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RESUMO 

Sinergia entre mapeamento digital de solos e modelagem de culturas: influência dos dados 

do solo na produtividade atingível da cana-de-açúcar 

Os modelos de produção agrícola desempenham um papel fundamental na 
segurança alimentar, prevendo futuros desafios agrícolas e apoiando o 
estabelecimento de políticas públicas e práticas de gestão sustentável. Entretanto, 
devido à falta de informações confiáveis, especialmente nos países em 
desenvolvimento, eles apresentaram desempenho limitado e restrições para 
análises espacialmente explícitas. Assim, o objetivo deste estudo foi avaliar o MDS 
(Mapeamento Digital de Solos) como uma alternativa para preencher a ausência de 
dados do solo. A região considerada nesse estudo está situada no sudeste do Brasil 
em uma área de 4.815 km² que detém enorme heterogeneidade quanto a sua 
geologia e tipos de solo. Para a realização do estudo as seguintes estapas foram 
realizadas: (i) Foi usado um conjunto de dados de solo, obtidos a partir de 1.125 
tradagens e 27 perfis que foram pradronizados em profundidades por meio de 
equações de interpolação; (ii) Um algoritmo de aprendizado de máquina (AM) foi 
usado para predição dos atributos de solo e suas incertezas (iii) Funções de pedo-
transferência foram realizadas para obter as propriedades hidrológicas do solo (iv) 
DSSAT/CANEGRO foi simulado em uma grade de 250 m para cana-de-açúcar, com 
plantio em outubro e colheita completando 12 meses (v) Três níveis de fonte de 
dados do solo foram comparados: um mapa de solo (MS) (escala 1:100.000), 
SoilGrids (SG) e o mapa de atributos (MA) derivado de nosso AM. A argila foi o 
atributo que obteve o melhor desempenho em superfície e subsuperfície (R²=0,70 
e 0,59, RMSE= 88,87 e 141 g kg-1) e baixa incerteza (40 e 110%). Em profundidade, 
os atributos obtiveram uma redução em seu teor e aumento da incerteza. Portanto, 
o MA foi a fonte de dados de solo mais confiável, sendo a que mais se assemelha 
aos dados de campo, apresentando o melhor índice de concordância (d= 0,8) e 
coeficiente de confiança (c=0,74). Além disso, uma grade de 250 m permitiu a 
avaliação da variabilidade espacial da produtividade atingível da cana-de-açúcar em 
nível regional. Os nitossolos alcançaram maior produtividade e os solos rasos não 
excederam 100 t ha-1. Sendo assim, este trabalho mostrou a aplicabilidade do 
mapeamento digital para uso na modelagem de culturas. Esta metodologia pode 
ser replicada no planejamento agrícola em nível regional e aplicações de manejo 
na agricultura. 

Palavras-chave: DSSAT, Variabilidade espacial de solos, Qualidade de dados de solo, 
Previsão de produtividade em grade 
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ABSTRACT 

Synergy between digital soil mapping and crop modeling: influence of soil data on 

sugarcane attainable yield 

Models of crop production play a key role in food security, predicting future 
agriculture challenges and supporting the establishment of public policies and 
sustainable management practices. However, due to the lack of reliable 
information, especially in developing countries, they have presented limited 
performance and restrictions for spatially explicit analyses. Thus, the objective of 
this study was to evaluate the DSM (Digital Soil Mapping) as an alternative to fill the 
gap of soil data. Our study site is in Southwest of Brazil in a 4,815 km² area 
heterogeneous in geology and soil classes. The study were conducted with the 
following framework: (i) We used a soil survey data, containing 1,125 collected 
points with auger and 27 profiles and applied equal-spline equations to 
standardized the soil dataset into depth; (ii) A machine learning (ML) algorithm 
were used to predict soil attributes and their uncertainties (iii) Pedotransfer 
functions were performed to obtain soil hydrological properties (iv) DSSAT-Canegro 
was simulated in a 250m grid to sugarcane planted in October with harvest 
completing 12 months (v) We compared three levels of soil data source: a soil map 
(SM) (1:100,000 scale), SoilGrids (SG) and the map of attributes (MA) derived from 
our ML. Clay was the attribute that obtained the best performance to surface and 
subsurface (R²=0.70 and 0.59, RMSE= 88.87 and 141 g kg-1) and low uncertainty (40 
and 110%). In depth the attributes were reduced in their content and increased 
uncertainty. Therefore, the MA to be the most reliable source of data, being the 
one that most resembles field data, presents the best index of agreement (d= 0.8) 
and confidence coefficient (c=0.74). In addition, a 250m grid allowed the evaluation 
of the spatial variability of the attainable yield of sugarcane at a regional level. 
Nitisols achieved higher productivity and shallow soils did not exceed 100 t ha-1. 
Thus, this work showed the applicability of digital mapping for application in crop 
modeling. This methodology can be replicated for decision-making at a regional 
level and also to improve management strategies for agriculture. 

Keywords: DSSAT, Spatial soil variability, Soil data quality, Grid yield forecast 
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1. INTRODUCTION 

The sugarcane sector plays an important role in the production of biofuels, energy, 

and sugar. Brazil is the biggest world producer of sugarcane, with its south-central region 

contributing to almost 90% of production, which represents 8.5 million hectares cultivated in 

2020 (CONAB, 2020).  Although Brazil is considered a key supplier for future bioenergy 

demands, the sector is not prepared for the rising demand and the production is currently 

stagnant (CONAB, 2020). Once sugarcane expansion is not a viable option (Bordonal et al., 

2018), new strategies must be designed to improve yields where the crop is already cultivated, 

which will allow optimizing the use of natural resources (Gerland et al., 2014; Runyan and 

Stehm, 2019). Therefore, identifying the potential of sugarcane production is an important step 

towards to make this crop and its entire sector more sustainable. 

Currently, few tools are capable of indicating the crop potential production at farm or 

regional levels (Antle et al., 2017).  A method extensively used in sugarcane fields is the 

Production Environments (PE) approach. In this technique, fields are divided in zones (named 

PEs) with different yield potentials. The zoning process considers basically the soil and normal 

climate conditions (Demattê and Demattê, 2009; Landell et al., 2003). Although PE has been 

widely used by the sugarcane sector to assess yield variability in crop fields, the method is 

partially empirical and is based on a limited number of attributes from soil and climate. Besides, 

for more detailed zoning, PE definition requires detailed soil maps (Sanches et al., 2019), being 

resource intensive and time consuming.  

