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GENERAL ABSTRACT 

 

Guaranteeing food security and more efficient agricultural production is an ongoing endeavor. 

Therefore, studies related to the agricultural production basis, which is the soil, are 

fundamental, starting with pedogenetic and morphological analyses, as well as studies on larger 

areas such as watersheds and more detailed scales on agricultural properties, both for soil 

classes and key attributes like carbon and carbon stock. Thus, this work begins in Chapter I, 

studying a Paleosol profile with contrasting redoximorphic features. A Paleosol is a soil that 

retains attributes from when it was formed and has not evolved alongside the current 

environment, making it a potential tracer of climate changes. With the advancement of 

knowledge, different techniques have been used in soil studies, and proximal sensors have 

proven to be powerful tools that, combined with traditional analyses, can assist in pedogenic 

studies by providing robust data. Hence, this study used data from proximal sensors applied to 

the digital soil morphometrics technique, which aims at the detailed characterization of soil 

profiles in a quantitative and spatialized way, with the potential to provide insights into aspects 

related to mineralogy, hydrology, paleo, and current-soil forming processes involved. This 

study demonstrated that the digital morphometrics applied to the Paleosol have the potential to 

aid in the conservation of spring areas due to the position of this soil profile in the landscape. 

In Chapter II, we used fuzzy logic to conduct digital soil mapping on four watersheds of Pontal 

do Paranapanema-SP. The goal was to create more refined maps of these watersheds and 

evaluate the impact of a detailed scale on ecosystem services related to sediment dynamics and 

aquifer recharge. This analysis allowed us to assess how agricultural management and 

environmental planning could be improved to minimize erosive processes and siltation of water 

resources and to help preserve aquifer recharge areas. Additionally, we explored how increasing 

the level of detail in soil maps and ecosystem services can contribute to improving public 

policies applied to environmental conservation. In Chapter III, we conducted a study to predict 

and map carbon and carbon stock at a detailed scale at the property level. Proximal and remote 

sensor data, along with variables related to soil formation factors and the variability of its 

attributes, were tested for this purpose. The Random Forest algorithm was used for modeling. 

The study found that carbon stock is challenging to predict as it varies even within the same 

soil class, use, and parent material, which suggests that more attributes influence its distribution 

in the area. These findings encourage further studies to evaluate the prediction and mapping of 

carbon stock using other variables for different types of environments. 



 
 

 

Keywords: Digital morphometrics; Paleosols; digital soil mapping; ecosystem services; 

sustainable management; carbon and carbon stocks prediction. 

  



 
 

RESUMO GERAL 

 

Garantir a segurança alimentar e uma produção agrícola mais eficiente é um esforço contínuo. 

Portanto, estudos relacionados à base da produção agrícola, que é o solo, são fundamentais, 

começando com análises pedogenéticas e morfológicas, bem como estudos em áreas maiores, 

como bacias hidrográficas, e em escalas mais detalhadas em propriedades agrícolas, tanto para 

classes de solo quanto para atributos chave como carbono e estoque de carbono. Assim, este 

trabalho inicia no Capítulo I, estudando um perfil de Paleossolo com características 

redoximórficas contrastantes. Um Paleossolo é um solo que retém atributos de quando foi 

formado e não evoluiu juntamente com o ambiente atual, sendo um potencial traçador de 

mudanças climáticas. Com o avanço do conhecimento, diferentes técnicas têm sido utilizadas 

nos estudos de solos, e os sensores próximos têm se mostrado ferramentas poderosas que, 

combinados com análises tradicionais, podem auxiliar nos estudos pedogênicos fornecendo 

dados robustos. Portanto, este estudo utilizou dados de sensores próximos aplicados à técnica 

de morfometria digital de solos, que visa a caracterização detalhada de perfis de solos de forma 

quantitativa e espacializada, com potencial para fornecer insights sobre aspectos relacionados 

à mineralogia, hidrologia e processos pedogenéticos passados e atuais. Este estudo demonstrou 

que a morfometria digital aplicada ao Paleossolo tem potencial para auxiliar na conservação de 

áreas de nascentes devido à posição deste perfil de solo na paisagem. No Capítulo II, utilizamos 

lógica fuzzy para realizar o mapeamento digital de solos em quatro bacias hidrográficas do 

Pontal do Paranapanema-SP. O objetivo foi criar mapas de solo mais refinados dessas bacias e 

avaliar o impacto de uma escala detalhada nos serviços ecossistêmicos relacionados à dinâmica 

de sedimentos e recarga de aquíferos. Esta análise permitiu avaliar como o manejo agrícola e o 

planejamento ambiental podem ser aprimorados para minimizar processos erosivos e o 

assoreamento dos recursos hídricos, além de ajudar na preservação de áreas de recarga de 

aquíferos. Adicionalmente, exploramos como o aumento do nível de detalhe nos mapas de solos 

e serviços ecossistêmicos pode contribuir para melhorar as políticas públicas aplicadas à 

conservação ambiental. No Capítulo III, realizamos um estudo para prever e mapear carbono e 

estoque de carbono em escala detalhada a nível de propriedade. Dados de sensores próximos e 

remotos, junto com variáveis relacionadas aos fatores de formação do solo e à variabilidade de 

seus atributos, foram testados para este fim. O algoritmo Random Forest foi utilizado para 

modelagem. O estudo descobriu que o estoque de carbono é difícil de prever, pois varia mesmo 

dentro da mesma classe de solo, uso e material de origem, o que sugere que mais atributos 



 
 

influenciam sua distribuição na área. Esses achados incentivam a realização de mais estudos 

para avaliar a predição e o mapeamento de estoque de carbono utilizando outras variáveis para 

diferentes tipos de ambientes. 

 

Palavras-chave: Morfometria digital; Paleossolos; mapeamento digital de solos; serviços 

ecossistêmicos; manejo sustentável; predição de carbono e estoque de carbono.  

  



 
 

IMPACT INDICATORS 

 

This dissertation contributes to aspects related to environmental preservation, detection, and 

mitigation of climate change, as well as addressing the mapping of ecosystem services to guide 

more conservation-oriented soil management practices and priority areas for reforestation and 

preservation. The topics studied may also impact the maintenance of food security and 

availability of potable water. Economic and environmentally low-impact methods, such as near 

and remote sensors, were employed to reduce the need for traditional sampling methods. The 

modeling used in the final chapter is one way to make analyses more representative and bridges 

traditional methods with sensor data. In Chapter I, relationships between the study of a Paleosol 

and climate change were explored, focusing on spring conservation using near sensors and 

digital morphometry for detailed spatial analysis of soil profiles. The studied environment 

showed a transition from a historically inundated past to more aerated and drier conditions 

presently, indicating water level variations over time, likely due to erosive processes. 

Conservation/restoration of vegetation near watercourses is recommended to prevent erosive 

processes elsewhere that have dissected the landscape. Chapter II discussed how ecosystem 

services are influenced by soil mapping at different scales. Using more detailed maps produced 

with fuzzy logic and additional sampling, it was possible to identify areas where agricultural 

management and environmental planning can be improved to reduce erosion, sedimentation, 

and preserve aquifer recharge areas. The analysis underscored the importance of data scale and 

accuracy for environmental management decisions. Chapter III conducted a detailed study to 

predict and map carbon ecosystem services and carbon stocks at the property level. Increasing 

soil carbon stocks is crucial for mitigating climate change and promoting more sustainable 

agriculture, reducing reliance on fertilizers and pesticides while ensuring food security. Using 

near and remote sensor data alongside soil formation factors, the study employed the Random 

Forest algorithm for modeling. Predicting carbon stocks proved complex, highlighting the need 

to consider a variety of attributes influencing local distribution. In summary, this research not 

only advances scientific understanding of the interaction between soils, climate change, and 

ecosystem services but also provides practical insights for conservation policies and sustainable 

management. Further investigations are recommended to expand prediction and mapping of 

carbon stocks across different environments, utilizing a broader range of variables and 

algorithms. 

  



 
 

INDICADORES DE IMPACTO 

 

Esta tese contribui em aspectos relacionados a preservação ambiental, detecção e mitigação das 

mudanças climáticas, além de abordar o mapeamento de serviços ecossistêmicos para orientar 

práticas mais conservacionistas de manejo do solo e áreas prioritárias para reflorestamento e 

preservação. Os temas estudados ainda podem ter impacto na manutenção da segurança 

alimentar e disponibilidade de água potável. Métodos econômicos e de baixo impacto 

ambiental, como sensores próximos e remotos, foram empregados para reduzir a necessidade 

de amostragens tradicionais, a modelagem utilizada no último capítulo trata-se de uma das 

formas de tornar as análises mais representativas e faz um link entre métodos tradicionais e 

dados de sensores. No Capítulo I, foram exploradas as relações entre o estudo de um Paleossolo 

e as mudanças climáticas, abordando a conservação de nascentes usando sensores próximos e 

morfometria digital para análise detalhada e espacial do perfil do solo. O ambiente estudado 

mostrou uma transição de um passado onde era inundado para condições mais aeradas e secas 

no presente, indicando variações no nível da água ao longo do tempo, provavelmente devido a 

processos erosivos. A conservação/restauração da vegetação próxima a cursos d’água é 

recomendada para evitar em outras áreas os mesmos processos erosivos que dissecaram a 

paisagem. O Capítulo II discutiu como os serviços ecossistêmicos são influenciados pelo 

mapeamento de solos em diferentes escalas. Utilizando mapas mais detalhados produzidos com 

lógica fuzzy e amostragens adicionais, foi possível indicar áreas onde se pode melhorar o 

manejo agrícola e o planejamento ambiental para reduzir erosão e assoreamento, além de 

preservar áreas de recarga de aquíferos. A análise destacou a importância da escala e acurácia 

dos dados para decisões de gestão ambiental. No Capítulo III, foi realizado um estudo detalhado 

para prever e mapear os serviços ecossistêmicos de carbono e estoque de carbono a nível de 

propriedade. Aumentar o estoque de carbono no solo é crucial para mitigar mudanças climáticas 

e promover uma agricultura mais sustentável, possibilitando o uso de menos fertilizantes e 

defensivos e garantindo a segurança alimentar. Utilizando dados de sensores próximos e 

remotos, juntamente com variáveis relacionadas aos fatores de formação do solo, o estudo 

empregou o algoritmo Random Forest para modelagem. A predição do estoque de carbono se 

mostrou complexa, destacando que é necessario considerar uma variedade de atributos que 

influenciam sua distribuição local. Em resumo, esta pesquisa não apenas avança o 

conhecimento científico sobre a interação entre solos, mudanças climáticas e serviços 

ecossistêmicos, mas também oferece insights práticos para políticas de conservação e manejo 



