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1 Introduction 

According to a United Nations report, the upward trend in Africa’s population is projected to 

double by 2050 compared to 2010 (United Nations, 2019; Sikrora et al., 2020). The major 

challenges facing the continent are food insecurity and poverty (Rötter et al., 2021). Without 

exception, South Africa is prone to several natural degradations such as soil organic matter 

depletion, soil erosion, nutrient mining, and drought (Swanepel et al., 2016; Hoffmann et al., 

2020). Maize is the staple crop in southern African drylands and is therefore grown in 

commercial and subsistence farming systems (FAOSTAT, 2019) as it provides a large number 

of calories and is relatively resistant to pests (Hoffmann et al., 2020). However, smallholder 

farmers are far from achieving potential yields, with a yield gap enormous ranging between 70 

– 80 % of the yield potentials (Cammarano et al., 2020). In addition, climate change 

projections warn that low and variable yields will be exacerbated, making farming riskier 

without adaptation. There is, therefore, a need for urgent intervention. 

While improvements to these systems are complex and extend beyond the paddock alone, the 

use of drought-tolerant cultivars (Cairns & Prasanna, 2018), balanced site-specific fertilization 

(Rötter & van Keulen, 1997), adjusted sowing (Rapholo et al., 2019), and integrated pest and 

disease management (Rötter et al., 2018) could reduce yield gaps and improve crop system 

resilience. However, the assessment of such interventions relies on good quality and often site-

specific data. While traditional agronomic experimental trials can be resource-demanding, 

expensive, and require much time, Crop Simulation Models (CSM) such as process-based crop 

models (e.g., APSIM) can help understand and design system improvements.  

The Agricultural Production Systems sIMulator (APSIM) is one of the most widely used crop 

simulation models for evaluating agricultural management options. It is a valuable tool for on-

farm decision making (Wimalasiri et al., 2020), monitoring the sensitivity of crops to climate 

change (Karunaratne et al., 2015), studying nutrient dynamics (Madegwa, 2015), and policy-

making (Holzworth et al., 2014). However, such model frameworks typically rely on a 

minimum understanding of crop performance for the area, which involves daily weather data, 

and soil characteristics. While collecting each data type has its challenges, physical soil 

analysis is particularly resource-demanding (e.g., financial and time). The development of 

digital soil maps (e.g., https://www.isda-africa.com/isdasoil/) could help bridge the soil data 

gap.  

Accessible and good quality environmental information is essential to understand the 

genotype-environment (G x E) interaction in crop models and capture the agronomic reality 

https://www.isda-africa.com/isdasoil/
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(Wimalasiri et al., 2020; Hengl, 2021; Hoffmann et al., 2020). As Sharda et al. (2017) 

described, current crop models captured the spatial and temporal variability in soil and climate 

data; thus, a more accurate yield estimate necessitates capturing the dynamics of the input data 

(Hoffmann et al., 2020).  In particular, past studies have emphasized the importance of accurate 

soil data on yield simulations (Folberth et al., 2016; Sharda et al., 2017; Wimalasiri et al., 2020). 

1.1 Literature Review 

1.1.1 Limpopo Province, South Africa 

Limpopo province is the fifth largest province located in the far northern province of South 

Africa. Botswana, Mozambique, and Zimbabwe border Limpopo, and domestically, it borders 

Gauteng, Mpumalanga, and North West Province (Lekalakala, 2017). According to the Koppen 

climate classification, South Africa's Limpopo Province in the northeast is mainly classified as 

semi-arid, making it vulnerable to drought hazards (Nembilwi et al., 2021).  The strong spatial 

elevation gradients in the area of this province account for high spatial and temporal variability 

in rainfall distribution (M'marete, 2003; Nembilwi et al., 2021). 

The Limpopo Province accounts for 10.6 % of South Africa's total land area, approximately 

12.6 million ha of land, of which 90 % is agricultural (11.3 million ha) (LEDET, 2016). This 

land is unevenly distributed between commercial and smallholder farming systems. LEDET 

(2016) reported that 3,000,000 smallholder farmers utilized 32 % of the area, appropriately 

1.17 ha land, whereas commercial farmers utilize the remaining land. Crops cultivated by these 

smallholder farmers include maize, sorghum, and wheat, while the staple crop maize is grown 

by commercial farmers; they tend to focus on plantation crops such as tea, citrus, mango, and 

banana (LEDET, 2016).  

1.1.2 Agricultural Maize Production in Limpopo 

Maize is responsible for about 70 % of grain production and covers about 60 % of the cropping 

area in South Africa (Akpalu et al., 2011). It is one of the eleven essential crops constituting 

about 87 % of Limpopo's cropland  (LEDET, 2016). Smallholder farmers mainly carry out 

maize production in the Northwest Province, whereas the commercial production of maize 

occurred in the Southern Province of Limpopo (LEDET, 2016). Total maize production in 

South Africa in the 2018/19 season was approximately 10.51 million metric tons, whereas Free-

State, Mpumapalanga, and the North West state are the three most prominent producers with 

4.06, 2.61, and 1.63 million metric tons, respectively. The Limpopo Province only accounts for 

1.9 % (200,000 metric tons) of the total maize production in 2018/2019 (Statista, 2020). There 
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was a 15.6 % decrease in the total maize production in the 2018/2019 season compared to 

2017/2018 maize production, and a similar trend occurred in the 2015/2016 season where total 

maize production drop by approximately 8.2 million metric tons as a result of severe drought 

(Statista, 2020).  

Figure 1. Agricultural maize production data of South Africa (2000 - 2019) retrieved from the 

abstract of agricultural statistics published in 2019 by the department of agriculture, forestry, 

and fisheries of the South African government. 

Figure 2. Agricultural maize production data of the Province of South Africa (2018 - 2019) 

retrieved from the abstract of agricultural statistics published in 2019 by the department of 

agriculture, forestry, and fisheries of the South African government. 