An alternative approach to assess yield in sugarcane fields is the use of crop simulation 

models (Dias and Sentelhas, 2017; Scarpare et al., 2016). Process-based crop models simulate 

plant growth, development, and yield, according to the genotype, weather, soil, and crop 

management (Jones et al., 2003, 2017). These models have been widely applied to understand 

the impacts of climate variability and change in agricultural production (Karthikeyan et al., 

2020; Liang et al., 2020; Sachin et al., 2019), to rationalize resources in precision agriculture 

(Thorp et al., 2008) and to support improvements in sustainable agricultural practices (Miao et 

al., 2006; Sentelhas et al., 2015).  They are usually employed in site-specific evaluations (i.e., 

simulations considering only a pair of geographic coordinates) at a field-scale. However, there 

is an increasing interest to apply the crop models spatially, which requires detailed weather 

and soil data for high resolution simulations both at local and regional levels (Machwitz et al., 
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2019; Zhao et al., 2013). A spatially-explicit approach could explain the yield variability across 

the field and to guide a more rational crop planning and decision-making to improve crop yield 

(Basso et al., 2001). 

Among the existing crop modeling frameworks, the most widely used is the Decision 

Support for Agrotechnology Transfer (DSSAT) which is a platform that encompasses several 

crop simulation models (Hoogenboom et al., 2019). Recently, DSSAT was coupled to a spatial 

analysis platform named CRAFT (Crop Forecasting Toolkit), which allows users to perform grid-

based simulations with 5 or 30 arc-minutes resolution (Shelia et al., 2019). In this case, soil data 

required by the model can be retrieved from conventional soil maps and/or databases like 

SoilGrids (Hengl et al., 2017). However, there are limitations when using large-scale soil data, 

mostly due to insufficient representation of the spatial variability in small areas (Baigorria et al., 

2007; Launay and Guerif, 2005; Pagani et al., 2017; Sadler et al., 2000). In fact, the lack of 

detailed information has been recognized as one of the greatest challenges when using crop 

models in spatially explicit analyses (Guo et al., 2018; Nendel et al., 2013). Furthermore, soil 

data uncertainties could propagate throughout the model simulations, and it may have an 

impact even greater than any other input (Folberth et al., 2016). 

In this context, Digital Soil Mapping (DSM) is an alternative to produce updated and 

finer scale soil data. In DSM, maps of soil types and attributes are produced by a computer-

assisted method, which uses spatial and non-spatial soil inference systems coupled with field 

and laboratory observational methods (McBratney et al., 2003; Scull et al., 2003). The great 

advantage of DSM is the rapid production and standardization of soil data, which can be 

promptly used as input in crop simulation models. DSM has proven to be a reliable soil data 

source for crop modeling, reaching similar results to point field data (Tewes et al., 2020). The 

potential for developing and disseminating soil data, including the spatially explicit ones, has 

raised the interest of crop modelers around the world (Han et al., 2019; Lagacherie et al., 2000; 

Wimalasiri et al., 2020). 

To the best of our knowledge, Han et al. (2019) and Shelia et al. (2019) were the only 

ones to standardized soil spatial data and later used them in a grid-based DSSAT modeling. 

Therefore, this study aims to evaluate if DSM techniques could aid in crop modeling, and 

demonstrate the advantages of coupling such methods to regional-scale predictions of 

sugarcane attainable yield.  By accomplishing our goals, we expect to raise even more attention 

to the importance of a synergistic use between DSM and crop simulation models, as well as 
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demonstrate the importance of soil scientists to standardize and share their soil datasets with 

the most diversified group of users as possible.   
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2. MATERIAL AND METHODS 

2.1. Study area and soil database 

The study site has 4,815 km² and is located in southeastern Brazil, at São Paulo State 

(Figure 1). The region presents a complex geology with soils being developed from different 

parent materials, such as sandstones, siltstones, shales, schists, basalts, diabases, limestones 

and conglomerates (Mezzalira, 1965). According to Köppen system, the climate is characterized 

by hot summer, comprising the months of January to March, and dry winter from June to 

August. The mean temperature ranges from 18 to 22 °C, and the average annual precipitation 

corresponds to 1200 mm (Alvares et al., 2013). 

 

 

Figure 1.  Study area and distribution of the soil dataset. 

 

A soil survey was conducted in the site, where 27 soil profiles were characterized and 

1125 soil samples were collected with an auger, at three depths: 0-20; 40-60; and 80-100 cm. 

All samples were air-dried at 45 º C for 24 h, grounded and sieved through 2 mm mesh. 

Chemical analyses were performed to quantify pH (water and KCl), exchangeable bases (Ca2++, 
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Mg2+ and K+), exchangeable aluminum (Al3+), potential acidity (H++Al3+), organic matter (OM) 

and total iron concentration (Fe2O3) by sulfuric acid digestion (Camargo et al., 2009). We 

calculated the sum of bases (SB), cation exchange capacity (CEC), percentage of base saturation 

(Bsat %), percentage of aluminum saturation (Alsat %) and clay activity. Clay content was 

determined by the densimeter method, sand content by sieving and silt content by difference 

between the other fractions (Camargo et al., 2009).  

The resulting dataset had samples at mismatching depths due to different sampling 

methods, i.e., collected from auger pits and soil profiles. Therefore, the results were 

interpolated between the depths, with 10 cm intervals until 100 cm and in 50 cm to 200 cm. 

We used an equal-area splines technique, which assumes that soil attributes vary smoothly in 

the profile. The method uses a polynomial function to estimate the attribute values at the 

standardized depths (Bishop et al., 1999; Malone et al., 2009). If the original value was already 

sampled in a standard depth, no prediction is performed by the function. The package “GSIF” 

in R environment (R Core Team, 2020) was used for depth harmonization (Hengl, 2020). The 

lambda (λ) parameter was set to 0.1, which gives the model flexibility to generate for the model 

in terms of smoothly and fidelity of the observed data. 