 
 

sustentável. Recomenda-se investigações adicionais para ampliar a predição e mapeamento do 

estoque de carbono em diferentes ambientes, utilizando uma gama mais ampla de variáveis e 

algorítmos. 
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PART I: Introduction and Theoretical Reference 
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1 General Introduction  
 

Guaranteeing food security and more efficient agricultural production is an ongoing 

endeavor and relates directly to issues caused by climate change, which continues to preoccupy 

society and experts in the field (Lee et al., 2024; Liu et al., 2023; Shi et al., 2023; Paranavithana 

et al., 2023). Therefore, studies related to the agricultural production basis are fundamental. 

Then, the purpose of this dissertation is to characterized the soil from profile to landscape using 

proximal and remote sensors, relating soil data to climate change and ecosystem services such 

as erosion control, fresh water and carbon stock. Furthermore, it addresses the efficiency of 

machine learning algorithms for modeling in aiding more cost-effective evaluations and 

mapping of soils and their attributes. 

Chapter I presents a study of a Paleosol profile through digital morphometrics. Paleosols 

are soils that have conserved features that were anciently developed during their formation. In 

Brazil, the records of Paleosols are rare (Stevanato et al., 2021). Such soils are more commonly 

found in places that have undergone more recent glaciation, active volcanism or tectonism, 

climate change, high fluctuations of the sea level, and ancient alluvial or lacustrine deposition 

(Ladeira, 2010; Wright, 1992), among others.  

The study aims to detail the characterization of properties related to the contrasting 

pedogenesis processes of a Paleosol profile, containing hydromorphic features at the lower part 

of the profile, contrasting with overlying well-drained soil horizons, derived from sandstone 

with pelitic sediments intermixed, in Southeastern Brazil, through a combination of 

morphological, physical, chemical, mineralogical, and proximal sensors (pXRF - portable X-

ray fluorescence, and MS - magnetic susceptibility) analyses.  

The novelty of this study encompasses linking the findings of this Paleosol to the 

evolution of the landscape and to the estimation of climate change impacts. In addition this is 

rarely found in tropical regions, mainly considering their contrasting redoximorphic features, 

comprising the first Paleosol investigation via digital morphometrics under such conditions. 

Chapter II highlights the importance of larger scales of soil maps for correctly 

addressing the ecosystem services and policy formulations because the soil is a critical 

component for maintaining the many ecosystem services, including services concerning fresh 

water, regulating erosion control, and water purification (Rodrigues et al., 2021). The main 

constrain for countries under development consists of the generalized scarcity of soil 

information at a local or detailed scale, a reality for the Brazilian territory (Coelho et al., 2021) 
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that likely contributes to sustaining the existent knowledge gap concerning soil ecosystem 

services under tropical conditions (Rodrigues et al., 2021).  

One promising alternative consists of digital soil mapping (McBratney et al., 2003), 

whose framework has benefited from the power of computers to deal with large databases to 

produce new soil information. Policymakers should take precautions regarding the scale or 

resolution of soil information that will be the basis for interpretation and decision-making.  

The study hypothesizes that identifying and assessing ecosystem services will be 

influenced by a scale increase of the current soil map. For this propose it was used the digital 

soil mapping technique, what will increase the available information and provide a more 

accurate basis for decision-making regarding farm and environmental conservation. Extensive 

considerations concerning the accuracy of maps and the effectiveness of the information gained 

was discussed. Further, knowledge and physical-based models were applied to assess direct 

water recharge and sediment dynamics (soil loss and sediment retention), respectively. We 

addressed the propagation of soil information gain by comparing the results obtained from the 

current less detailed soil information. 

Chapter III addressed the importance of the ecosystem services carbon stock (CS) and 

soil organic cabon (SOC) in agricultural and preservation areas and how different land uses, 

soil classes, and parent material can be responsible for their variability in these areas. Besides, 

proximal and remote sensors data was evaluated on SOC and CS prediction and mapping, once 

high costs are associated to their detailed mapping. Alternatives are needed to obtain their 

content accurately and cost-effectively. The increase in SOC presents several benefits to 

productive systems by increasing productivity, besides mitigating the emission of gases such 

as CO2 and methane (CH4) into the atmosphere (Canellas et al., 2000; Paranavithana et al., 

2023). However, most of the studies conducted for their quantification and mapping though 

modeling as an alternative to reduce costs are from temperate regions, where soil and climatic 

conditions act differently from those of the tropical regions (Nuralykyzy et al., 2023; Shi et al., 

2023; Li et al., 2018; Taghizadeh-Mehrjardi et al., 2020; Poeplau et al., 2016). Thus, factors 

influencing SOC dynamics may have different importance in tropical regions. Studies of this 

nature in tropical soils at the property level (high detail) are scarce (Mantovani et al., 2024).  

Then, the study evaluated different parameters for modeling (22 combinations of 

environmental and remote and proximal sensing variables) and mapping SOC content and CS 

in detail using the Random Forest algorithm and a distance-based method (multilevel-b-spline), 

determining which variables best explain their spatial variability and characterizing their spatial 
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distribution on the study area with a diversity of land uses, soil classes, and parent material, 

within the Atlantic Forest biome. Thus, the hypotheses are that high sample density associated 

with high-resolution proximal and remote sensing data, as well as data on parent materials, soil 

classes, and land use, can provide accurate SOC and CS prediction and that variables related to 

parent material soil and land use will be necessary for understanding the detailed spatial 

variability of SOC and CS.  

 

2 Theoretical Reference 

 

2.1 Digital morphometrics 

To perform a quantitative characterization of the spatialized attributes along the soil 

profile, Hartemink and Minasny (2014) proposed digital soil morphometrics. The sensors and 

equipment that have been used for this propose are the portable X-ray fluorescence 

spectrometer (pXRF), magnetic susceptibilimeter (MS), visible and near-infrared spectrometer 

(Vis-NIR), the Nix-PROTM color sensor, in addition to radiometers, electrical resistivity-meter, 

X-ray diffractometer, among others (Grauer-Gray; Hartemink, 2018; Silva et al., 2018; Mancini 

et al., 2021). 

This approach could quantify variations among and within horizons of textural 

fractions, colors, mineralogy, and elemental contents spatialized into the soil profile, which can 

improve pedological studies. Aiding in the visualization of the soil formation process into the 

soil profile and finding differentiations even in morphologically homogenous profiles (Sun et 

al., 2020; Mancini et al., 2021; Bócoli et al., 2024). 

 

2.2 Proximal sensors and equipment 

2.2.1 Spectroscopy of X-ray fluorescence (pXRF) 

Technological advances are achieving all areas of knowledge, which could not be 

different from agriculture. In tropical regions, there is a growing necessity for more field 

sampling to guide agricultural operations such as fertilizing, liming, and plastering. 

Furthermore, the economy of resources for food production, environmental conservation, and 

faster analysis made room for using types of equipment such as the pXRF (Ribeiro et al., 2017; 

Silva et al., 2020a).  

On the other hand, wet or chemical analyses carried out in laboratories, although still 

necessary, are time-consuming, expensive, and generate waste that needs to be treated to be 
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disposed of without polluting the environment, in addition to the risks of these reagents to 

human health (Silva et al., 2020a). Furthermore, the pXRF has the potential to reduce the 

amount of wet analysis through modeling (Teixeira et al., 2018; Lima et al., 2019; Andrade et 

al., 2020a; 2020b; 2021) and also increase the representativeness of the producer database 

(Duda et al., 2017), and also the possibility of zoning their rural property and reducing 

fertilization through precision agriculture. 

However, the use of this proximal sensor is not limited to this end. The pXRF can 

delimit areas with excess salinity (Swanhart et al., 2014), to aid in soil mapping (Silva et al., 

2016; Mancini et al., 2019) or in studies of genesis and soil classification (Stockmann et al., 

2016; Silva et al. 2019a; b; Benedet et al., 2020a; Bócoli et al., 2021), in the digital 

morphometrics (Silva et al., 2018; Grauer-Gray, Hartemink, 2018; Sun et al., 2020; Mancini et 

al., 2021; Bócoli et al., 2024), in the prediction of physical attributes (Zhu et al., 2011; Silva et 

al., 2020b; Benedet et al., 2020b), and biological attributes (Teixeira et al., 2021), or 

substituting the sulfur attack analysis (Silva et al., 2020a), besides the soil classification by its 

vegetal covering (Chakraborty et al., 2019). 

The pXRF, when reading the sample, emits X-rays that excite electrons. What makes 

electrons dislodged from the innermost orbital be ejected when at the same time that another 

outermost electron occupies this vacancy, which emits a fluorescence specific to each element. 

The number of times this process repeats permits quantifying the amount of that element on the 

sample (Stockmann et al., 2016). The sensor can quantify about 45 chemical elements from the 

periodic table, from Mg to U (Weindorf et al., 2014). However, the elements quantified by the 

equipment vary due to its detection limit and the sample elemental constitution. 