 

 

Figure 1. Annual maize yield of South Africa from 2000 to 2019. (Source: 

https://www.statista.com/statistics/). 
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Figure 2. Maize production data of the Province of South Africa from 2018 to 2019 (Source: 

https://www.statista.com/statistics/). 

. 

1.1.3  Soil Data Source 

Crop simulation model performance largely depends on data availability, specifically good 

quality information on crop management, soil, and climate information (Wimalasiri et al., 

2020; Rötter et al., 2018). For example, calibration, validation, and simulation at a field, 

regional and global scale require spatial consistency and detailed information (Sharda et al., 

2017; Wimalasiri et al., 2020). Unlike soil data, there are enormous available climate data from 

sources such as weather stations, remote sensing, and reanalysis data (Kuleshov, 2017; Han et 

al., 2019; Wimalasiri et al., 2020). The availability of soil data is often limited due to the 

financial and time-based costs of sampling campaigns and the difficulty in estimating 

representative soil properties at an aggregate scale through a large area (Lagacherie et al., 2000; 

Han et al., 2019). 

The roles of soil information in crop model simulation studies include soil profile depth, 

nutrient exchange, solute flow, and transformation and are therefore highly influential for crop 
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growth and development (Wu et al., 2010). Woli et al. (2012) reported the importance of 

accurate soil data and its impact on crop model simulation studies. The type of soil in a location 

determines the effect and magnitude of climate change on the crop yield (Folberth et al., 2016). 

Furthermore, Sharda et al. (2017) argue that yield simulation uncertainty can be minimized 

using accurate and reliable soil data and that spatial variability of yield is affected mainly by 

the spatial scale of soils. Other studies also emphasize the importance of soil information 

(Nouri et al. 2016; Han et al., 2019; Wimalasiri et al., 2020). 

1.1.3.1 Importance of Convectional Physically Sampled Soil Data 

Traditionally, the primary sources of soil information in most tropical and subtropical regions 

is through soil maps obtained through sampled profiles or expert knowledge (Wimalasiri et al., 

2020). This often provides soil type information rather than individual soil properties (Hengl 

and MacMillan 2019). The major constraint facing soil information obtained via this approach 

is the inability to provide a finer spatial resolution of soil properties (Wimalasiri et al., 2020) 

needed for detailed crop model simulations. Also, Van Ranst et al. (2010) reported that soil 

information in Africa had been fragmented and limited to specific zones of interest for decades. 

In general, southern Africa lacks accurate and up-to-date soil information for the purpose of 

agricultural research (Hoffmann et al., 2020). The harmonization and sharing of soil profile 

and profile depth data for instance is also a challenge that contributes towards soil data scarcity. 

1.1.3.2 Importance of Open-Access Soil Databases 

The development of global soil databases has helped bridge soil information gaps by providing 

soil information in a standard format and at higher resolutions as development continues (Han 

et al., 2019). Such databased are available at different geographic scales; for example, the 

World Soil Information Service (WoSIS) database is in point, polygon, and grid format 

(Ribeiro et al., 2018; Wimalasiri et al., 2020); the International Soil Reference and Information 

Centre - World Inventory of Soil Emission Potential (ISRIC-WISE) are databases that are in 5 

by 5 arc-minute resolution (Batjes, 2012). In contrast, the Harmonized World Soil Database 

(HWSD) is a 30 arc-second raster database (Nachtergaele et al., 2009). According to Hengl et 

al. (2014), field measurement interpolation, along with other environmental covariates, 

effectively leads to converting soil databases into three-dimensional digital soil maps.  

A significant hurdle of digital soil maps is that they cannot always be readily used in crop 

models because the soil information provided can be insufficient, depending on the crop model 

of choice (Han et al., 2019). Furthermore, most soil databases are not immediately usable or 
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compatible format required by crop models (Sharda et al., 2017), although recent efforts have 

been made to solve these challenges (Romero et al., 2012; Sharda et al., 2017). 

Digital soil databases have successfully solved one of the significant challenges of physically 

sampled soil data by harmonizing the soil profile and profile depth data to create maps of soil 

properties at finer spatial resolutions (Batjes et al., 2020; Wimalasiri et al., 2020). Examples 

include Soilgrids, Openlandmap (Hengl et al., 2020), and the iSDAsoil database.  

1.1.4 iSDAsoil Database 

Soil information for Africa can be characterized by low resolution and very generalized scales 

(Jones et al., 2013; Mutsaers et al., 2017; Hengl et al., 2021). Many countries lack soil maps 

altogether. The Rothamsted Research Institute, in collaboration with international agencies, 

such as the World Agroforestry Centre (ICRAAF) and the International Institute of Tropical 

Agriculture (IITA), has recently developed a detailed digital pan-African soil map called 

iSDAsoil, with the most comprehensive compilations of over 150,000 soil samples and earth 

observation data, leading to a 30-meter resolution soil information system (Hengl et al., 2021). 

The digital soil database, iSDAsoil database, can be used with crop simulation models for large 

areas where detailed physically sampled soil information is unavailable. 

iSDAsoil database provides representative soil properties at two standard depth intervals, 0 - 

20 and 20 - 50 cm. At the same time, the information provided by this database is not limited 

only to physical soil properties and those of the landscape, but it also includes chemical soil 

properties. Examples of such soil properties include extractable aluminum, organic carbon (C), 

total carbon, effective cation exchange capacity (eCEC), total nitrogen (N) and soil pH, textures 

(silt and clay fraction), bulk density, stone content, USDA texture class, soil nutrient 

(extractable-phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg), sulphur (S), 

sodium (Na), iron (Fe), zinc(Zn). For more information, please see https://www.isda-

africa.com/. 