 

2.2. Digital soil mapping of soil attributes  

Herein we employed a methodology similar to the one used by Fongaro et al. (2018), 

where a machine learning algorithm (ML) was calibrated using as covariates a Landsat Bare 

Surface Composite Images (BSCI) and terrain attributes. Briefly, the BSCI is a per-pixel mosaic 

representing the bare surface of landscape (i.e., a synthetic satellite image representing the 

exposed soil surface), which is retrieved by the GEOS3 methodology (Demattê et al., 2018). 

Considering that our study site is predominantly an agricultural area, it’s bare surface will be 

directly related to the soil superficial layer. More information about the method and data inputs 

can be found elsewhere (Demattê et al., 2020, 2018). 

A Digital Elevation Model (DEM) of 5 m was derived from the topographic maps from 

IGC (Institute of Geography and Cartography of the state of São Paulo) at 1:1000 scale. 

Elevation and five terrain attributes were derived from DEM: slope, horizontal and vertical 
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curvature, shape index and aspect. These terrain covariates were generated using the terrain 

analysis function in SAGA GIS (Conrad et al., 2015). 

Later, we calibrated prediction models with a ML algorithm called gradient boosting 

trees (GBT), which constructs an ensemble of multiple decision trees and returns their mean 

prediction (Breiman, 2001). Analyses were performed in Python 3.7 (Python Software 

Foundation, 2018) and models were calibrated to predict clay, sand, silt, organic matter (OM), 

cation exchange capacity (CEC) and pH in water. Soil depth model followed the same calibration 

steps, but in this case we also added conventional soil maps as covariates. During the 

processing, the soil samples database was randomly divided in calibration (80% for model 

training) and validation subsets (20% for test). We used the scikit-learn Python library to obtain 

the quantile regression from the gradient boosting trees (QGT). The hyperparameters settings 

were tested for a varying number of samples leaf (10, 20, 30, 40, 50, 100, 200, 500), number of 

random predictors (3, 5, 8, 11, 13) and forest size (30, 60, 100, 200). The model performance 

was evaluated by the following parameters: the root mean square (RMSE, Equation 1) to assess 

the model's inaccuracy, the variance of the model by the coefficient of determination (R2, 

Equation 2), and the ratio of performance to interquartile range (RPIQ, Equation 3) to evaluate 

the consistency between the predicted values and the variability of the test dataset (Khaledian 

and Miller, 2020). 

RMSE=√
∑ (ŷ𝑖−𝑦𝑖)²𝑛

𝑖=1

𝑛
                  (1) 

𝑅2 = 1 −  
∑ (ŷ𝑖−𝑦𝑖)²𝑛

𝑖=1

∑ (𝑦𝑖−�̅�𝑖)²𝑛
𝑖=1

                 (2) 

𝑅𝑃𝐼𝑄 =  
(𝑃75−𝑃25)

𝑅𝑀𝑆𝐸
                                 (3) 

 

where �̂� is the predicted values, 𝑦 is the measured values, �̅� is the mean of 𝑦. P75 is 

the 75% quantile of the prediction (%) and P25 is the 25% quantile of the prediction (%).   

Predictions of uncertainty were defined by calculating the difference between the 5th 

and 95th percentiles using bootstrapped samples with GBT. As a result of the difference of the 

quartiles, it was obtained the 90% prediction interval (PI), which later were converted to a 

percent scale by dividing the prediction interval by the median estimate (Safanelli et al., 2020). 

High percent values are indicative of a high degree of uncertainty. As uncertainty is a 

standardized parameter, it allows comparing the different attributes maps of attributes and 
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their spatial uncertainties. Finally, all the predicted maps were later resampled to 250 m to 

facilitate the further processing steps (Figure 2).   

 

2.3. Pedotransfer functions and soil hydrological attributes 

Soil hydrological properties are extremely important for DSSAT simulations (Singels 

and Bezuidenhout, 2002), once they are inputs in the water balance model, which defines the 

water availability for the crops. This information is very scarce in Brazil and the only dataset 

available has a few hundreds of samples spread across the country (Ottoni et al., 2018). In this 

sense, pedotransfer functions developed for tropical soils were applied to obtain the soil water 

content at wilting point (WP), field capacity (FC), saturation (SAT) and also bulk density (BD) 

(Tomasella et al., 2000). Besides these attributes, it was also necessary to define drainage rate 

(DR) and runoff (RO). The DR represents the capacity of percolating water along the profile, and 

it is usually divided in seven permeability classes (Ritchie et al., 1990): Very slow, slow, 

moderated slow, moderate, moderate rapid, rapid and very rapid.  We assessed the 

permeability in agreement with these classes considering the clay content and slope in percent 

(%).  The RO was calculated according to Gijsman et al. (2007) which classifies groups by the 

letter’s “A” to “D”. Groups with shallow soils and high values of slope are considered to have 

high runoff potential (A), and deep soils at flat areas are classified as low runoff potential (D). 
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Figure 2.  Flowchart representing the dataset and the approach adopted in this study.  

 

 

 

2.4.  The DSSAT/CANEGRO model 
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The DSSAT/CANEGRO is a crop model for simulating daily sugarcane growth, 

development and yield. The minimum input required to run the model are daily weather data, 

soil physical attributes, genotype, and crop management data (Jones et al., 2016). In order to 

enable a spatial approach, a code was created to run DSSAT on each individual cell from our 

raster grid (250 x 250 m). Therefore, our code had to perform the following steps: (i) Harmonize 

the spatially explicit input data in a standard raster grid; (ii) create txt files for every pixel of the 

grid, following the DSSAT specifications (running batch file mode); (iv) Execute the model in 

loop to every txt file; and (v) perform the back-conversion of DSSAT outputs to a spatial grid. 

The input manipulation was supported by the R package named “DSSAT”, which provides cross-

platform functions to read and write input files, run DSSAT and read output files (Alderman, 

2020).  