 

2.2.2 Magnetic susceptibility (MS) 

This technique was first used in archaeological and lithological studies. After a certain 

period, it began to be used in studies of the characterization and genesis of soils (Dearing, 1999). 

This sensor was used in precision agriculture and aided in identifying the presence of 

ferrimagnetic materials, such as maghemite and magnetite (Rossi et al., 2018). Since materials 

containing Fe oxides are essential to be characterized mainly in tropical regions because they 

are correlated to P adsorption, more weathered soils have more Fe oxides and higher clay 

contents, so knowing the magnetism of this soil can help in the management of fertilization, for 

example. In pedology, Fe oxides have correlations with soil types and weathering (Mendes et 

al., 2022). 
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With the MS, it is possible to quantify the magnetism of minerals in the soil. The soil 

magnetism emitted from soils developed from low-magnetic sediments depends on the 

composition, concentration, and size of granules of neoformed minerals (Mathé et al., 2006). 

Soils derived from mafic rocks have a more intense magnetization than those derived from 

felsic ones or those with high silicate contents (Miranda, 2019). The Fe oxides, such as hematite 

and goethite, are widely distributed in highly weathered soils. They are classified as 

antiferromagnetic due to magnetic moments with low values of quantified magnetism (Butler, 

1992; Dearing, 1999). 

The MS can be used to verify the soil support capacity of vinasse application (Peluco et 

al., 2013), detailed soil mapping (Siqueira et al., 2015), soil magnetic susceptibility mapping 

(Zhou et al., 2022), environmental tracer identifying erosion, causes of soil desertification 

(Lima et al., 2020; Liu et al., 2019; Cao et al., 2021) and pollutants (Grison et al., 2021). In 

addition, the characterization of soil drainage (Shirzaditabar; Heck, 2021), estimation of clay 

content (Filla et al., 2021), and characterization of the soil profile regarding the relationships 

between depth and its magnetism (Zawadzki et al., 2015). This sensor can also deliver 

inferences about mineralogy, geomorphology, chemistry, pedon morphology (Mello et al., 

2020), and digital morphometrics (Bócoli et al., 2024). 

 

2.2.3 X-ray diffractometry (XRD) 

X-ray diffractometry interacts with the crystalline structure of the minerals that compose 

the soil through the diffracted photons. This technique is used to obtain soil mineralogy. The 

crystalline structure is specific to each mineral, with a periodicity of repetition of the packing 

of atoms in a given space. The different angles of the crystal structure formed by the bonding 

of these atoms cause these photons to produce wave peaks at characteristic wavelengths 

(Andrade et al., 2009; Inda Junior et al., 2017). This scattering of photons in XRD follows 

Bragg's law, represented by the formula below. 

 

n λ = 2 d senƟ 

On which:  

 n: diffraction order;  

 λ: wave-length;  

 d: distance between planes of atoms;  

 Ɵ: angle measured between the incident beam and certain planes of the crystal. 
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XRD is used in several areas,including soil science and pedological studies of genesis. 

In recent years, it has been combined with other sensors, making studies more robust, as in the 

case of studies such as Santos et al. (2010), Silva et al. (2018, 2019b), Mancini et al. (2021), 

and Silva et al. (2024). 

 

2.3 Ecosystem services 

Ecosystem services can be defined as all the benefits we receive from nature, divided 

into provisioning services (e.g., food and water), regulating services (e.g., erosion control), 

cultural services (e.g., recreational benefits), and supporting services (e.g., nutrient cycling) 

(IPBES, 2024).  

Soil is crucial in maintaining the many ecosystem services within the Critical Zone, 

including services concerning fresh water, regulating erosion control, and water purification 

(Rodrigues et al., 2021). Thus, the nexus of direct aquifer recharge and sediment dynamic has 

the soil as a fundamental basis for interpretations. Robinson et al. (2012), further corroborated 

by Jónsson and Davíðsdóttir (2016), emphasized the growing need to incorporate the role of 

soils into ecosystem services. Pedology has been fundamental for enabling a foundation for the 

processes associated with generating runoff and groundwater recharge (Mello; Curi, 2012), and 

a soil map is an essential tool for assessing soil spatial variability across landscapes and in-

depth, whose temporal variation is negligible (very stable over human life scale). The scale of 

the information is very important to accurately address the environmental issues, adequate land 

use, and promote conservation policies, which led us to need more detailed soil mapping, which 

can be done through digital soil mapping techniques.  

 

2.4 Digital soil and attributes mapping 

There are many approaches to creating the digital mapping of soil and its attributes, such 

as the generalized linear models, regressions, fuzzy logic, decision trees, Random Forest, neural 

networks, geostatistical, Scorpan-SSPFe model (spatial prediction function of soils with 

spatially autocorrelated errors) among others (Coelho et al., 2021; McBratney et al., 2003). 

Nevertheless, firstly, it is necessary to have previous knowledge of the area and its relationship 

between soil and landscape, besides knowing the soil formation factors (Jenny, 1941), which 

govern the soil differentiation in the region. From this previous knowledge, we determine the 

best methodology to follow. 
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The linear models, for example, suggest direct relationships between the variables, such 

as the soil formation factors: mineralogy and annual rainfall (Simonett, 1960), soil organic 

matter (SOC), pH and N, and the terrain slope (Anderson; Furley, 1975), the clay formation in 

function to the time of soil formation (Hay, 1960), among others. Another example would be 

the prediction of soil attributes (e.g., SOC, macronutrients, and pH) with the use of 

environmental variables (e.g., topography, climate, vegetation) or proximal sensors (e.g., 

portable X-ray fluorescence, pXRF; magnetic susceptibilimeter, MS) through linear regressions 

(Silva et al., 2017; Teixeira et al., 2018; Gomes et al., 2019). Nevertheless, generally, it is not 

possible to find direct relationships between factors, which requires more complex modeling 

(Phillips, 2016). 

The prediction of soil classes through terrain attributes (Menezes et al., 2013; Silva et 

al., 2016) can occur, for example, through fuzzy logic, a non-linear relation on which the 

classification is diffuse, comprehending a range of values, and not just discrete values. Zadeh 

(1965) describes fuzzy logic as adequate to evaluate an object characterized by continuous 

values between 0 and 1, as an extension of the already known functions of union, intersection, 

and convexity, among other metrics for  determining the relation between objects. Thus, this 

approach represents an adequate tool to delimit soil classes once they are continuous into the 

landscape. In this study, we will use fuzzy logic. 

When more complex modeling is required, the decision trees, for example, can separate 

the data by groups of similarity, starting from a node that is the information that guides all the 

others, that branches in branches, and leaves that are the final groupings (Breiman et al., 2017). 

Schuler et al. (2010) used a hybrid model to realize digital soil mapping by combining the 

SOTER (FAO, 1995), the SoLIM (Soil Land Inference Model) (Zhu et al., 2001), and the 

algorithm of Classification and Regression Trees (CART), noting that it is a promising tool for 

the reduction of time and cost with the soil mapping. Pelegrino et al. (2016) used the algorithm 

CART for mapping, and after expanding the digital soil mapping of a watershed for surrounding 

areas with similar characteristics, obtaining good results since the algorithm aided in the choice 

of the best methodology for the soil delimitation.  

Random forest, in turn, is a supervised training algorithm that builds and chooses 

randomly multiple decision trees to control the variance of the data. This algorithm can both 

perform regressions and classify the data. (Ho, 1995). This algorithm has presented more robust 

results for the digital mapping of soil and attributes than the decision trees and other algorithms 
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(Siewert, 2018; Silva et al., 2019; 2021; Mendes et al., 2022). Nevertheless, it has limitations 

with categorical variables. 

Conversely, the neural network verifies all the possible relationships among the 

variables. It is an algorithm that uses artificial intelligence to simulate what occurs in the brain 

and its connections within and among neurons. Some examples of neural networks are Artificial 

Neural Networks (ANN), Convolutional Neural Networks (CNN), and Deep Learning Neural 

Networks (DNN). Padarian et al. (2019), utilizing the model CNN, managed to reduce the error 

of C maps by 30%, compared to conventional techniques that considered only punctual 

information of the digital elevation model (DEM). The CNN uses hyper and multispectral 

images to classify the variables (Lecun et al., 1990; Krizhevsky et al., 2012) as the type of soil 

cover or a spatialized distribution of some soil attribute. The performance of these algorithms 

is variable, but in many studies, the ANN had lower performance than algorithms such as RF 

or DNN (Siewert, 2018; Taghizadeh-Mehrjardi et al., 2020). Meantime, studies such as 

Eitelwein et al. (2022) verified the superiority of ANN compared with the Partial Least Squares 

Regression (PLS). Taghizadeh-Mehrjardi et al. (2020) observed that the algorithm DNN was 

more robust than all other tests, including the RF, to improve the spatial prediction of the SOC 

in contrasting climates of Iran. Deep learning can interpret the data provided by recognizing the 

patterns in the processing steps and then realizing the training for the analysis and classification 

of the data, reaching high accuracy in predictions as in the previous example. 

However, the use only of machine learning (ML), which encompasses the use of 

artificial intelligence (AI) in these algorithms mentioned above and others, generally is not 

enough for an accurate prediction of the soils and their attributes, which turns the pedologist's 

knowledge irreplaceable (Menezes et al., 2013). Thus, the legacy data is essential to incorporate 

this knowledge into the modeling and other tools used to produce or improve the digital 

mapping of soil and its attributes. 

Table 1. Examples of models that can be using for predicting soil classes and their attributes. 