1.1.5 APSIM (The Agricultural Production Systems sIMulator) 

APSIM (Agricultural Production Systems sIMulator) is an advanced cropping system model 

that connects biophysical and management nodes/ models to simulate farming processes and 

integrate non-farm resources such as water storage and farm machinery (Holzworth et al., 

2018). It was developed by the Agricultural Production Systems Research Units (APSRU), a 

collaborative group of CSIRO and Queensland State Government agencies (Keating et al., 

2003). 

https://www.isda-africa.com/
https://www.isda-africa.com/
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Over the decades, APSIM has developed from a field-focused farming system framework 

utilized by a few scientists to a wide-ranging and broadly used complex agricultural systems 

model (Holzworth et al., 2014; Holzworth et al., 2018). Uses include but are not limited to 

investigating agricultural soil sustainability processes (Luo et al., 2011, 2014), evaluating 

resources use and efficiency (Kirkegaard and Hunt, 2010; Hunt et al., 2013), providing farmers 

advice (McCown et al., 2009), continental and sub-continental scale analyses (Zhao et al., 

2013; Elliott et al., 2014), yield gap assessments (van Rees et al., 2014; Hochman et al., 2016) 

and climate change adaptation analyses (Wang et al., 2011; Hoffman et al., 2020). 

1.1.5.1 APSIM-Maize Module 

The simulation of the growth and development of a maize crop is performed in a daily time-

step (https://www.apsim.info). The simulation’s initialization requires external data such as 

weather (radiation, temperature, and rainfall), soil water supply, soil nitrogen at different soil 

layers, and crop management information as input into the modules (Keating et al., 2003; 

https://www.apsim.info)   

Input data such as soil water and nitrogen uptake from the maize modules are disseminated 

daily to the soil water and nitrogen modules, respectively. Parameters stimulated in the maize 

modules include phenological development, leaf area growth, biomass, and nitrogen 

concentration of leaves, stems, roots, grains, grain size, and grain number (Carberry and 

Abrecht, 1991)  

Maize phenology in APSIM comprises eleven stages: sowing, germination, emergence, end of 

juvenile, floral initiation, flowering, the start of grain filling, end of grain filling, maturity, 

harvest ripe, and end crop. Soil water content is the driving factor for sowing to the germination 

stage, whereas thermal time accumulation regulates the other stages (Carberry and Abrecht, 

19991).   

The daily biomass accumulation results from radiation intercepted, often calculated as a 

potential biomass accumulation limited by soil water deficiency (https://www.apsim.info). The 

radiation intercepted is calculated using the leaf area index and the light extinction coefficient. 

The radiation extinction coefficient varies with row spacing (De Silva, 2018).   

1.1.6 Research Statement 

The purpose of this study is to examine the extent to which digital soil maps (e.g., iSDAsoil) 

can replace physical soil testing through their ability to simulate yield using a dynamic process-

based crop model such as the APSIM maize model for the Limpopo Province, South Africa.  
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1.1.6.1 Research Objectives 

The objectives of this study include: 

1. To assess the quality of digital soil map data compared with physically sampled soil 

values in the Limpopo Province. 

2. To determine/ confirm the usefulness of using digital soil map data for cropping system 

simulation studies in the Limpopo Province. 

3. To determine the soil parameters that should be physically sampled if possible to 

compliment such digital soil maps. A combination of soil data sources could then lead 

to improved upscaling and decision-making through crop simulation models. 

Physically samples, complimentary data could also be used to improve the digital soil 

maps 

1.1.6.2 Research Hypothesis 

The following hypotheses were generated to help achieve the research objectives: 

1. Ho: There is no significant difference between the soil properties of the open-access soil 

data and the physically sampled soil data for the sampled sites within the Limpopo 

province. 

Ha: There is a significant difference between the soil properties of the open-access soil 

data and physically sampled soil data for the sampled sites within the Limpopo province. 

2. Ho: The simulated maize yield using the open-access soil data is the same as physically 

sampled values. 

Ha: The simulated maize yield using open-access soil data will differ from the physically 

sampled values. 
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2 Material and Methodology 

2.1 Study Sites 

This study was conducted across two villages in the Mopani district of the Limpopo Province, 

South Africa. Mopani is a subtropical region that experiences year-round warm temperatures 

(Fitchett et al., 2016), with average annual rainfall distributions of 500 mm between October 

and March (the maize cropping season). It is also characterized by a high recurrent extreme 

event of alternating flood and drought events (Nembilwi et al., 2021). The Mopani district is 

between Latitude 23°18’ 60.00” S and Longitude 30° 42’ 59.99” E.  

Their rainfall distribution pattern guided the decision to choose the two villages and soil water 

holding capacity as they represent the two distinct climatic areas of this district area (wetter 

western bushvest and drier eastern lowvest): (i) Gabaza (fertile soils and high rainfall) and (ii) 

Selwane (marginal soils and low rainfall).  

 

Selwane receives low rainfall, and the soil conditions can be described as marginal, with an 

average annual rainfall of 2.94 mm (1998/2019). The maximum daily temperature for this 

period is 32.4 oC, and the minimum temperature is 20.7 oC. The soil texture is a sandy-clay-

loam with a soil pH of 6.7 – 7.3. Gabaza, being the more fertile site, receives a higher annual 

rainfall of 4.11 mm. The maximum and minimum average daily temperatures for this period 

are 31.1 oC and 19.10 oC, respectively. The soil in this site is dominated by a sandy-clay-loam 

texture with a soil pH of 6.2 – 6.7. The distribution of the sampling field measurement points 

and grid points used in this study (Figure 3). 
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Figure 3. Map showing field measurement points and grid points within Selwane and Gabaza, 

in Limpopo Province, South Africa. 