Sugarcane growth was simulated to the RB86-7515 variety, which is one of the most 

cultivated varieties in Brazil (Marin et al., 2013). The cultivar coefficients were adjusted for 

Brazilian conditions according to Dias and Sentelhas (2017). The DSSAT experimental file (SCX) 

considered common sugarcane management practices in simulations, such as planting density 

of 15 plants per meter, 150 cm row spacing and no irrigation.  The simulations considered 

planting season in October and harvest period within 12 months. Weather data included solar 

radiation (SRAD), precipitation (RAIN), as well as maximum and minimum air temperature 

(TMAX and TMIN, respectively). Daily weather data were acquired from the automatic 

meteorological station from Luiz de Queiroz College of Agriculture (Figure 1), for the period 

between 1997 to 2015. This weather station has consistent information and adequately 

represents the regional weather. Once that our focus was to evaluate the influence of soil data 

in crop modeling, we did not use spatially explicit weather data. Adding spatial weather data 

could have great influence in predictions and compromise the evaluation regarding the soil 

datasets. 

 

2.5. Impact of different soil data sources in yield predictions 

To evaluate the impacts of different soil data sources in the sugarcane simulation by 

DSSAT/CANEGRO model, locations (points) were selected, from where independent soil 

profiles descriptions were available (Figure 1) (Batjes et al.,2009; Battie Laclau and Laclau, 2009; 

RadamBrasil, 1981). Soil data retrieved from these points were considered our reference 
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dataset, and they were all measured by laboratory methods, and have a small level of 

uncertainty. To each point, we performed the DSSAT simulation according to the conditions 

defined in Section 2.4. The process was repeated for different years (1997-2015) to avoid 

selecting only years with climatic adversities. The sugarcane stalk fresh mass, from daily output 

data, was used to define the differences between the reference estimate (predicted with 

reference soil data) and soil information acquired from different soil maps. 

The first soil data source considered was a legacy map (LM) representing soil types 

with several class associations at a 1:100,000 scale from the Agronomic Institute of Campinas 

(Oliveira and Prado, 1987). In this case, only the predominant soil type was used in the analysis. 

Another data source was the 250 m soil attribute maps from the SoilGrids project (SG; Hengl et 

al., 2017). Soil attributes information was only extracted from the grid points corresponding to 

our reference profiles. The third source considered was the soil attribute maps (MA) from our 

regional ML algorithm. 

Later, we performed an analysis to identify the influence of these different data 

sources on the prediction of sugarcane attainable yield. The model’s performance was 

described by the R², RMSE, bias, index of agreement (d) and confidence coefficient (c) (Camargo 

and Sentelhas, 1997; Willmott et al., 1985). The index of agreement varies from 0 to 1, with 

higher index values indicating that the predicted values have better agreement with the 

observations. The index c evaluates the performance of the model, also varying from 0 to 1.0, 

where higher values indicate higher performance. 

2.6. Influence of the soil attributes’ uncertainties on the estimation of attainable 

sugarcane yield 

Another important step corresponds to the definition of how uncertainties propagate 

from predicted soil attributes to the DSSAT/CANEGRO and consequently to yield predictions. A 

Monte Carlo Simulation (MCS) was conducted to evaluate if the uncertainty in soil attributes, 

predicted by ML, could have a considerable influence in CANEGRO predictions. The MCS 

randomly selected attribute values from a predetermined distribution, which has mean and 

standard deviations defined previously, during the DSM process. Simulation was repeated 100 

times and at each repetition, the value of the attribute estimates was adjusted. Once that all 

soil attributes predictions were considered the same environmental covariates, and in some 

cases, such attributes are naturally correlated, uncertainties were assumed to be dependent. 
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Therefore, we addressed a joint multivariate normal distribution, which was performed with 

the “mc2d” package in R environment (Pouillot and Delignette-Muller, 2010). 

Since MSC is a time-consuming process due to the number of repetitions and, added to 

this, the study area is extensive, representative points were selected to perform the MSC 

analysis. Therefore, we used the Latin Hypercube sampling method to indicate the number of 

samples that ensures full coverage of every parameter’s range (Malone et al., 2019). Evaluation 

of the data was based on the coefficient of variation results from the output sets of 100 

simulations, which resulted in a probability of distribution of sugarcane yield. 

 

2.7. Sugarcane yield assessment 

The comparison of yield with the soil classes derived from a detailed soil map allows 

the comparison with the PE. The PE through the soil classes defines the class that presents the 

higher productive potential. This approach considers soil texture, depth, water availability, soil 

fertility and evapotranspiration (Demattê and Demattê, 2009).  The evaluation of yield by soil 

class is a parameter to assess the coherence of the model output with a methodology already 

used in sugarcane fields.  

Therefore, spatially explicit simulation of attainable yield was performed from October 

of 2003 to September 2004 (i.e., with a 12 months’ cycle), following the specifications in Section 

2.4 (Figure 2). Thus, in order to evaluate the sugarcane yield by soil class we extracted from the 

map generated the yield and evapotranspiration to each soil borderline. Detailed pedological 

maps (1:20,000 scale) were delineated, following the traditional survey method (Vasquez et al., 

2014). The soil classes were classified according to the IUSS Working Group (IUSS Working 

Group WRB, 2006). A Tukey’s HSD (honest significant difference) test was performed to 

evaluate the variation in productivity for each soil class. 
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3. RESULTS 

3.1. Spatial predictions of soil attributes and uncertainty 

The soil attributes predicted by ML algorithm will be briefly described regarding their 

spatial distribution and uncertainties. Clay content maps presented good results for both 

surperficial and subsurficial layers (R²= 0.70 and 0.59, RMSE= 88.87 and 141 g kg-1 and RPIQ= 

1.62 and 1.06). Similarly, sand content also had good results, with R², RMSE and RPIQ values in 

surface corresponding to 0.66, 124 g kg-1, 1.55, respectively. Prediction os sand content in 

subsuperficial layers had slighty lower performance, with R², RMSE and RPIQ values of 0.62, 

200 g kg-1 and 1.14.  Although silt content did not perform as good as the other elements, 

predictions were satisfactory (R²=0.41 and 0.29, RMSE= 73.3 and 200 g kg-1 and RPIQ= 1.08 and 

0.73). Chemical attributes had regular-unsatisfactory performance, especially in deeper layers. 

In this case, subsuperficial OM, CEC and pH presented R² of 0.42, 0.17 and 0.11, respectively. 