Models Characteristics Data type Examples 

Linear models Direct relationships 

between the variables 

Categorical and discrete 

variables 

Clay formation in 

function to the time of 

soil formation (Hay, 

1960) 

Fuzzy logic Diffuse classification, 

i.e., comprehending a 

range of values 

Continuous values Delimit soil classes once 

they are continuous into 

the landscape (Silva et 

al., 2016) 

Decision trees Separates the data by 

groups of similarity 

Categorical and discrete 

variables 

Soil mapping, and 

expanding the digital 

soil mapping for 
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surrounding areas with 

similar characteristics 

(Pelegrino et al., 2016) 

Random Forest A supervised training 

algorithm that builds 

and randomly chooses 

multiple decision trees 

to control data variance 

needs a robust dataset 

Discrete variables, 

limitations with 

categorical 

Robust results for digital 

mapping of soil and 

attributes (Siewert, 

2018; Silva et al., 2019; 

Silva et al., 2021; 

Mendes et al., 2022; 

Silva et al., 2024) 

Neural Networks 

(e.g., Artificial Neural 

Networks (ANN), 

Convolutional Neural 

Networks (CNN), Deep 

Learning Neural 

Networks (DNN)) 

Verifies all the possible 

relationships among the 

variables simulate what 

occurs in the brain and 

its connections within 

and among neurons, 

automatized model 

Categorical and discrete 

variables 

Spatial prediction of the 

SOC using the DNN 

(Taghizadeh-Mehrjardi 

et al., 2020) 

 

In Brazil, like many countries in development, due to the scarcity of economic and 

human resources and the long time necessary to produce soil mapping using the traditional 

approach, the soil maps are low detailed, except in some restricted areas (SCHULER et al., 

2010; MENEZES et al., 2013; PELEGRINO et al., 2016). Thence, legacy data, i.e., preexistent 

data of the area, has been utilized to improve the soil maps at a low cost (PELEGRINO et al., 

2016). These data are fundamental to science, and once they consider the knowledge of 

experienced pedologists, the quality of the generated soil maps will increase.  
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ABSTRACT 

Although soil formation results from the interactions of five classical factors and various 

pedogenic processes, such interactions can drastically change over time, which may be 

recorded in the so-called Paleosols. These soils may be formed under contrasting 

environmental conditions. Given the study of Paleosols be rare in Brazil, this pilot study 

aimed to detail the morphological, physical, chemical (including elemental content and 

magnetic susceptibility (MS)), and mineralogical properties of a Paleosol with contrasting 

paleo- and current-drainage conditions, derived from sandstone having pellitic (fine) 

sediments intermixed, with support via digital morphometrics. Samples were collected in 

a regular grid of 15x15 cm along the soil profile down to 1.8 m depth. The soil samples 

were analyzed via portable X-ray fluorescence (pXRF) spectrometry and for assessment 

of magnetic susceptibility (MS), texture, fertility, and organic matter content. The 

mineralogy of the clay, silt, and sand fractions were determined via X-ray diffraction 

analyses. The pXRF and MS results were spatialized to the Paleosol profile. The first 108 

cm of the soil profile are well-drained having reddish colors, contrasting with the 

underlying poorly- drained unity having greyish colors. The MS values were higher in 

the first 108 cm of the soil profile, reaching the lowest values in the 2Cg horizon at 142–

180 cm depth. Quartz was the main mineral in sand and silt fractions, while kaolinite 

largely dominates the clay fraction in association with hematite. In the 2Cg horizon, the 

absence of hematite is related with the paleoredoximorphic conditions there. The Ti/Zr 

ratio indicated differences in parent materials of the reddish and greyish units of the 

Paleosol. The midslope position of the Paleosol makes colluvial deposition unlikely. The 

combined use of pXRF, MS, morphological, physical, chemical, and mineralogical 

analyses provided valuable details on the variation of the contrasting formation processes 

of the Paleosol studied. 
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1 Introduction 

 

Soil systems are complex, resulting from the interactions among the soil forming 

factors (Jenny, 1941) coupled with specific pedogenic processes (Phillips, 2016; Schaetzl 

and Anderson, 2005). Although changes caused by these interactions occur continually 

in time, some soils have conserved features anciently developed during their formation; 

they are the so-called Paleosols. The concept adopted in this paper considers a Paleosol 

as a soil that formed on a landscape in the past, with distinctive morphological properties 

resulting from a soil-forming environment that no longer exists at the site (Soil Science 

Society of America, 2008). Paleosols can help in describing paleoenvironments, 

paleoclimates, evidences of old geomorphological surfaces, paleopedogenic processes, 

and inferences about the paleoarchaeology (Ladeira, 2010).  

In Brazil, the records of Paleosols are rare (Stevanato et al., 2021). Previous 

studies have been conducted in south and southeastern regions (Nascimento et al., 2017; 

Silva et al., 2017). Such soils are more commonly found in places that have undergone 

more recent glaciation, active volcanism or tectonism, climate change, high fluctuations 

of the sea level, and ancient alluvial or lacustrine deposition (Ladeira, 2010; Wright, 

1992), among others.  

Given the increasing variety of new tools to characterize soils, new approaches 

have emerged to investigate a soil profile in more detail, such as the digital soil 

morphometrics. This approach has provided different perspectives on the detailed study 

of soil profiles (Hartemink and Minasny, 2014). Thus, proximal sensors have allowed 

additional insights on soil genesis besides the spatial variation of soil properties within a 
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soil profile (Grauer-Gray and Hartemink, 2018; Mancini et al., 2021; Silva et al., 2018; 

Sun et al., 2020).  

Among the proximal sensors, portable X-ray fluorescence (pXRF) spectrometry 

and magnetic susceptibility (MS) measurements have been capable of refining the 

variability of morphological properties within and in between soil horizons (Bócoli et al., 

2023; Grauer-Gray and Hartemink, 2018; Mancini et al., 2021; Silva et al., 2018; Sun et 

al., 2020). While the former delivers elemental contents present in the samples, the latter 

measures the magnetic susceptibility, which is related to soil mineralogy, especially 

ferrimagnetic minerals, such as magnetite and maghemite (Curi et al., 1984). These 

properties may be related to several other features of soils besides factors and processes 

of formation (Mello et al., 2020).  

Due to intense erosion, mainly associated to humid conditions, the Brazilian 

landscape has substantially changed over time, including interruptions in the geological 

column in some states (Resende et al., 2019). So, some soils are located on current 

landscapes, which are in disagreement with their morphology. In this study, the 

redoximorphic features below the reddish A and B horizons (0–108 cm) are anomalous 

with the midslope position of the soil studied, raising the possibility of this unity (portion 

of the soil profile) may be formed under a more gentle paleorelief, in which the water 

table was high in the soil profile. Subsequent landscape dissection and drainage 

improvement may explain the current overlying reddish unity. The ancient redoximorphic 

processes in the soil profile supports the interpretation of a Paleosol (Soil Science Society 

of America, 2008).  

This pilot study aims to detail the characterization of properties related to the 

contrasting pedogenesis processes of a Paleosol profile, containing hydromorphic 

features at the lower part of the profile, contrasting with overlying well-drained soil 
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horizons, derived from sandstone with pellitic sediments intermixed, in Southeastern 

Brazil, through a combination of morphological, physical, chemical, mineralogical, and 

proximal sensors (pXRF and MS) analyses. The main hypothesis is that the combination 

of such techniques, via digital soil morphometrics, may provide additional details to field 

morphology, highlighting the understanding of the paleo- and current-soil forming 

processes involved. The novelty of this study encompasses the linking of the findings of 

this Paleosol to the evolution of the landscape and to the estimation of climate change 

impacts, besides this soil being rarely found in tropical regions, mainly considering their 

contrasting redoximorphic features, comprising the first Paleosol investigation via digital 

morphometrics under such conditions. 

 

2 Material and methods  

 

2.1 Soil location and sampling 

The selected Paleosol, which was very difficult to access and sample, consists of 

a rare finding in Brazil that deserves this detailed characterization, constituting a pilot 

study. This Paleosol profile is located at the Pontal do Paranapanema region (Fig. 1), 

western São Paulo state, Brazil. It was classified as typic Dystrophic Tb Haplic Cambisol, 

following the Brazilian Soil Classification System (SiBCS) (Santos et al., 2015a; 2018), 

corresponding to Oxic Dystrustept per the US Soil Taxonomy (Soil Survey Staff, 2014), 

Dystric Rhodic Cambisol (Loamic, Ochric) per the World Reference Base (FAO, 2022), 

and Cambosol Ustic per Chinese Soil Taxonomy (CRG-CST, 2001), intermediary to a 

typic eutrophic Tb Haplic Gleysol (per SiBCS), Aeric Endoaquent (per US Soil 

Taxonomy), Eutric Gleysol (Loamic, Ochric) (per WRB), and Gleysol Orthic (per 

Chinese Soil Taxonomy). 
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Fig. 1. Location of the Paleosol studied, sampling points within the profile, and regional 

lithological units from Pontal do Paranapanema region, São Paulo state, Brazil. Dashed 

lines represent the boundaries of the soil horizons delineated in the field. 

 

The Paleosol is situated at the latitude 7,530,747 S and longitude 404,737 W, 

UTM, zone 22 K, datum SIRGAS 2000. It occupies the midslope position on a landscape 

with a gently undulated relief (7% slope). The climate of the region is Aw, framed as a 

tropical, in which the summer is rainy with average temperatures above 22 ◦C, and the 

winter is dry (Alvares et al., 2013). The soil profile was developed primarily from 

sandstone of the Bauru Group, Adamantina Formation, included in the Vale do Rio do 

Peixe lithological unit (Fig. 1). In such sandstones, mixture of pellitic sediments are 

common. These fine layers have much lower permeability than the sandstone. According 

to Stradioto and Chang (2020), this sandstone is mainly composed of quartz and feldspars 

and have micas and augite as the main accessory minerals. The native vegetation is 

represented by the semi-perennial tropical forest (Oliveira-Filho and Fontes, 2000). 
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2.2 Soil sampling and laboratory analyses 

Soil samples were collected to 1.8 m of depth, on a regular grid design of 15x15 

cm, comprising a total of 48 samples. This grid interval was adopted after evaluating the 

morphological features during the field work and based on the range of grid intervals 

found in the literature (Zhang and Hartemink, 2017; Sun et al., 2020, Mancini et al., 

2023). Soil horizons were identified and morphologically described according to the 

Manual for Description and Sampling of Soil in the Field (Santos et al., 2015b). 