 

2.2 Physically Sampled Soil Data 

The soil profile data used was obtained from the South African Limpopo Landscapes Network 

(SALLnet) project. The locations exemplify two ends of the soil-water holding capacity and 

rainfall spectrum of two villages in the Mopani district, Limpopo Province, South Africa. To 

compare the physically sampled soil data and open-access soil data, eleven soil properties were 

selected, e.g., soil C: N ratio, texture (silt content in %), bulk density (BD - g cm-3), total carbon 

(C - %), total nitrogen (N - %), plant available water content (PAWC), cation exchange capacity 

(CEC - cmol+/kg), and soil hydrological parameters such as saturation (SAT - mm/mm), wilting 

point (LL15 - mm/mm), drainage upper limit (DUL - mm/mm), airdry (mm/mm). These are 

some of the soil characteristics required for APSIM simulations. The geographical coordinates 

of the field measurement used to compare the physically sampled soil data, and the open-access 

soil data (iSDA database) are shown in Table S1. 
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2.3 Open-Access Soil Data  

The iSDAsoil is the digital soil database used in this study. It is a digital soil map of Africa, 

developed using over 130,000 soil samples encompassing 24 billion unique locations across 

Africa from the African Soil Information Service (AfSIS) and other soil data resources to 

predict property maps using machine learning techniques. The iSDAsoil database provides data 

capable of generating maps of soil properties at the level of a single small farm with an 

unprecedented resolution of 30 meters and provides essential variables needed for crop 

modelling exercises, such as soil texture, bulk density, cation exchange capacity, pH and 

organic matter content.  

The climate variables used included minimum temperature, maximum temperature, global 

solar radiation, and precipitation (Hoffmann et al., 2018), and these data have been utilized in 

South Africa for large-scale hydrological simulation (Estes et al., 2014; Hoffmann et al., 2018). 

2.3.1 Calculations and Estimation of Missing Data 

In the iSDAsoil database, the soil moisture information was not available. Therefore drainage 

upper limit (DUL) and wilting point (LL15 ) were calculated using the pedotransfer functions 

developed by Gunarathna et al. (2019). 

                                       DUL = 0.4357 – 0.0035 x Sand % 

                                       LL15 = 0.3426 – 0.003 x Sand % 

The soil moisture limit to which soil can dry through evaporation (AirDry - A.D) was 

calculated following the APSoil parameter estimation protocol (Dalgliesh et al., 2016), as 

follows: 50% of the LL15 value in the top layer (0-15 cm), 80% in the 15-30 cm layer and 

100% for all other profiles. Saturation (SAT) was calculated for soils using porosity (PO). All 

these methods align with Dalglisesh et al. (2016) and Wimalasiri et al. (2020).  

                                              PO = 1 – (BD/TD) 

Where BD = Bulk density and TD = True density, where 2.65g cm-3 was used.  

    SAT = PO – e 

The exact value of e= 0.07 was used for all soil layers as the soil texture at both regions was 

dominated by sandy soil (Dalglisesh et al., 2016).  

To avoid the residual effect of depth on simulated yield, the physically sampled soil data and 

gridded soil data’s depth were standardized to 7 layers. However, the iSDAsoil data was 
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available in 2 standard layers: 0-20 cm and 20-50 cm. Average soil properties over depth 

intervals (0-15, 15-30, 30-60, 60-90, 90-120, 120-150, and 150-180 cm) were derived based 

on the weighted average of the top three depths layers. The last four layers used constant values 

from 30-60 cm onwards (Fig. 4). 

Figure 4. Flowchart from data acquisition and conversion of soil data into a format compatible 

with APSIM input file. 

 

2.4 APSIM Evaluation 

This study used the agroecosystem model APSIM (Version 7.9), a widely tested and applied 

crop model in South Africa (Holzworth et al., 2014; Hoffmann et al., 2018, 2020). In addition, 

the model has been used to explore both monocultures (Hoffmann et al., 2020) and 

intercropping (Chimonyo et al., 2016) in this region. For instance, its application includes the 

effects of cropping system diversification on soil fertility and maize productivity (Hoffmann et 

al., 2020) and climate change impacts on the maize system (Rurinda et al., 2015; Hoffmann et 

al., 2018). Such systems are highly relevant to the study area.  

APSIM contains biophysical models that simulate plant growth and development daily under 

given environmental conditions. Besides this, it can also simulate organic matter turnover 

(Hoffmann et al., 2020), soil-water dynamics using the SOILWAT model (standard tipping 
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bucket modules), Runoff based on the USDA-Soil conservation curve, and potential 

evapotranspiration using the Priestley-Taylor approach. 

 

2.4.1 Model Setup and Simulation 

APSIM-Maize module simulations were conducted for 20 years (1998/2019) at Gabaza and 

Selwane, where soil data was sampled. The setup was done using daily weather data, soil 

characteristics, and crop management (Fig.5). Weather data (including daily maximum and 

minimum temperatures, solar radiation, and precipitation) used for both locations was obtained 

from the weather station close to the site. The soil at Gabaza and Selwane was parameterized: 

bulk density, soil organic carbon, and soil texture were measured to a depth of 60 cm at each 

location. Bulk density and soil texture were kept constant, while SOC was assumed to be half 

every 30 centimeters, in line with Dalgliesh et al. (2016) for layers below the sampled depth. 

The CLL, DUL, and PAWC for both locations were estimated using pedo-transfer functions 

described by Saxton and Rawis (2006) and Hoffmann et al. (2018). The approach suggested by 

Dalgiesh and Foale (1998) was used to determine saturation at both locations.  

According to the USDA-Soil conservation curve, the runoff curve was set for Gabaza to 73 

and Selwane to 68. Similarly, SWCON for saturated water flow was set to 0.70 for the 0-90 

cm depths and 0.1 for the 90-180 cm depths for Selwane, and 0.30 for the 0-90 cm depths and 

0.1 for the 90-180 cm depths for Gabaza. Furthermore, Diffeon and Diffslope for unsaturated 

soil water conditions were set to 250 and 22 for Selwane and 40 and 16 for Gabaza, 

respectively. The proportion of the two soil organic fractions (FBIOM and FINERT) were set 

within the range reported in the literature (Dalgliesh et al., 2016; Hoffmann et al., 2020). 