Soil depth had R² of 0. 12 and RMSE of 149.11 cm. Thus, our models were able to predict 

attributes more accurately in superficial layers than in deeper layers (Details in Table 1 from 

Appendix A). 
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Figure 3. (a) Soil depth; Spatial distribution of predicted clay (b, c, d) and sand (e, f, g) contents in the studied 
region for 0-10, 80-90, and 150-200 cm soil layers. 

 



22 

The evaluation of DSM maps indicates a great spatial variability of soil attributes in the 

studied region (Figure 3). The soil depth map reinforces the variability that occurs in the region, 

varying from 0.50 to 4.50 meters (Figure 3a). Deep soils occur in the northwest of the study 

area, with average over 300 cm. Clay predictions had high variation, ranging from 9 to 38 % in 

topsoil’s and mean value of 22% in deeper layers (Figure 3b, c, d). Clay was the predominant 

fraction in the surface layer, with increasing values from eastern to western regions (Figure 3b). 

In the site’s northwestern region, there was a slightly higher clay content at 60-80 cm (Figure 

3c), with mean values of 44% in the northwest. As expected, sand content was inversely related 
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to clay (Figure 3.e, f, g), with a gradual decrease from west to east. Topsoil’s sand content had 

an average variation of 44 to 84%, with decreasing mean values in deeper layers. 

 

Figure 4. Clay and sand uncertainty maps of 0 - 10 cm with the mean value in latitude/longitude (a, b); (c, d) clay 
and sand uncertainty maps at 150-200 cm depth. 

 

Uncertainty maps allow the identification of locations with variable prediction 

accuracies. In this study, clay uncertainty varied between 10% to 90% upper layers (0- 10 cm), 

with the highest values located in the western part of the studied region (Figure 4a). Sand 

uncertainty varied between 40 and 110% (Figure 4b), with an increasing spatial trend from west 

to east. Thus, it was observed that uncertainty was strictly related to the content of the mapped 
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attribute, indicating that areas with high clay and sand content presented lower uncertainties 

(Figure 3a, d). Besides that, decreasing values of soil attributes in depth are related to increasing 

uncertainties, ranging from 100 to 230%. Such results indicate that the prediction uncertainties 

of soil attributes tend to be greater in deeper layers (Figure 4c, d).  

 

3.2. Site-specific evaluation of DSSAT/CANEGRO: Influence of soil data sources in yield 

predictions  

The prediction of sugarcane attainable yield was impacted by the soil data source. 

Through the coefficient of determination (R²) it was possible to identify the degree of 

proportion between cane stalk fresh mass estimated by DSSAT/CANEGRO model when using 

soil data from an observed profile and different alternative sources (SA, LM, and SG). From 

these analyses, the LM soil data was the one that resulted in the worst performance when 

comparing the yields estimated with observed and alternative soil data, with R² closer to 0.7 

(Table 1) As a consequence of the poor correlation, the LM soil data source had the highest 

RMSE and Bias, ranging from 33.50 to 44.43 t ha-1, and -21.91 to 23.82 t ha-1, respectively. As 

expected, this data source had the lowest performance indices, with d between 0.33 and 0.41 

and c between 0.22 and 0.31. The best cane yield estimates were obtained by using the MA 

soil data, which resulted in the highest R² (0.90 to 0.96), lowest RMSE (22.85 to 35.38 t ha-1), 

lowest Bias (-6.31 to 5.8 t ha-1), and highest performance indices, with d between 0.7 and 0,8 

and c between 0.63 and 0.74. The use of SG data source remained in an intermediary position 

but with poor final performance when analyzing d and c indices for all assessed conditions. 

 

 

 
Table 1. Comparison between soil data sources (MA, SG and LM) used as inputs for sugarcane yield simulation. 

 

Independent points Soil Source R² 
RMSE 
(t ha-1) 

Bias 
(t ha-1) 

d c 

Brasil (1981) 

MA1 0.90 22.85 4.25 0.80 0.72 

LM2 0.71 36.59 -21.91 0.41 0.29 

SG3 0.89 23.72 17.7 0.55 0.48 

Battie Laclau and Laclau 
(2009) 

MA1 0.96 35.38 -6.31 0.77 0.74 

LM2 0.68 44.43 23.82 0.33 0.22 

SG3 0.72 40.52 15.23 0.38 0.27 

Batjes et al. (2009) MA1 0.91 22.90 5.31 0.70 0.63 
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LM2 0.85 33.50 -19.11 0.37 0.31 

SG3 0.90 38.12 -10.75 0.34 0.31 

       
¹Map of attributes derived from ML; ²Legacy maps; ³ SoilGrids. 

 

3.3. MCS 

The soil parameters produced by DSM resulted in uncertainty that was assumed to 

influence the estimates of soil water parameters and ultimately the sugarcane attainable yield. 

The MSC resulted in a coefficient of variation (CV) from 0.2 to 15 (%) (Figure 5a). Repeated 

simulations showed that sandy soils had a distribution from 30 to 70 t ha-1 (Figure 5b), as a 

consequence, the coefficient of variation of 15%. On the other hand, the variation of clayey 

soils is considerably smaller when compared to sand’s, ranged from 116 to 120 t ha-1, with CV 

closer to 1%. In this sense, it was observed a higher susceptibility of sandy soils as a function of 

the uncertainties of the soil attributes, since the predicted sand maps presented a higher 

uncertainty (Figure 3). 

 

Figure 5. (a) Coefficient of variation (%) for points using the MSC depending on clay content; distribution of 

sugarcane attainable yield for the MSC simulations considered a sandy (a) and clayey soil (c). 

3.4. Spatially explicit simulation of sugarcane attainable yield 
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A wide spatial variability of sugarcane attainable yield was observed in the studied 

area, being strictly related to the particle size distribution and soil depth of the study area. 

Therefore, observing soil depth and sugarcane attainable yield maps together, it is clear that 

areas with lower yields are those with shallow soils (Figure 3a and Figure 6a). Estimated 

sugarcane attainable yields ranged from 73.94 to 170.90 t ha-1 (Figure 6a). Higher values were 

reached in the north of the study area, corresponding to deeper soils (Figure 6a) and with 
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higher clay content (Figure 3). On the other hand, sandy-textured areas (located at northwest) 

had the lowest yields, never exceeding 100 t ha-1 (Figure 6a). 