Composite samples, obtained after careful mixing of four simple samples 

collected at each depth, were air-dried and gently sieved (2 mm) to obtain the air-dried 

fine earth (ADFE) fraction, and then submitted to the following chemical and physical 

analyses: pH in water, using a Digimed® (São Paulo, Brazil) pH-meter model DM-23-

DC (Donagema et al., 2011), exchangeable contents of Ca2+, Mg2+, and Al3+using a 1 

mol/L KCl extraction solution (Mclean et al., 1958), available contents of K+ and P using 

the Mehlich-1 extraction solution (Mehlich, 1953), H +Al using the SMP extractor 

(Shoemaker et al., 1961); soil organic matter (SOM) following Nelson and Sommers 

(1996), and using the van Bemmelen factor (1.724); remaining P (P- Rem) content, which 

refers to P content not adsorbed by soil organic and mineral particles (Alvarez et al., 2000) 

(all quantifications were performed via inductively coupled plasma optical emission 

spectroscopy, model Spectro Blue, Spectro Analytical Instruments, Germany); and 

particle size analysis by the pipette method (Gee and Bauder, 1986). The sand fraction 

was later separated into: very coarse (2–1 mm), coarse (1–0.5 mm), medium (0.5–0.25 

mm), fine (0.25–0.105 mm), and very fine (<0.105 mm) sand, using dry sieving. Effective 

cation exchange capacity, cation exchange capacity at pH 7, sum of bases, base saturation, 

and Al3+ saturation were calculated based on the previous analyses. 
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2.2.1 Analyses via portable X-ray fluorescence (pXRF) spectrometry and magnetic 

susceptibility (MS) measurements 

Twenty grams of ADFE of each collected sample (48 samples in total) were 

irradiated using a portable X-ray fluorescence (pXRF) spectrometer, Bruker® model 

Tracer 5g, connected to power line, containing a 50 keV and a 100 μA Rh X-ray tube 

using the “Soil” mode. The analyses were performed in triplicate, during 60 s each (Silva 

et al., 2021; Weindorf and Chakraborty, 2016). Then, the mean elemental contents of the 

triplicates per sample were calculated and used in further analyses. The calibration of the 

equipment was performed using a check sample (CS) provided by the manufacturer and 

two samples certified by the National Institute of Standards and Technology (NIST) 

(2710a and 2711a). The recovery values (Koch et al., 2017) (content reported by the 

pXRF/certified content ×100) were (2710a/2711a/CS): Al – 84/73/92; Ca – 39/45/–; Cr - 

–/107/–; Cu – 81/69/91; Fe – 71/65/88; K – 60/46/ 83 (41 mg/kg); Mg (–/65/–); Mn – 

68/60/82; P (214/234/–); Si – 57/ 48/87; Ti – 77/65/–; V – 51/27/–; Zn – 87/82/– (3 

mg/kg); Zr (85/–/–). The dashed lines indicate either no result by pXRF or no certified 

content in the material.  

For magnetic susceptibility (MS) measurements, 10 g of ADFE of each collected 

sample were analyzed in triplicate with a Bartington MS2B susceptibilimeter at low (LF) 

and high (HF) frequencies, according to Dearing (1999). The results are expressed on a 

mass-normalized basis, applying the following equation: 

 

MS(χ)=χLF or χHF result/sample weight                (1) 

 

where: MS =magnetic susceptibility (x 10-7 m3 kg-1); χLF and χHF result = result 

obtained for low and high frequency, respectively; and sample weight (g).  
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The difference of the results obtained at high and low frequencies (FD) was 

calculated per soil particle size fraction as follows:  

 

FD% = [(χLF or χHF) χLF] × 100                        (2) 

 

These calculations contribute to the identification of ferrimagnetic minerals, since 

the reflection of the maghemite peaks in X-ray diffraction (XRD) analysis may coincide 

with the hematite peaks (Poggere et al., 2018).  

 

2.2.2 X-ray diffraction (XRD) analysis  

Samples of coarse sand, fine sand, silt, and clay fractions were gently macerated 

in an agate mortar to obtain homogeneous non-oriented powder 600 mg samples 

(Brindley and Brown, 1980), passed through a 0, 25 mm sieve. After that, they were 

analyzed with a Bruker D2 PHASER diffractometer, in which the irradiation varied from 

4 to 52º 2θ at 0.02º 2θ s-1. This diffractometer is equipped with the LYNXEYETM, a 

practically instantaneous linear model, which uses the DIFFRAC. SUITE™ software to 

obtain the XRD patterns. The results were interpreted with the help of tables prepared by 

Brindley and Brown (1980).  

 

2.3 Spatial evaluation of the soil profile 

The elemental contents determined via pXRF and the MS values were spatialized 

to the soil profile utilizing the multilevel B-spline method (Lee et al., 1997), within the 

software QGIS 3.22 (QGIS Development Team, 2022). This procedure contributes to 

better visualize the variation of such measurements along the soil profile, within and in 

between soil horizons (Hartemink et al., 2020). 
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3 Results and discussions  

 

3.1 Soil morphology, fertility, texture and magnetic susceptibility analyses 

By analyzing the soil profile in the field, it is noteworthy that two opposing 

processes occurred under different time periods. The first 108 cm of the profile is marked 

by oxidation conditions (favoring the formation of hematite that caused the red color of 

soil matrix), while redoximorphic conditions occurred in the 108–180 cm of the profile, 

producing greyish colors in the 2Cg horizon (Table 1). For the formation of hematite, 

oxidation conditions are required in combination with higher availability of Fe(III), 

favored by free drainage (Kämpf et al., 2012).  

The soil underneath presents a 2A horizon (108–142 cm) (Table 1), followed by 

gleyzation features in the deeper portions of the profile. This part of the soil profile was 

probably formed on an ancient, gentler landscape, which was, later on, dissected by water 

erosion (Resende et al., 2021). 

Given the greyish color of the lowest part of the soil profile (142–180 cm) (Table 

1), below the 2A horizon, probably this soil occupied an area more gentle and prone to 

accumulation of water, favored by the pellitic sediments intermixed with the sandstone, 

causing the gleization process (Barbosa et al., 2019). The small red and red-yellow 

mottles observed in this soil horizon support the possibility of perched water table 

oscillation (Kämpf and Curi, 2000). Interestingly, its actual location on the landscape 

(midslope position with 7% slope) does not favor water accumulation, indicating a 

probable change on the landscape from the time this unity was formed to the present day. 

Resende et al. (2019) stated that the landscape in Brazil has changed a lot as a function 

of intense water erosion. This erosion has been so effective that some strata of the 
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geologic column, which are quite common in another parts of world, are absent in a 

substantial portion of Brazil.  

Table 1. Synthetic morphological description of the studied soil profile from Pontal do 

Paranapanema, São Paulo state, Brazil. 

Horizon Depth (cm) Soil Color* (moist) Structure 

A 0-12 2.5YR 3/2 Dusky red Granular 

AB 12-23 2.5YR 3/3 Dark reddish brown Granular 

Bi1 23-65 2.5YR 3/4 Dark reddish brown Granular 

Bi2 65-108 2.5YR 3/6 Dark red Granular 

2Ab 108-142 7.5YR 3/4 Dark brown Subangular 

blocky 

2Cg 142-180 cm+ 10YR 5/2 Grayish brown Massive 

*Soil color by the Munsell Soil Color Chart. 

 

Soil pH varied from 4.8 to 6.0, and the lower values were mainly found in the 

upper part of the soil profile (Table 2). This part has been submitted to weathering-

leaching causing acidification, a common feature of most Brazilian soils (Resende et al., 

2021). Conversely, the unity below presented greater contents of nutrients, highlighting 

the almost twice greater contents of exchangeable Ca2+ and Mg2+, greater cation exchange 

capacity at pH 7, sum of bases, and pH values. Available P content was null in all depths 

evaluated, except for the first one, probably related to nutrient recycling by vegetation, 

although it was very low (0.02 mg dm-3). Low or null contents of exchangeable Al3+were 

found in all soil samples, probably related to its consumption during the formation of 

kaolinite, feldspars, and mica (see Fig. 5). The SOM content decreased from the A to Bi2 

horizon and then sharply increased in the 2A horizon (from 0.35 to 0.89 dag kg-1), 

corroborating the latter designation during the morphological description and sampling. 

This variation of SOM content serves as a registration of the alteration from a paleo-more 

gentle landscape, favoring water and, hence, SOM accumulation (confirmed by greater 
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SOM contents), to a current more undulated landscape that prevents water accumulation, 

decreasing the SOM contents found in the current surface of the profile.  

 

The particle size distribution of the soil profile (Table 3) showed the highest sand 

contents in the deepest sample collected, where the fine sand fraction is predominant (~60 

%). Also, the fine sand and silt contents are very different in various portions of the 

profile, indicating a possible variation of the soil parent material (Resende et al., 2014). 