Potential evapotranspiration terms, Con and U, were set based on the Priestly-Taylor approach 

to 4 and 2 for winter and summer in Selwane and Gabaza, set to 6 and 3.5 for summer 4 and 2 

for the winter period. Observed maize cob yields from the 2019 on-farm harvest (Table 1) were used 

to benchmark APSIM for each village at the farm.  
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Table 1: On-farm Maize yield measurement from 2019 farm harvest 

Soil 2019 On-farm Maize yield measurement (t ha-1) 

gaz_3 0.94 

gaz_4 0.25 

gaz_6 2.07 

gaz_7 1.30 

gaz_10 1.88 

gaz_13 1.79 

gaz_15 1.40 

gaz_16 0.72 

gaz_18 0.60 

Sel_1 1.59 

Sel_2 0.97 

Sel_3 1.13 

Sel_4 1.95 

Sel_5 0.62 

Sel_6 1.10 

Sel_7 1.04 

Sel_8 1.93 

Sel_9 0.31 

  

 

 

 

 

 

Figure 5: Input data required to run the APSIM maize model 
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2.4.2 Crop Management 

The crop management practices for the simulations were based on on-farm observations from 

a 2019 harvest survey. The cultivar used for simulation was the pan6479 maize cultivar. The 

planting date was set to November 1. The plant population was set to 3.0 plants m2 with row 

spacing of 0.9m, and 48 kg ha-1 of initial nitrogen in the form of ammonium nitrate was 

distributed across the whole soil depth (0 – 180 cm). Only soil data were allowed to vary from 

one simulation to another to isolate the crop model response to soil type.  

 

2.5 Statistical Analysis  

A normality test was performed to performs using the Shapiro-Wilk statistical test. The 

difference in soil properties from the two databases physically sampled soil data, and open 

access soil database(iSDAsoil map) were analyzed using R programming software for a non-

parametric test (Mann-Whitney test and The Kruskal-Wallis test). Sensitivity analysis 

approach was implemented using three different nitrogen sources (Urea, NO3, Urea_NO3), 

two different rates (30 kg ha-1 and 50 kg ha-1), and three values of PAWC (using physically 

sampled PAWC” and mid-value between physically sampled soil and iSDAsoil PAWC) to 

increase the Selwane maize yield.  
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3 Results 

3.1 Normality Test and Sample Size 

Nine physically sampled measurements and grid points were used for this study, corresponding 

to a sample size of 9 for each site (n = 9). For the physically sampled data, three replicates were 

collected from each sampling point. Statistically, the comparison of the soil properties between 

the two data (physically sampled vs. open-access) can only be accessed with a non-parametric 

test due to the small sample size.  

Furthermore, a Shapiro-Wilk statistical test was conducted to determine whether normality 

existed within the maize yield data simulated from the different soil sources. The statistical test 

(Shapiro-Wilk test) depicted in Table 2 shows that all the yield data derived simulations based 

on the iSDAsoil data, the physically sampled data, and the on-farm harvest yields from the 

2018-19 season from both sites (Gabaza and Selwane), were normally distributed except for 

the simulated iSDAsoil data derived yields in Gabaza. As the sample size was not large enough 

to validate the data distribution, applying a non-parametric test was suitable for analysis. The 

Kruskal-Wallis test was used among the three standard non-parametric tests because of its 

efficiency in comparing more than two independent groups of ordinal data.  

Table 2: Test of normality of the maize yield data simulated with different soil data  

Variable Obs. Min Max Mean Std Shapiro-Wilk test 

            W p-value 

iSDA-Gabaza 9 1.07 1.74 1.246 0.193 0.65286 0.0004 

Observed-Gabaza 9 1.49 2.10 1.768 0.234 0.90584 0.2878 

Field-measured-Gabaza 9 0.25 2.07 1.217 0.630 0.95591 0.7546 

                

iSDA-Selwane 9 0.36 0.61 0.49 0.095 0.90555 0.2859 

Observed-Selwane 9 1.11 2.28 1.710 0.305 0.88476 0.1761 

Field-measured-Selwane 9 0.31 1.95 1.182 0.555 0.93871 0.5684 

 

3.2 Comparison Of Soil Properties 

Manny-Whitney U-test, a non-parametric test, was used to compare the soil properties. Eleven 

soil properties, namely BD, SAT, DUL, LL15, Airdry, PAWC, Texture (Silt), Organic Carbon, 

Soil C: N ratio, Total C and Total N, were used as a basis of comparison between the physically 

sampled and open access soil data for two contrasting regions of Limpopo Province. Table 3 
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shows that of all the physically sampled soil parameters considered at the fertile site (Gabaza); 

BD, SAT, DUL, LL15, Airdry, Silt content, Total C, and Soil C: N ratio were significantly (p 

< 0.05) different from the iSDAsoil data, except for PAWC and Total N. A similar trend was 

observed at the marginal site (Selwane), where all soil parameters from the iSDAsoil data were 

significantly (p < 0.05) different from the physically sampled soil data except LL15, Airdry, 

and organic carbon. In general, the physically sampled and iSDAsoil datasets used in this study 

show broad variability as most parameters compared were significantly (p < 0.05) different 

from each other.  

The textural classes of the physically sampled soil data in Gabaza were in agreement with the 

iSDAsoil database, compared to the textural classes of Selwane, which showed more diversity 

than the open-access soil data. Generally, in the more fertile site, the soil from the physically 

sampled and open-access soil data are distributed across 3 textural classes, sandy-clay-loam. 

In contrast, only 2 textural classes, sandy-loam was reported for the open-access soil data in 

Selwane, which is in contrast to the physically sampled data from this region.  
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Table 3: Summary statistics of physically sampled and iSDAsoil for Gabaza and Selwane for 

seven standard depths. 