 

Figure 6. Sugarcane attainable yield estimated by DSSAT/CANEGRO with soil data from ML database (a); total days 
for the simulated period with water stress for sugarcane growth (b); and total actual evapotranspiration 
throughout the sugarcane cycle (c). 

 

The map in Figure 6b shows the number of days that the sugarcane crop suffered with 

water restrictions, which affected its development. The areas that most suffered with this kind 

of stress were those where the soil is shallower (Figure 6c). Thus, through the actual 
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evapotranspiration map (Figure 6c), the impact of water stress on sugarcane yield is reinforced. 

Actual evapotranspiration represents the water consumed by the crop according to the 

weather conditions and soil water availability. Higher actual evapotranspiration values 

accumulated throughout the sugarcane cycle indicate that the crop suffered less stress, once 

considering that the maximum crop evapotranspiration was the same for the entire region. 

These results emphasize the connection between soil condition and profile, water balance and 

the crop, which in summary is expressed by the yield. The highest actual evapotranspiration 

values were observed over the east portion of the studied area, where the deeper soils 

predominate (Figure 6c). 

 

 

Figure 7. Boxplot considering the soil classes with the maps of DSSAT/CANEGRO output files, (a) Sugarcane yield 
by soil classes; (b) total evapotranspiration. 

 
Comparing the sugarcane yield estimated for each soil class present in the studied 

area (Figure 7), interesting relationships were observed. Nitisols allowed to have higher 

attainable yields and with smaller interannual variability than for the other soils (Figure 7a). 

Nitisols are fairly deep, clayey and present good drainage, which are characteristics that favor 

sugarcane growth and development even under short to medium periods without rainfall. 

Nevertheless, considering the group comparison test, no differences of sugarcane yields were 

observed between Nitisols and Ferralsols (Figure 7a). These soil classes reached the highest 

yields. Shallow soils, such as Arenosols and Cambisols, were statistically different from the 

other soil classes, presenting the lowest sugarcane yields. Gleysols were the soils with the 



29 
 

greatest yield interannual variability. Regarding the actual evapotranspiration, the simulations 

for the Lixisols and Cambisols resulted in similar values, which in fact did not differ from actual 

evapotranspiration simulated with Arenosols, Gleysols and Nitisols. The simulations with 

Ferralsols resulted in the highest variability for actual evapotranspiration, which was 

statistically different from the values estimated with the other soil classes (Figure 7b). 
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4. DISCUSSION 

4.1. Performance of digital soil mapping 

The attribute maps derived from the digital mapping presented a satisfactory 

performance to explain the variability of the region. Clay was the attribute that obtained the 

best performance using GBT, obtaining results similar to studies previously conducted in the 

same study area (Fongaro et al., 2018; Gallo et al., 2018; Mendes et al., 2019; Rizzo et al., 2020). 

On the other hand, soil chemical attributes (e.g., OM, CEC and pH) had unsatisfactory 

performance (Table 1 from Appendix A). These elements are very dynamic throughout the soil 

profile and undergo changes for agricultural purposes, mainly in the top layer. As the BSMI is a 

composite image considering time-series images, the quality of the mapping is influenced by 

the dynamics of these elements over time (Chen et al., 2008; Miller and Kissel, 2010). Thus, the 

period that occurred the soil sampling differs from the satellite reflectance image and therefore 

is recommended to use a single image (Angelopoulou et al., 2019; Sulaeman et al., 2012).  

Because of that difference, adding terrain variables in digital mapping overcomes the limitation 

of using a BSCI (McBratney et al., 2003). Chemical attributes in depth are less affected by 

agricultural changes and may perform better at DSM. Although the influence of the time-series 

in the modeling, our results were similar to previous studies (Hengl et al., 2017; Mendes et al., 

2019). 

Uncertainty maps reveal that where a higher concentration of the attribute occurs the 

uncertainty tends to be lower (Figure 4). Malone et al. (2011) assessed how the uncertainties 

of soil attributes changed spatiality and along with the soil profile to DSM applications. The 

authors report two main sources of uncertainty, one related to sample density and the second 

to relief. The first is related to the distribution of the soil samples in the database, the samples 

must be able to capture the variations of the attributes at the site and also through the profile. 

The authors report that a larger variation of attributes values leads to higher predictive errors. 

Thus, the higher content of the mapped attribute to the location, the lower the values of 

uncertainty. The decrease in data with depth may reflect an increase of uncertainty in deeper 

layers. Besides the sample density, the relief also impacts the uncertainty in the attribute’s 

prediction. Areas with irregular topography, causing depression lines or places with high slopes, 

such as to the northeast and southwest in our study area (Figure 1), presents increasing values 
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of uncertainty (Stumpf et al., 2017). The variation of attributes in these locations occurs more 

dynamically, which makes the performance of the model difficult. 

According to the results presented in this study, the ML algorithm was fairly capable 

of capturing soil variability. Our results reinforce the potential of DSM to map soil attributes in 

medium to large areas, especially in countries such as Brazil, where soil data is scarce and 

imposes a challenge to soil mapping processes (Nolasco de Carvalho et al., 2015). 

4.2. Simulated sugarcane yield 

The sugarcane model employed in the present study was calibrated and validated by 

Dias and Sentelhas (2017) using Brazilian cultivars, with an error of less than 15 t ha-1 for 

estimated stalk fresh mass. Thus, the model was capable of representing the sugarcane crops 

for the studied area. Therefore, considering all model parameters and inputs as constant, 

except for the soil input data, the yield variation caused by different soil classes was estimated. 

The use of legacy soil map at the 1:1,00.000 scale with several associations resulted in the most 

erroneous and inconsistent source of data (Table 1). On the other hand, SoilGrids proved to be 

a satisfactory source of data, despite the fact that our predicted maps were the most consistent 

to estimate sugarcane yield (Table 1). 