While medium sand contents were homogenous in depth, the total sand fraction varied 

between the upper portion (from 61 to 79 %) and the lower portion of the soil profile 

(from 78 to 90 %). The clay contents ranged from 8.0 to 20 %; the highest contents 

occurred in the upper portion of the soil profile. More importantly, the clay content in the 

lower portion is considerably lower, reaching half of the lowest content (8 %) found in 

the upper portion of the soil profile (16 %). Silt contents were also divergent in the soil 

profile, varying from 1 % in the lower portion to 21 % in the upper portion. This fraction 

content is highest at the depth of 70 cm (21 %) and the lowest values are found in the 

Table 2. Results of soil fertility analyses of the studied soil profile, from Pontal do Paranapanema, São 

Paulo state, Brazil. 

Depth  pH K+ P Ca2+ Mg2+ Al3+ H+Al SB t T BS Al sat SOM P-Rem 

cm  --mg dm-3-- ----------------------- cmolc dm-3 ---------------------- ----- % ----- dag kg-1 mg L-1 

0-10 5.2 70.03 0.02 0.76 0.35 0.0 1.8 1.29 1.29 3.09 41.73 0.00 0.73 50.8 

10-25 4.8 63.77 0.00 0.65 0.27 0.1 3.6 1.08 1.18 4.68 23.15 8.47 0.43 44.8 

25-40 5.2 61.92 0.00 0.67 0.36 0.1 1.7 1.19 1.29 2.89 41.13 7.75 0.39 42.3 

40-55 5.3 57.04 0.00 0.97 0.28 0.0 1.6 1.40 1.40 3.00 46.54 0.00 0.42 43.1 

55-70 5.5 59.9 0.00 0.79 0.19 0.1 1.6 1.13 1.23 2.73 41.52 8.13 0.53 50.3 

70-85 5.4 57.25 0.00 0.84 0.21 0.0 2.8 1.20 1.20 4.00 29.92 0.00 0.40 49.0 

85-100 5.4 56.59 0.00 0.99 0.23 0.0 1.4 1.37 1.37 2.77 49.28 0.00 0.35 52.4 

100-115 5.2 64.99 0.00 1.84 0.5 0.0 1.9 2.51 2.51 4.41 56.84 0.00 0.89 46.9 

115-130 5.5 63.80 0.00 1.82 0.64 0.0 2.4 2.62 2.62 5.02 52.26 0.00 0.85 50.9 

130-145 5.9 61.28 0.00 1.33 0.52 0.0 1.3 2.01 2.01 3.31 60.64 0.00 0.33 59.9 

145-160 6.0 78.92 0.00 1.32 0.53 0.0 1.3 2.05 2.05 3.35 61.26 0.00 0.32 63.3 

160-175 5.1 60.96 0.00 1.30 0.46 0.0 2.2 1.92 1.92 4.12 46.51 0.00 0.27 44.8 

SB: sum of bases; t: effective cation exchange capacity; T: cation exchange capacity at pH 7; BS: base saturation; Al sat: 

saturation by Al3+; SOM: soil organic matter; and P-Rem: remaining P. 
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lower portion of the soil profile. The silt/clay ratio being equal or higher than 0.7 in the 

Bi1 and Bi2 horizons excludes the classification of this soil as Latosol (Santos et al., 

2015a; Santos et al., 2018), indicating this soil did not suffer a high degree of weathering.  

Table 3. Texture analyses of the studied soil profile, from Pontal do Paranapanema, São Paulo state, Brazil. 

Depth Clay Silt 

Very 

coarse 

sand 

Coarse 

sand 

Medium 

sand 

Fine 

sand 

Very fine 

sand 
Total sand Silt/clay ratio 

cm  --------------------------------------------------%-----------------------------------------------------  

0-10 17 9 0 0 6 51 17 74 0.55 

10-25 19 2 0 1 6 55 17 79 0.12 

25-40 19 17 0 1 6 37 20 65 0.89 

40-55 20 14 0 2 6 37 21 66 0.73 

55-70 18 21 0 0 6 35 20 61 1.20 

70-85 16 13 0 0 6 41 24 71 0.78 

85-100 15 15 0 0 6 40 24 71 1.01 

100-115 16 7 0 0 6 45 26 78 0.43 

115-130 15 5 0 0 6 50 24 81 0.32 

130-145 10 1 0 2 6 58 23 89 0.08 

145-160 8 2 0 1 6 60 23 90 0.21 

160-175 9 1 0 2 6 60 22 90 0.08 

 

The magnetic susceptibility (MS) analysis of A and Bi1 soil horizons indicated 

magnetic minerals in all the particle size fractions, with the greatest contents in the clay 

fraction (Table 4). In the clay fraction, the MS values doubled from the A to the Bi1 

horizon, which may indicate some lateral loss of clay from the A horizon (Table 3) 

(Gonçalves et al., 2019), with possible removal of some maghemite.  

In the coarse sand fraction of the A horizon, the same values for low and high 

frequencies of MS, with consequent null value of FD % (Table 4), indicate the presence 

of only macro-sized multidomain (MD) ferrimagnetic minerals of lithogenic origin in this 

soil fraction (Preetz et al., 2017). In the Bi1 horizon, the FD value of 12.2 % suggests the 

predominance of ultrafine-grained ferrimagnetic minerals formed during pedogenesis 

(super-paramagnetic – SP – minerals) (Preetz et al., 2017).  
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Table 4. Magnetic susceptibility () in low frequency (LF), high frequency (HF) and 

the frequency difference (FD) per granulometric fraction and per the air-dried fine earth 
(ADFE) of the studied profile, from Pontal do Paranapanema, São Paulo state, Brazil. 

 Horizon Coarse sand Fine sand Silt Clay ADFE 

 

LF  

 

(x10-7 m3 kg-1) 

A 8.6 5.2 3.9 52.4 10.1 

Bi1 5.6 1.9 15.3 104.7 20.5 

2Ab 0.0 0.7 16.9 35.0 6.2 

2Cg 0.0 0.7 3.9 4.8 1.3 

 

HF 
  

(x10-7 m3 kg-1) 

A 8.6 4.7 3.6 44.4 9.0 

Bi1 4.9 1.6 14.1 88.6 17.7 

2Ab 0.0 0.7 15.7 30.3 5.6 

2Cg 0.0 0.7 3.9 4.2 1.2 

 

FD  

(LF - HF) 
(x10-7 m3 kg-1) 

A 0.0 0.5 0.3 8.0 1.1 

Bi1 0.7 0.3 1.2 16.0 2.8 

2Ab 0.0 0.0 1.2 4.7 0.6 

2Cg 0.0 0.0 0.0 0.6 0.1 

 

FD  

 

(%) 

A 0.0 9.1 8.6 15.3 10.9 

Bi1 12.2 17.6 8.0 15.3 13.7 

2Ab 0.0 0.0 7.1 13.5 9.7 

2Cg 0.0 0.0 0.0 12.5 8.3 

 

In the silt fraction of the A and Bi1 soil horizons, values of FD of 8.6 and 8.0 %, 

respectively, suggest similar proportions of MD and SP minerals, while in the clay 

fraction, the FD value of 15.3 % indicates substantial predominance of SP minerals. In 

the silt fraction of the 2A horizon, the FD value of 7.1 % suggests equilibrium between 

MD and SP minerals, while in the clay fraction the value of FD of 12.5 % indicates 

predominance of SP minerals. 

In the coarse and fine sand fractions of 2A and 2Cg soil horizons, the MS values 

of 0 and 0.7x10-7 m3 kg-1 indicate absence and only traces of magnetic minerals, 

respectively (Dearing, 1999). The much lower values of MS in the silt and clay fractions 

of the 2Cg soil horizon (Table 4) is in agreement with the paleoredoximorphic conditions 

prevailing there, causing destabilization and removal of magnetite from the silt 

fractionand maghemite from the clay fraction of the Paleosol (Kämpf and Curi, 2000; 

Resende et al., 2011). This process is caused by the reduction of Fe (III) to Fe(II) under 
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reduction conditions (waterlogging preventing appropriate amounts of oxygen in soil 

pores), dismantling Fe(III)- bearing minerals, such as the magnetic ones (magnetite and 

maghemite), besides hematite and goethite (Kämpf and Curi, 2000; Schaetzl and 

Anderson, 2005); thus, it provides the greyish color and the low MS values of the 2Cg 

horizon.  

The spatialization of MS data (Fig. 2) showed variation across the soil profile (the 

data presented in Figs. 2, 3 and 4 to be discussed later, may assist in horizons recognition 

and boundaries definition). The higher MS values were found in the Bi horizon. Probably 

the lower MS values in the A horizon are related to the greater content of SOM, which 

tends to reduce MS. Dearing (1999) classified the SOM as diamagnetic, presenting a weak 

or even negative susceptibility, reducing the final MS value of matrices presenting higher 

SOM contents. Moreover, the lowest MS values were found at 115–175 cm depth, 

indicating that this portion of the soil profile has the lowest contents of magnetic minerals, 

corroborating the hypothesis that it was formed under paleoredoximorfic conditions. As 

such, these conditions tend to destabilize the magnetic minerals, by reducing the Fe(III) 

to Fe(II) forms (Kämpf and Curi, 2000), with consequent removal. Shirzaditabar and 

Heck (2021), studying soils with different drainage conditions, found lower MS values 

for hydromorphic soils and higher values for well-drained soils, similar to the findings 

for the Gleysol and the Cambisol unities of the soil profile studied herein. There is a small 

part of the 2A horizon at its right superior side with contrasting much higher FD % values 

(Fig. 2), which may indicate that this part is more related to the Bi1 horizon situated 

above. It was not observed any indication of such difference during the field 

morphological analysis.  
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Fig. 2. Spatial representation of magnetic susceptibility data in low frequency (LF), high 

frequency (HF), and the frequency difference (FD) of the studied profile from Pontal do 

Paranapanema, São Paulo state, Brazil. 