    Gabaza   Selwane 

Parameter   Observed iSDAsoil    Observed iSDAsoil  

BD 
Mean 0.81±0.02 1.41±0.02   1.24±0.22 1.46±0.02 

Range 0.78-0.95 1.37-1.44  1.06-1.73 1.42-1.49 

OC (%) 
Mean 1.00±0.22 0.69±0.13  0.49±0.12 0.44±0.02 

Range 0.72-1.43 0.36-0.81  0.38-0.74 0.41-0.45 

CEC (cmol+/Kg) 
Mean 9.41±0.0 13.20±1.83  9.41±0.0 12.63±0.72 

Range 9.41 8.00-17.20  9.41 11.2-13.9 

Soil C:N 
Mean 13.18±1.28 26.27±1.31  10.20±0.73 21.85±1.10 

Range 11.33-14.92 23.39-27.82  9.47-11.59 20.45-22.82 

  C(%) 
Mean 1.03±0.24 2.21±0.15    0.49±0.12 1.23±0.08 

Range 0.72-1.43 1.92-2.37  0.38-0.74 1.13-1.32 

N (%) 
Mean 0.08±0.01 0.08±20.01  0.05±0.01 0.06±0.0 

Range 0.06-0.10 0.08-0.09  0.03-0.07 0.06-0.06 

SAT(mm/mm) 
Mean 0.53±0.002 0.40±0.01  0.47±0.06 0.38±0.01 

Range 0.52-0.54 0.39-0.41  0.32-0.51 0.37-0.39 

DUL(mm/mm) 
Mean 0.46±0.03 0.26±0.01  0.32±0.07 0.23±0.01 

Range 0.38-0.47 0.23-0.27  0.18-0.38 0.19-0.24 

LL15(mm/mm) 
Mean 0.33±0.02 0.19±0.01  0.14±0.06 0.16±0.01 

Range 0.17-0.34 0.17-0.20  0.06-0.24 0.14-0.17 

AirDry(mm/mm) 
Mean 0.30±0.02 0.17±0.04  0.13±0.06 0.15±0.03 

Range 0.15-0.31 0.08-0.20  0.06-0.24 0.07-0.18 

PAWC 
Mean 20.10±1.36 18.81±4.38  16.03±2.53 8.01±0.77 

Range 17.36-21.43 11.14-23.57   13.14-21.43 6.79-9.00 

Note: BD = bulk density, OC = organic carbon, CEC = cation exchange capacity, SAT = saturation, DUL = drainage upper limit, LL15 = wilting point, PAWC = Plant Available 

water, C = Total Carbon, N = Total Nitrogen, Soil C:N = Soil carbon to nitrogen ratio,  and AD = soil moisture limit to which soil can dry by evaporation. Values of 7 standard 

depths were used in this table. (0-15, 15-30, 30-60, 60-90, 90-120, 120-150 and 150-180 cm). Black : Measured values, Red : Laboratory estimated and Blue: Calibrated values.  

 

3.3 Simulated Maize Yield  

Using physically sampled soil data and iSDAsoil data, simulated maize yields were compared 

with the on-farm harvest measurements in Gabaza and Selwane, Limpopo Province, South 

Africa. The comparison was made using two non-parametric tests to ascertain maize yield 
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differences (Kruskal-Wallis Test and Mann-Whitney U-test).  In general, the average maize 

yield varied significantly (p < 0.05) among the 3 yield types/sources in Selwane, whereas there 

was no significant difference (p > 0.05) among the yields in Gabaza.  

The selected soil grids and physically sampled points in each site were limited to 9, with 

Gabaza having the most spatial variability compared to Selwane. The simulated maize yield 

using the iSDAsoil database (1.25 ± 0.19 t ha-1) was significantly closer to the on-farm yields 

(1.22 ± 0.63 t ha-1) compared to the physically sampled soil data yield (1.77 ± 0.23 t ha-1), 

which was overestimated in Gabaza. Comparatively, simulated maize yields based on the 

physically sampled soil data (1.71 ± 0.31 t ha-1) and on-farm yields (1.18 ± 0.55 t ha-1) were 

significantly (p < 0.05) higher than the yields simulated with iSDAsoil data (0.50 ± 0.09 t ha-

1). Figures 6 and 7 illustrate the yields from the three data sources from each site.  

Generally, there were significant deviations of the iSDA database from physically sampled soil 

data, which indicates its inability to fill the physically sampled soil data gaps completely. 

Nevertheless, they can be combined and prove especially useful for more fertile sites such as 

Gabaza, as the simulated yields from either of the two data sources are not significantly 

different. 

Figure 6: Violin plot of Gabaza maize yield. Sample number of Field Measured Set, iSDAsoil  

Gabaza, and Observed Gabaza (n=9). 
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The maize simulated yield statistics using violin plots from three different datasets (fig. 6 and 

7) at two contrasting sites (Gabaza vs., Selwane). The white dot represents the median, the 

middle ‘box’ the interquartile range (50% of scores for the group), and the whiskers the lower 

and upper quartiles (25% respectively). 

 For Gabaza, the interquartile range of the maize simulated yield using iSDAsoil data ranges 

(1.10 – 1.21), field measurement (0.70 – 1.80), and observed (1.60 – 1.90) between the two 

values. The plots show that iSDA simulated maize yield has a median value of 1.20, field 

measurement simulated maize yield with 1.30, and the observed (physically sampled) 

simulated maize yield has a median of  1.70 (fig. 6).   

For Selwane, the interquartile range of the maize simulated yield using iSDAsoil data  (0.3 – 

0.6 ), field measurement (1.0 – 1.6), and observed (1.55 – 1.65) between the two values. The 

plots show that iSDA simulated maize yield has a median value of 0.50, field measurement 

simulated maize yield with 1.10, and the observed (physically sampled) simulated maize yield 

has a median of  1.60 (fig. 7).   