Other studies compared the impact of the spatial resolution of the soil data source in 

yield prediction. Guo et al. (2018) evaluated for the WheatGrow model what factors would 

impact the wheat yield. For this, it was used two soil data sources, a soil map from Germany 

(1:1,00.000 scale) and a soil grid (100 x 100 m). The author used a crop growth model to 

simulate wheat yield at the spatial scale based on partitioned zones and these were divided 

according to their soil properties. Simulation zone partitioning is usually employ to divide an 

area in similar zones with similar characteristics of environment and crop growth. Thus, the 

author reported that the grid soil data obtained a fundamental factor to explain the variability 

of production. Tewes et al. (2020) used the SIMPLACE (Scientific Impact Assessment and 

Modelling Platform for Advanced Crop and Ecosystem Management) model to evaluated the 

contribution of SoilGrid and field data sources in wheat productivity prediction. In a similar 

approach, Wimalasiri et al. (2020) used data from SoilGrid and OpenMap to estimate rice 

productivity in APSIM (Agricultural Production Systems Simulator) model. For both studies 

SoilGrid proved to be the soil data source that most resembled field data, proving to be a 

reliable source. For both studies SoilGrid proved to be the soil data source that most closely 
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resembled field data, proving to be a reliable and open source for use in crop modeling. 

However, the authors observed an inaccurate estimating of particle size distribution, mainly in 

deeper layers, reaching uncertainty above 250% at 100 cm. The SoilGrid could be combined 

with a regional dataset, instead of just using global data in order to improve the accuracy of the 

model and consequently decrease uncertainty (Hengl et al., 2017; Tifafi et al., 2018). In our 

study area, we used a local database, and consequently, we had lower uncertainty in soil data 

than SG (Table 1). However, our model can still be improved, especially in deeper layers (Figure 

4). 

As a consequence of uncertainty in soil attributes, the pedotransfer functions which 

use these inputs were affected, impacting the calculation of water availability (Botula et al. 

2012). Our results indicate the impact of DSM on the water content available in the soil, since 

the error in the modeling presents positive values, indicating an overestimation, which is 

agreement with Ryczek et al. (2017) (Table 1). Moreover, we did not compare different 

pedotransfer equations on soil hydrological properties, thus this choice could also impact on 

yield prediction.  

Furthermore, although the MA reached similar results when compared to field data, 

there are some limitations and opportunities for improvement in DSM, since their uncertainties 

impacted the prediction of sugarcane yield (Figure 6). An aspect that must be faced in DSM is 

to obtain the soil depth, which is controlled by complex interactions between soil properties 

and crop root system characteristics. Therefore, more studies are required for selecting the 

best variables to determine the soil depth (Dharumarajan et al., 2020; Tesfa et al., 2009).  In 

our case, the highest error was obtained when the estimates were compared to the 

experimental data from Battie Laclau and Laclau (2009) (Table 1). In the condition of this 

experiment, these authors observed that sugarcane roots reached a depth of 3 m into the soil 

profile, as also reported by Inman-Bamber and Smith (2005), which resulted in very high yields, 

since little water deficit was observed along the crop cycle. On the other hand, the simulations 

with our approach were conducted for a soil with roots reaching 2 m in the maximum, resulting 

in lower yields than simulated with observed soil data (Table 1).   

4.3. Spatial sugarcane attainable yield 

The approach used in the present study allowed to map sugarcane attainable yield in 

a 250 m resolution. This map makes possible to identify the areas in the region with the highest 
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potential for cane production, as well as to choose the most appropriate strategies for 

improving yields in the area under restrictions (Singels et al. 2010). The results presented here 

show that the main limiting factor for sugarcane in the assessed region is soil water availability, 

which is influenced by soil water holding capacity, as well as by genotype drought tolerance, 

rainfall, and crop evapotranspiration, which is basically controlled by weather conditions (Van 

Ittersum et al., 2013). In this context, soil plays an important role to define attainable sugarcane 

yield, since the soil water holding capacity in function of soil texture and structure (Tomasella 

et al., 2000; Folberth et al., 2016). Another aspect to be considered in the present analysis, is 

that DSSAT/CANEGRO does not consider soil nutrients availability, making only soil physical 

properties influence cane yield (Jones et al.,2016). Considering that, our results were in line 

with what was expected, with a positive relationship between cane yields and clay content 

(Figure 6a). 

Concerning soil classes, each one has a variation of attributes, and consequently of 

sugarcane yield (Figure 7). These results were in agreement with those from Demattê and 

Demattê (2009), which reported that the soil was one of the pillars to assist in sugarcane yield 

zoning. Deeper soils, with clay content varying from medium to clay texture (clay content over 

30%) reached yields greater than 140 t ha-1. Nitisols and Ferralsols soil allowed sugarcane yield 

to reach more than 130 t ha-1 (Figure 7a), highlighting the concordance of results with the PEs. 

On the other hand, Landell et al. (2003) also reported that soils with low water holding capacity 

(Entisols and Cambisols) had cane yields below 70 t ha-1, which was evidenced in the map 

presented here (Figure 6a and 7a). 

The variation within soil classes is also an important aspect to be considered in crop 

modeling since the models require soils attributes in the profile, making only soil class maps 

less useful than detailed soil attributes per soil layer (Varella et al., 2010). Especially to 

sugarcane cultivars management, soil attributes, such as clay and OM, are important to classify 

the areas suitable for genotypes with different drought tolerance (Landell et al., 2003). In 

summary, clayey soils with high OM present a higher yield potential than sandy ones. OM 

affects soil aggregation, impacting soil physical attributes, such as BD and water availability, 

which in turn define yield level (Carvalho et al., 2017). As addressed by Sanches et al. (2019), 

which conducted experiments in sugarcane fields in Brazil, clay, OM, CEC are the main soil 

attributes that most affect sugarcane yield. 



34 

Hence, the attainable yield map (Figure 6a) reinforces what studies report on 

sugarcane production for the Piracicaba region. As indicated by the study conducted by Dias 

and Sentelhas (2018), the main cause of the yield gap in the state of São Paulo sugarcane fields 

is the water stress that normally occurs between April and September. Thus, the potential and 

attainable cane yields have been used for studies related to the potential of irrigation as the 

water deficit yield gap can indicate the suitable areas for higher yields using this technique 

(Pènè et al. 2012). In fact, the regions with the lowest evapotranspiration are those with the 

highest values of stress days. Thus, the results highlight the importance of delimited strategies 

to the sugarcane sector in order to reduce the water stress and consequently achieved 

production. 
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5. CONCLUSIONS  

The present study developed a reliable soil data source through DSM that can be 

successfully used in crop modeling. Among the sources of soil data at different levels the MA 

has proved to be the most reliable for yield estimation by crop simulation models. The 

implications of this result reinforces the holistic vision of DSM, which goes beyond obtaining 

soil information, where it can be applied to crop production (i.e. food and fiber) and enhances 

the applicability of soil data. 