 

When comparing the MS values of ADFE, the lowest values were found for the 

2Cg horizon, probably related to the instability of the magnetic minerals under 

paleoredoximorphic conditions (Kämpf and Curi, 2000; Resende et al., 2011). The 

increase of low and high frequency values of MS for the A to the Bi1 soil horizons 

reinforces the indication of lateral loss of clay from the A horizon (Gonçalves et al., 

2019), with removal of some magnetite and maghemite. 

 

3.2 Portable X-ray fluorescence (pXRF) and X-ray diffraction (XRD) analyses  

The variation of the elemental contents detected by pXRF in the soil profile (Fig. 

3) shows that some elements have a clear pattern of distribution. For instance, K increased 

downwards, starting from 115 cm of depth, coinciding with the 2A horizon of the soil. 

This increment is not associated with increasing available K content (Table 2), probably 

because K constitutes part of the crystalline structure of feldspars and mica (Fig. 5). The 
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P and Zn had low variations along the soil profile, presenting low contents. The Ca, Mg, 

and Si contents decreased until a certain depth (Ca and Mg between 85–100 cm and Si at 

~ 55 cm) and then increased again. Different from K, Ca and Mg contents increased in 

depth in accordance to the increase of their exchangeable forms. The correlations between 

Ca, Mg, and K from pXRF and their exchangeable/ available contents agree with reports 

from other studies conducted in Brazilian soils (Benedet et al., 2021; Silva et al., 2018; 

Teixeira et al., 2018).  

The Cr, Cu, Fe, Mn, Ti, V, and Zr have higher contents in the upper part of the 

soil profile (A and Bi horizons) and lower contents below that depth (Fig. 4). Gloaguen 

and Passe (2017) studied the natural accumulation of Cr, Cu, Pb, Ni, and Zn in different 

soils derived from Quaternary sediments and in sandy soils derived from Mesozoic rocks, 

at Recôncavo Baiano region, Brazil, and concluded that the pedogenesis and the geology 

explain the concentration of such elements in these soils, similar to the present study.  

The sandstone parent material influences the elemental content of the soil (Moniz 

and Carvalho, 1973), as expected. Heavy metals tend to accumulate mainly in the clay 

fraction of soils (Pikuła and Stepień, 2021). In the present study, greater content of 

elements was found in horizons featuring higher clay content (Fig. 3 and Table 3). The 

Fe content, for instance, revealed a drastic reduction from 145 cm depth downwards, 

corresponding to the portion of the soil where paleogleization processes prevailed (2Cg 

horizon), promoting the solubilization of Fe(II) forms and consequent removal by 

leaching. 
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Fig. 3. Mean elemental contents of the studied soil profile, obtained with pXRF, from 

Pontal do Paranapanema, São Paulo state, Brazil. Dashed lines indicate horizon 

boundaries, established during morphological description. 

 

The Ti/Zr ratio showed values of 21.45, 21.00, 39.74, and 34.00, respectively, for 

the A, Bi1, 2A, and 2Cg horizons, clearly indicating different parent materials for the 

Cambisol and Gleysol unities, since both elements are known as very stable and immobile 

in soil enviroments (Gozükara et al., 2021; McNulty et al., 2018; Schaetzl and Anderson, 

2005; Stockmann et al., 2016). One possible explanation for such differences in parent 

materials refers to the well-known association of pellitic sediments intermixed with 
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sandstone (Resende et al., 2019). The current midslope position of the Paleosol studied 

with 7% slope make the colluvia possibility unlikely.  

Regarding the spatialization of elemental contents (Fig. 4), the distribution of 

several elements followed the occurrence of the different unities of the Paleosol. 

Noticeable, Al, Cr, Cu, Fe, Ti, V, Zn, and Zr accumulated in the Bi horizon and were 

lower downwards. The opposite trend occurred for Si and K. However, Mn clearly 

accumulated in the 2A horizon, reinforcing the occurrence of different soil parent 

materials. The accumulation of Al, Cr, Cu, Fe, Ti, V, Zn, and Zr in the Bi horizons is 

associated with their greater clay content (Table 3). Mancini et al. (2021) and Sun et al. 

(2020) also observed that some elements accumulated in the B horizon, respectively, of 

a Latosol (Oxisol) and an Alfisol, coincident with relative greater accumulation of clay 

in such horizons of the soil profiles.  

 

Fig. 4. Spatial representation of elemental contents of the studied profile, obtained with 

pXRF, from Pontal do Paranapanema, São Paulo state, Brazil. 
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Regarding the XRD analyses (Fig. 5), quartz predominates in the silt, coarse and 

fine sand fractions of all soil horizons. Small peaks of feldspars (probably K-feldspars) 

were identified in the coarse and fine sand fractions of 2A and 2Cg horizons (Fig. 5b; 5c; 

5d). Moreover, mica was identified in the silt (probably muscovite) and clay (probably 

illite) fractions of the 2Cg horizon (Fig. 5d). Both findings help explain the increment of 

K obtained via pXRF in these soil horizons (Fig. 4), and agree with reports of Moniz and 

Carvalho (1973) when studying soils of the same region and derived from the same parent 

material.  

 

Fig. 5. X-ray diffraction analyses of particle size fractions of the soil studied, in Pontal 

do Paranapanema, São Paulo state, Brazil. (a) A horizon; (b) Bi1 horizon; (c) 2Ab 

horizon; and (d) 2Cg horizon. 

 

In the clay fraction, kaolinite was the dominant mineral in all soil horizons, mainly 

in the 2Cg horizon. Hematite was not identified only in this horizon, as expected, since 
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the paleoredoximorphic conditions probably caused its decomposition (Barbosa et al., 

2019; Kämpf and Curi, 2000; Resende et al., 2011). 

A small gibbsite peak was found only in the clay fraction of the 2Cg horizon (Fig. 

5d), which is in agreement with the findings of Motta and K¨ampf (1992) and Pozza et 

al. (2007, 2009) when studying a Haplic Gleysol profile in the Central Plateau of Brazil. 

Rutile was only detected in the silt and clay fractions of the 2Cg horizon. Taking into 

account this Ti-bearing mineral is very stable and immobile in soil systems, even under 

redoximorphic conditions (K¨ampf et al., 2009), this finding may also corroborate the 

lithological discontinuity possibility discussed earlier.  

According to pXRF results per particle size fraction of the soil (Fig. 6), Al is 

predominant in the clay fraction of all soil horizons. The same trend occurs for P, Zn, Ti, 

Cu, Cr, Fe, and V (except for the 2A horizon, which contains greater V content in the silt 

fraction). Conversely, Zr and Mn contents are predominant in the silt fraction, except for 

the 2Cg horizon that has higher contents of Mn in the clay fraction. Grauer-Gray and 

Hartemink (2018) found higher contents of Zr for soils richer in clay or silt (Alfisol and 

Mollisol) and lower contents for sandy soil (Entisol). Silva et al. (2018) also observed 

this trend for both Zr and Mn, mainly in the Cr horizon of a Cambison (Inceptisol) in the 

Brazilian Cerrado biome.  
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Fig. 6. Elemental contents per particle size fraction of the studied profile, obtained with 

pXRF, from Pontal do Paranapanema, São Paulo state, Brazil. 

 

Nevertheless, Si, Mg, and Ca were well distributed along the soil profile in all soil 

fractions. The Si distribution is mainly associated to the dominance of quartz in the sand 

and silt fractions, and to kaolinite in the clay fraction of the soil studied. 
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4. Final remarks  

 

The combination of analyses used in this pilot work was able to detail the 

contrasting pedogenesis processes of the Cambisol and Gleysol unities of the studied soil 

profile, confirming the field morphological description, in addition to revealing 

differences in parent materials, not- detected during the field work. The digital 

morphometrics approach, mainly in terms of magnetic susceptibility data spatialization, 

elucidated a clear variation in the boundaries between the Bi2 and 2A soil horizons, 

without any indication in field morphology.  

The drain head where the Paleosol is situated (Fig. 1) is environmentally important 

mainly in relation to springs protection, because its conformation tends to expose the 

perched water table. So, it is important to detail the characterization of the soils there in 

order to plan conservation practices aiming to prevent the clogging of springs (Mello et 

al., 2019). As the sediments tend to remain retained on the native vegetation (semi-

perennial tropical forest) of these areas, they play a role as filters, with beneficial impacts 

on water quality (Mello and Curi, 2012). The undulated topography of this drain head 

does not allow much impact on water recharge potential. Also, the seepage erosion should 

also be considered, in which the subsurface flow, favored in this case by the pellitic (fine) 

sediments intermixed with the sandstone, may transport soil particles entrained in the 

seepage water (Soil Science Society of America, 2008) to lower landscape positions and 

may potentially pollute water bodies and springs (Mello et al., 2019), mainly in terms of 

heavy metals, N, and P.  

The detailed characterization of the Paleosol may be useful for estimation of water 

and sediment paleodischarge and paleodrainage area, and sediment budgets 

(Bhattacharya et al., 2016) and for paleodischarge reconstruction (Shen et al., 2021), then 

assisting with characterization of climate change impacts.  
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The authors understand that there are Paleosols not yet studied in Brazil, for 

example the Latosols (Oxisols) located on the summits (chapadas) of the Brazilian 

Central Plateau, making part of the Cerrado biome (22% of the county). These chapadas 

were formed by pediplanation, under bioclimatic conditions much drier than nowadays 

(Curi et al., 1993). In other words, the relief is relict from dry climate and the Oxisols 

were formed under humid climate (Resende et al., 2014). Then, these Latosols are 

polygenetic: they are Paleosols. This approach may encourage future studies in this 

research line. 