Figure 7: Violin plot of Selwane maize yield. Sample number of Field Measured Set, iSDAsoil 

Selwane, and Observed Selwane (n=9) 
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3.4 Comparison Using Smaller Sample Size (n=2) 

Comparison of physically sampled soil dataset with iSDAsoil data based on two-point location 

for each site (samples size = 2). The analysis revealed that soil parameters from the iSDAsoil 

map were significantly different (p < 0.05) from sampled (physically sampled0) data for the 

fertile site (Gabaza) but not for the marginal soil in Selwane. Simulated maize yield results also 

mirrored these differences. Using a Status quo management scenario (no fertilizer or irrigation, 

locally recommended plant density of 3.0 plants m-2) showed that average maize yields for 

Gabaza were 1.7 vs. 1.1 t ha-1 (physically sampled vs. iSDAsoil ) and for Selwane 0.8 vs. 0.9 t 

ha-1 (physically sampled vs. iSDA). However, with the sample size increased to 9, a similar 

trend was observed in the soil parameters in  Gabaza, with a significant difference between the 

physically sampled and iSDAsoil data. However, for Salwane, the higher sample size (n=9) 

reflected significant differences between the physically sampled and iSDAsoil datasets, which 

could not be reflected in the smaller size (n=2). Simulated maize yield results in Selwane also 

show a significant difference in the average maize yield using the two datasets, with 1.7 vs. 0.5 

t ha-1 (physically sampled vs. iSDAsoil). In contrast, Gabaza shows no significant difference 

in the maize yield simulated using the two datasets, 1.8 vs. 1.25 t ha-1 (physically sampled vs. 

iSDAsoil). 
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4 Discussion 

South Africa has many semi-arid regions, which are projected to be significantly affected by 

future climate change due to high population growth, persistent low agricultural productivity 

and poverty, the problem of pests and disease, and high climate variability (Rötter et al., 2021).  

In line with other studies (Cammarano et al., 2020; Hoffmann et al., 2020), maize yields 

reported in this study are indeed low (Fig. 6 & 7), with drought a pivotal threat to production. 

Testing the various management interventions needed to assist farmers through such challenges 

is impossible to do in vivo, which is where crop simulation modelling can be helpful. The data 

required to run such experiments are, however, rare (Rötter et al., 2017), which is why detailed 

and reliable soil information, particularly at higher resolutions, is needed as essential input data 

for such studies. Moreover, standardizing physical soil sampling and sharing soil profile data 

is compulsory for the advancement of digital soil maps such as iSDAsoil to help improve 

accuracy and use. According to Wimalasiri et al. (2020), the first steps towards improving the 

soil surveys for digital soil mapping and crop modelling are integrating and harmonizing such 

data across standard horizons and depths. 

 

Generally, the iSDAsoil database could not capture the majority of the diversity of the 

physically sampled soil properties at both sites. At the fertile sites (Gabaza), about 73% of the 

soil properties significantly deviated from the physically sampled soil. Soil properties such as 

BD, Total C, and Soil C: N ratio deviated more substantially in SAT, DUL, LL15, Airdry, and 

silt content. For the marginal site (Selwane), about 83% of the soil properties significantly 

deviated from the physically sampled soil data - a higher deviation was observed among all 

soil properties.  

For the physically measured soil parameters such as Total C, Total N, CEC, SOC, and Soil C: 

N ratio in the field, many soil samples were required to have robust estimates; however, we 

have only three replicated soil sampling. Due to the limited physically sampled soil data 

available, it is difficult to generalize the discrepancies between physically sampled soil data 

and the iSDAsoil database. Nevertheless, certain physically sampled variables did not have that 

much impact on the simulated yields, such as the soil C: N ratio at both regions. The sensitivity 

analysis of the PAWC showed that for semi-arid/ water-limited environments, PAWC-related 

parameters are key. So, if physical soil samples are to be harmonized throughout the various 
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related communities, PAWC variables should be a key focus. Perhaps for other environments, 

where water is not necessarily the limiting factor, PAWC is not as important, but other variables 

such as organic carbon and soil nitrogen, further highlighting the need to collaborate and share 

approaches.  

Furthermore, variation recorded in the textural classes between the physically sampled soil data 

and the iSDAsoil data could be explained through recent literature. Wimalasiri et al. (2020) 

report that the textural class standardization filter employed in the open-access soil database 

ensures that the texture percentage is equivalent to 100%, which often results in an 

overestimation of the percentage of sand and an underestimation of silt and clay. 

For Gabaza, maize yields simulated using physically sampled soil data and iSDAsoil data were 

not significantly (p> 0.05) different, despite the significant difference in the soil properties. In 

contrast, in Selwane, the maize yield simulated using iSDAsoil data was lower than maize yield 

simulated using physically sampled soil data. Due to the missing data in the iSDAsoil map, 

calculations and the estimation using the pedotransfer function could affect the maize yield 

simulated with iSDAsoil data. Botula et al. (2012) reported that soil hydrological parameters 

derived through pedotransfer functions show significant differences. In addition, the low value 

of iSDAsoil data simulated yield in Selwane could be the result of higher bulk density values 

and lower clay content for this site, which invariably impacts the soil hydrological parameters 

and reduces the PAWC.  

 

Given that the APSIM model is sensitive to PAWC, we found that the iSDAsoil data for 

Selwane simulated yields could be raised by increasing the PAWC (Table S2 and 3). For 

example, when we use the Selwane physically sampled PAWC and the mean of the Selwane 

physically sampled PAWC and Selwane iSDAsoil map PAWC, the maize yields increase 

above 1.00 t ha-1. Invariably, when the sensitivity analysis was done using three different 

nitrogen fertilizers at 30 kg ha-1 and 50 kg ha-1, the simulated yield was still below 1.00 t ha-1 

(Table S4). 