Therefore, the approach presented here, with a yield estimation in a 250 m grid, 

enabled us to investigate how soil-related aspects influence the attainable yield of sugarcane 

and, probably, other crops, being the texture and depth of the soil key attributes for that. 

Finally, the spatial and, also, temporal vision that the proposed approach allows to use that for 

crop planning and decision making, improving the sustainability of sugarcane production. 
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APPENDIX 

 

APPENDIX A. 

Table 1. Performance evaluation for soil attributes prediction using ML algorithm. 

                

Soil attribute1 Depth2 RMSE3 RPIQ4 5R² FS6 nRP7 minSL8 

Clay (g kg-1) 

0-10 88.87 1.62 0.70 30 11 40 

0-20 86.3 1.67 0.69 200 11 50 

20-30  87.1 1.64 0.69 60 11 40 

30-40 88.1 1.67 0.67 100 13 100 

40-50 98.4 1.60 0.64 200 13 30 

50-60 95.2 1.65 0.65 200 13 40 

60-70 90.1 1.70 0.64 100 13 200 

70-80 96.5 1.57 0.63 30 11 20 

80-90 93.2 1.68 0.64 30 13 500 

90-100 95.1 1.65 0.63 30 5 500 

100-150 134 1.05 0.61 60 11 10 

150-200 141 1.06 0.59 60 11 11 
  

 
     

Sand (g kg-1) 

0-10 124 1.55 0.66 100 11 100 

0-20 124 1.54 0.67 200 8 50 

20-30  120 1.51 0.68 100 8 100 

30-40 127 1.46 0.64 200 3 100 

40-50 132.4 1.51 0.63 200 13 20 

50-60 125 1.58 0.65 100 11 50 

60-70 127.6 1.49 0.63 100 3 40 

70-80 121 1.56 0.65 200 13 50 

80-90 127.2 1.53 0.62 30 11 500 

90-100 127.2 1.53 0.62 30 11 500 

100-150 130.2 1.51 0.60 100 20 100 

150-200 255 1.14 0.62 200 8 10 
  

 
     

Silt (g kg-1) 

0-10 76.3 1.07 0.41 60 11 40 

0-20 73.3 1.08 0.41 30 11 100 

20-30  76.3 0.98 0.37 200 11 10 

30-40 70.5 1.07 0.39 60 5 50 

40-50 74.8 1.02 0.33 100 8 20 

50-60 71.9 1.05 0.35 200 5 40 

60-70 72.7 1.00 0.31 60 3 500 

70-80 70.3 1.04 0.33 60 11 30 



50 

80-90 72.8 1.04 0.32 30 11 30 

90-100 75.1 1.02 0.31 60 3 200 

100-150 180.8 0.72 0.26 60 13 10 

150-200 172 0.73 0.29 200 3 20 
  

 
     

OM (g kg-1) 

0-10 6.4 1.40 0.42 60 8 500 

0-20 5.9 1.37 0.41 200 13 40 

20-30  5.7 1.44 0.44 100 8 200 

30-40 4.6 1.40 0.43 200 8 100 

40-50 4.7 1.24 0.39 100 11 30 

50-60 4.3 1.27 0.38 100 5 100 

60-70 4.1 1.21 0.35 30 8 30 

70-80 3.8 1.26 0.39 60 8 200 

80-90 3.9 1.04 0.36 60 11 500 

90-100 4.1 1.03 0.32 200 3 500 

100-150 4.8 1.17 0.34 200 3 10 

150-200 5.1 1.78 0.32 200 11 30 
  

 
     

CEC 
(mmolc kg-1) 

0-10 34.2 0.81 0.17 100 3 30 

0-20 32.3 0.80 0.18 500 13 200 

20-30  31.1 0.74 0.13 50 8 200 

30-40 31.1 0.72 0.14 500 8 60 

40-50 32.1 0.68 0.12 200 13 60 

50-60 32 0.65 0.11 200 8 200 

60-70 33 0.62 0.07 50 3 60 

70-80 40 0.60 0.09 100 5 100 

80-90 37 0.59 0.10 100 13 30 

90-100 35 0.58 0.07 50 3 30 

100-150 90 0.84 0.04 10 13 30 

150-200 140 0.82 0.04 10 11 60 
  

      

pH H2O 

0-10 0.72 1.10 0.18 500 13 60 

0-20 0.67 1.70 0.17 500 13 60 

20-30  0.64 1.10 0.09 500 13 60 

30-40 0.64 1.10 0.04 500 13 60 

40-50 0.69 1.20 0.05 500 13 60 

50-60 0.65 1.30 0.07 500 13 60 

60-70 0.60 1.30 0.08 500 13 60 

70-80 0.57 1.30 0.08 500 13 60 

80-90 0.58 1.40 0.08 500 13 30 

90-100 0.58 1.50 0.08 500 13 30 

100-150 1.40 0.76 0.05 10 5 60 
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150-200 1.50 0.80 0.03 50 13 30 

        
1Soil attributes: organic matter (OM), cation exchange capacity (CEC), soil pH determined in water solution (pH); 

2In centimeters (cm); 3RMSE: root mean squared error; 4RPIQ: ratio of performance to the interquartile range; 5R2: 

coefficient of determination; 6FS: hyperparameter forest size; 7nRP: hyperparameter number of random 

predictors; 8minSL: hyperparameter minimum number of samples at leaves. 
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Figure 1.  Maps of soil attributes at different depths where: clay, sand and silt content (%), organic matter (OM),  pH determined in water solution (pH) and cation exchange 
capacity (CEC) 
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Figure 2. Example of the automatically generated experimental file (1) represents the grid that the simulation is being performed; (2) planting data and (3) harvest data. 




