bulk density (see Abbaspour et al., 2019; le Roux et al., 2023). However, the pedotransfer functions of 
Abbaspour et al. (2019) are based on soils from around the globe, providing parameters that are universally applicable. It is therefore 
postulated that the national soil dataset provides a better representation of soil characteristics in SA than the global soil dataset of 
Abbaspour et al. (2019). Similarly, it is postulated that the national soil dataset also provides a better representation of soil charac
teristics in SA than the recently produced global DSOLMap of López-Ballesteros et al. (2023). The DSOLMap is a global soil map 
developed for SWAT+ at 250 m resolution. Soil properties for SWAT+ were extracted from soil data hosted by the OpenGeoHub 
foundation including soil texture and coarse fractions, organic carbon content, bulk density and soil water content at field capacity and 
at wilting point at six depths (0, 100, 300, 600, 1000, and 2000 mm) (Hengl et al., 2019). Other soil properties required by SWAT were 
derived by an ensemble of pedotransfer functions established by Abbaspour et al. (2019) and Ross et al. (2018), including USDA 
hydrologic soil group, hydraulic conductivity, soil erodibility factor and moist soil albedo. Soil mapping units were generated based on 
USDA textural classes for each of the six soil horizons (López-Ballesteros et al., 2023). Although the DSOLMap data includes six ho
rizons with a spatial resolution of 250 m, the information used in the analysis is derived from the interpretation of small-scale maps 
based on machine learning predictions from limited soil profile observations. Subsequently, it is postulated that DSOLMap units 
provide only a broad and aggregate picture of soil conditions, which disguises more local variation in SA. Furthermore, hydrological 
evaluation of the DSOLMap was conducted in a small, forested catchment (47 km2) in the north of Spain, consisting of mainly one 
dominant soil (Mollisols) and land use (forestry). The DSOLMap still needs to be evaluated in SA and other parts of the world.

4. Conclusion and recommendations

One of the biggest challenges to set-up and run the SWAT model in different parts of the world is to obtain appropriate input data, 
especially soil data (Akoko et al., 2021). This study addressed this challenge by providing appropriate soil, land cover and weather 
generator file datasets for use in SWAT applications in SA. The limitations inherent in the datasets include the following. The limitation 
of linking the SANLC maps to land cover types in the SWAT database is subsequent use of default SWAT parameters outside of con
ditions for which it was developed. The main limitation of using geospatial data as the basis for soil modelling inputs is that these soil 
units is not a soil polygon but rather an area characterized by homogeneous soil distribution patterns. Within a Land Type, for example, 
vastly different soils can occur. In this study, we used weighted average values for each soil unit to obtain soil parameters. The last 
important limitation worth mentioning is the national baseline datasets exclude climate data (besides weather generator files), 
particularly rainfall data, which is necessary to consider the spatial distribution of rainfall throughout a catchment. Despite these 
limitations, the input datasets presented here consist of more detailed and higher resolution data than the global datasets of Abbaspour 
et al. (2019) and provide a better representation of soil characteristics in SA than the global DSOLMap of López-Ballesteros et al. 
(2023). The national baseline data is an important step forward in hydrological modelling in SA by assisting modellers to set-up and 
run the SWAT model. Not only will the datasets save time with model set-up, but they will also assist in the standardization of SWAT 
modelling efforts in SA.

Although the input data could be used ‘as is’, it is recommended to supplement, improve and/or replace the input data with recent 
data. Since climate data are not freely available in developing countries, the best alternative is to use satellite-derived gridded weather 
data in empirical relationships (Mararakanye et al., 2020). Another recommendation is to improve the soil input dataset by means of 
digital soil modelling (DSM) techniques, including the use of slope gradient and plan curvature of different terrain units (see e.g. van 
Tol et al., 2020; van Zijl et al., 2020). Further improvements can be achieved by means of a hydropedological approach in the 
simulation of soil water contents to obtain a more accurate representation of the dominant hydrological processes in catchments (e.g. 
Harrison et al., 2022; Smit et al., 2024; van Tol et al., 2021). It is also recommended to compare the performance of the national soil 
data with different global soil datasets (FAO-UNESCO Soil Map, the Harmonized World Soil Database, and the DSOLMap). Further 
performance evaluation is needed in other catchment areas under different conditions. Evaluation of other water balance components 
such as evapotranspiration is also recommended. The input datasets should be updated continually with new data, especially land 
use-cover data, and can be expanded to cross-bordering catchments and to other African countries.
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