 

Although extensive soil sampling was conducted through the SALLnet project in 2019, the 

reference database could be made more robust through further sampling, which would lead to 

more thorough cross-validation with the iSDAsoil database. For example, the number of soil 

samples required for soil properties, such as bulk density and soil organic C stock, is highly 

site-specific (Chaudhuri et al., 2011; Zhang et al., 2016), and some soil properties, such as soil 
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nutrient and C, might require more soil sampling  (Blyth and MacLeod, 1978; Amponsah et 

al., 2000; Metcalfe et al., 2008). Ferguson et al. (2007) reported that an acceptable 

measurement of the average nutrient status in a 40-acre area could be estimated from 10 – 15 

randomly collected surface cores, whereas nitrate-nitrogen analysis will require 6 – 8 subsoil 

cores in other to have robust data. According to the USDA, it is recommended that at least 15-

20 representative soil cores to a minimum depth of 24 inches is needed to obtain an accurate 

sample, and a minimum of 6 samples to form robust data is recommended on 1 ha field. 
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5 Summary and concluding remarks 

Due to the resource-demanding efforts (e.g., financial and time) of physical soil sampling, lack 

of available fine-scale physically sampled soil data, relying on open-access digital soil data for 

yield simulations and future planning becomes a realistic option through resources such as the 

iSDAsoil database.  To assess the quality of open-access soil data and its ability to help perform 

cropping system simulation studies in the Limpopo Province, we compared soil parameters and 

the maize yield output of the APSIM crop model using two databases (physically sampled soil 

data versus iSDAsoil database). The APSIM-Maize model was successfully evaluated and 

validated to simulate maize yield responses to determine whether soil variability exists between 

the physically sampled and iSDAsoil data. The seasonal analysis of APSIM was used to 

simulate maize yields for a 20-year study period to determine how yields differed based on 

field soil data and open-access soil data. While both the iSDAsoil database and the physically 

sampled soil data had their shortfalls individually, the simulated yields for the more fertile site 

of Gabaza did not differ significantly, highlighting the potential use of the iSDAsoil database 

for such sites. 

Although the reference data, i.e., the physically sampled soil database, used for the cross-

validation of the iSDAsoil map could be improved through further sampling, the iSDAsoil map 

can be helpful when providing a relevant starting point. Given the sensitivity of the APSIM 

model for the systems in question to PAWC, critical soil parameters such as soil depth and 

texture should be a key focus in future soil sampling campaigns for the study region in question.  
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7 Supplementary material 
 

Table S1: Geographical coordinates of the physically sampled soil data. 

No. Soil farmer_name Longitude Latitude Data Sources 

1 Sel_1 Majaji_mokgabka -23.729872 30.93573 SPACESII_SALLnet 

2 Sel_2 Betty_ramalepe -23.732378 30.93778 SPACESII_SALLnet 

3 Sel_3 Betty_ramalepe -23.731995 30.93777 SPACESII_SALLnet 

4 Sel_4 Josephine_mateta -23.734917 30.93983 SPACESII_SALLnet 

5 Sel_5 Josephine_mateta -23.735305 30.93999 SPACESII_SALLnet 

6 Sel_6 Nara_malatji -23.734028 30.93761 SPACESII_SALLnet 

7 Sel_7 Nara_malatji -23.733399 30.93775 SPACESII_SALLnet 

8 Sel_8 Selina_seabela -23.712343 30.95989 SPACESII_SALLnet 

9 Sel_9 Selina_seabela -23.71235 30.95999 SPACESII_SALLnet 

10 Gaba_3 Sara_malabune -23.988024 30.33783 SPACESII_SALLnet 

11 Gaba_4 Thita_manage -23.987698 30.33846 SPACESII_SALLnet 

12 Gaba_6 Asnath_malubana -23.987249 30.33839 SPACESII_SALLnet 

13 Gaba_7 Asnath_malubana -23.987397 30.33865 SPACESII_SALLnet 

14 Gaba_10 William_malatji -23.983209 30.3485 SPACESII_SALLnet 

15 Gaba_13 Jeaneth_muchwala -23.992256 30.33037 SPACESII_SALLnet 

16 Gaba_15 Samie_phaknla -23.996979 30.33232 SPACESII_SALLnet 

17 Gaba_16 Samie_phaknla -23.996789 30.3324 SPACESII_SALLnet 

18 Gaba_18 Louise_phakula -23.99713 30.33456 SPACESII_SALLnet 
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Table S2: Plant Available Water Capacity (PAWC) for Selwane obtained from different 

sources. 

Soil P.S.D  P.S. D + iSDA iSDA 

iSDA_1 108.0 81.0 57.0 

iSDA_2 96.0 79.5 63.0 

iSDA_3 92.0 75.5 55.5 

iSDA_4 150.0 106.5 61.5 

iSDA_5 111.0 82.5 58.5 

iSDA_6 99.0 78.0 57.0 

iSDA_7 111.0 97.5 57.0 

iSDA_8 144.0 97.5 49.5 

iSDA_9 117.0 82.5 47.5 

Mean 114.2 86.7 56.3 
Note: P.S.D - Physically sampled data, P.S.D + iSDA - midvalue of physically sampled data and iSDA, iSDA 

database. 

 

Table S3: Average maize yield simulated for Selwane using different Plant Available Water 

Capacity (PAWC): 

Soil P.S.D P.S. D + iSDA iSDA 

iSDA_1 1.44 1.12 0.52 

iSDA_2 1.06 1.04 0.61 

iSDA_3 1.27 1.05 0.39 

iSDA_4 1.56 1.32 0.60 

iSDA_5 1.48 1.15 0.57 

iSDA_6 1.25 1.04 0.42 

iSDA_7 1.25 1.09 0.56 

iSDA_8 1.58 1.29 0.36 

iSDA_9 1.50 1.14 0.44 

Mean 1.37 1.14 0.50 

STD 0.18 0.10 0.09 
Note: P.S.D - Physically sampled data, P.S.D + iSDA - midvalue of physically sampled data and iSDA, iSDA 

database. 

 

Table S4: Sensitivity analysis of  application of different type of  30 kg ha-1 N  

Soil 30_UreaN 30_NO3_N 30_urea_n03 Without Fertilizer 

iSDA_1 0.93 0.91 0.91 0.52 

iSDA_5 0.94 0.94 0.94 0.57 

iSDA_9 0.81 0.82 0.80 0.44 

 

 
 
 
 