 

5. Conclusions  

 

The Paleosol studied herein presented contrasting redoximorphic features, 

suggesting a change on the landscape to promote such variation. Moreover, the Ti/Zr 

ratio, delivered by pXRF, indicated different parent materials forming the reddish and 

gleyic unities of the Paleosol.  

The topographical evolution includes a gentler slope in the past, allowing a high 

perched water table, favored by the pellitic (fine) sediments intermixed with the 

sandstone. These fine layers, having much lower permeability, induced 

paleoredoximorphic processes and the resulting greyish colors in the lower part of the 

Paleosol profile. After that, there was an intense erosion resumption, a very common 

condition in Brazil, dissecting the former landscape and favoring the current oxidation 

processes in the upper part of the soil profile, with hematite formation and consequent 

reddish colors.  

In this pilot study, the combined use of field morphology, physical, chemical, and 

mineralogical analyses, complemented by pXRF and MS data, provided details on the 
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variation of soil properties formed under current pedalization and elutriation versus 

paleogleyzation, and delivered some insights on enhancing conservation practices and on 

assisting the characterization of climate change impacts. 
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Abstract  

Soil is crucial in maintaining many ecosystem services, including services concerning 

fresh water, regulating erosion control, and water purification. Thus, the nexus of direct 

aquifer recharge and sediment dynamic has the soil as a fundamental basis for 

interpretations to improve territorial and environmental planning. Thus, fuzzy logics were 

applied in four watersheds from the Pontal do Paranapanema region, Brazil, to 

quantitatively formalize soil-landscape knowledge and increase the scale of current soil 

information available. Further, knowledge and physical-based models were applied to 

assess direct water recharge and sediment dynamics (soil loss and sediment retention). 

An increase in detail is evident when comparing the soil maps produced by fuzzy logic 

with the existing maps. Notably, Latossolos and Argissolos persist as the dominant soil 

classes, with only a few differences in their spatial distribution. The most remarkable 

increase in digital soil map detail involved the floodplain portions. Aquifer discharge is 

the ecosystem supply that is more affected by the soil mapping scale. Also, trade-offs or 

synergies among ecosystem services were spatially detected since soil-landscape units 

that foster water infiltration, storage, and direct aquifer recharge are those that prevent 

soil loss with avoided erosion. Incorporating terrain attributes and legacy data effectively 

predicted soil spatial distribuition in the studied watersheds. For all studied watersheds, 

the overall accuracy surpassed 60%, and the Kappa index was higher in Pelanca and 

Morro do Diabo watersheds, with values exceeding 0.50, indicating a high agreement 

level in the predictions.  Detailed soil mapping has provided the precise locations within 

each watershed where ecosystem services occur more intensely and their distribution 

across the landscape. 

 

Keywords: Provisioning services; aquifer recharge; soil loss; avoided sediment.   
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1 Introduction 

 

Water flows overland as runoff directly to streams or infiltrates into the subsurface 

to become groundwater. The downward flow of water toward the water table, adding to 

the groundwater reservoir, is defined as direct recharge (Vries and Simmers, 2002). 

Groundwater is significant in maintaining the water regime, especially during dry periods 

(Mello et al., 2019). Whether water access to the ground surface is higher than the soil 

infiltration capacity, surface runoff occurs, whose rate depends on the rainfall, soil-

landscape, land cover, and land use characteristics (Ramke, 2018). Changes in runoff can 

alter water availability. Once runoff increases, water erosion is impacted, reflected by 

increasing sediment load of water bodies via rainfall detachment of soil particles and 

direct surface runoff (Oliveira et al., 2019). In turn, the increase in sediment yield affects 

water quality and reservoir management (Magalhães et al., 2022). Direct aquifer recharge 

and sediment dynamics (soil loss or sediment retention) through natural landscapes are 

essential for hydrological control. Thus, their assessment is critical for policymakers and 

policies toward valuation.  

Soil is crucial in maintaining the many ecosystem services within the Critical 

Zone, including services concerning fresh water, regulating erosion control, and water 

purification (Rodrigues et al., 2021). Thus, the nexus of direct aquifer recharge and 

sediment dynamic has the soil as a fundamental basis for interpretations. Robinson et al. 

(2012), further corroborated by Jónsson and Davíðsdóttir (2016), emphasized the growing 

need to incorporate the role of soils into ecosystem services. Pedology has been 

fundamental for enabling a foundation for the processes associated with generating runoff 

and groundwater recharge (Mello and Curi, 2012), and a soil map is an essential tool for 

assessing soil spatial variability across landscapes and in-depth, whose temporal variation 

is negligible (very stable over human life scale). 

Jónsson and Davíðsdóttir (2016) pre-defined key steps to valuing soil with respect 

to ecosystem services that could be summarized as follows: i) to describe the area (e.g., 

dominant land use, climate conditions, land management practice, land cover, soil type, 

soil health and others.); ii) to identify the beneficiaries of the services rendered from the 

area; iii) to define the scale of the beneficiaries of ecosystem services (local, regional or 

global) (Kumar, 2010); iv) to use the best information and tools available concerning 

ecosystem service. In studies focused on local scales, climate and sometimes soil bedrock 
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variation could be neglected due to low variability, and thus, the primary drivers of water-

related ecosystem services consist of land cover and soil-landscape features. Land use, 

land cover, and digital terrain maps have been easily obtained from remote sensing 

products and freely released on different platforms worldwide. The main constrain for 

countries under development consists of the generalized scarcity of soil information at a 

local or detailed scale, a reality for the Brazilian territory (Coelho et al., 2021) that likely 

contributes to sustaining the existent knowledge gap concerning soil ecosystem services 

under tropical conditions (Rodrigues et al., 2021). Technically, policymakers should take 

precautions regarding the scale or resolution of soil information that will be the basis for 

interpretation and decision-making. Consequently, effects propagated to further 

ecosystem services interpretative maps should also be addressed. 

Roughly, a map illustrates the space and environment, coded and simplified to 

allow communication (Haynes et al., 2007). Thus, maps may contribute to improving 

awareness and understanding of the provision of ecosystem services from the perspective 

of different stakeholders. For those phenomena that present a solid spatial-temporal 

component, maps can play a decisive role in communicating information (Dransch et al., 

2010). Although very informative, small-scale soil maps are not suitable for watershed 

land-use planning, requiring maps on a scale of 1:50,000 or larger (Costa et al., 2009). 

One promising alternative consists of digital soil mapping (McBratney et al., 2003), 

whose framework has benefited from the power of computers to deal with large databases 

to produce new soil information. This database includes environmental covariates proxies 

of soil-forming factors (Jenny, 1941), which have become widely available at various 

spatial resolutions due to the development of remote sensing products. As such, terrain 

attributes have helped refine maps and provided an accurate prediction of soils (Pelegrino 

et al., 2016; Silva et al., 2016a; Silva et al., 2021; Amorim et al., 2023) since they show 

different aspects of the terrain that can help with the so-called soil-landscape relationship. 

Since more quantitative information has been generated, the framework of the spatial 

predictive model brings the accuracy assessment to attest spatial information reliability 

(McBratney et al., 2003), necessary for further interpretations. 

Although it is necessary to improve territorial and environmental planning (Braido 

and Tommazelli, 2012), more detailed soil-landscape information is needed for further 

ecosystem service assessment. From a pure pedometric approach, machine learning 

algorithms have been intensively explored (Wadoux et al., 2020), and a large sampling 
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size has been related to the accuracy of soil predictive models (Somarathna et al., 2017). 

Alternatively, using soil knowledge can be more economical and has been proven to be 

accurate when quantitatively formalized by rule-based reasoning through fuzzy logic 

approach (Akumu et al., 2016; Machado et al., 2019; Moonjun et al., 2020). In addition, 

different from the traditional soil mapping approach, soil types or information derived 

from that are assigned pixel by pixel, portraying soil as a spatial continuum instead of a 

homogeneous polygon (Zhu et al., 1996). Such a level of detail is in tune with the more 

realistic concept of hydrologic connectivity and might better represent water or sediment 

transfer across landscapes (Bracken et al., 2015; Hanel et al., 2015). 

Thus, fuzzy logics were applied in four pilot watersheds to quantitatively 

formalize soil-landscape knowledge and increase the scale of current soil information 

available. Extensive considerations concerning the accuracy of maps were provided, and 

the effectiveness of the information gained was discussed. Further, knowledge and 

physical-based models were applied to assess direct water recharge and sediment 

dynamics (soil loss and sediment retention), respectively. We addressed the propagation 

of soil information gain by comparing the results obtained from the current less detailed 

soil information. 

2 Material and Methods 

 

2.1 Study area 

This study involves four representative watersheds from the Pontal do 

Paranapanema region, state of São Paulo, in Brazil. The total region covers 18,844.60 

km² presenting some deforested areas with land use inadequacy, which makes these soils 

more prone to degradation (Arana et al., 2018; Carpi Junior et al., 2012; Silva et al., 

2016b; Zanatta et al., 2012).  

The four studied watersheds are Nelore (954.48 ha), Morro do Diabo (4,338.33 

ha), Pelanca (833.19 ha), and Santa Beatriz (1,178.73 ha) (Fig. 1) encompassing mostly 

rural landscapes. The watersheds are spatially widespread throughout the study region to 

properly represent different environments concerning soil-landscape, land use, and 

lithological units.  

The primary geology of the Pontal do Paranapanema is sandstone, a sedimentary 

rock that descends from materials brought by wind and water erosion through the 
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landscape (Moniz and Carvalho, 1973), which creates a variable composition of this rock. 

Nevertheless, it mainly comprises quartz, a mineral resistant to physical and chemical 

weathering (Amadeu et al., 2021). The Santo Anastácio and Rio Paraná lithological units 

share similar characteristics as both belong to the Caiuá Group. They diverge mainly in 

their stratification and their formation processes. Santo Anastácio originated from eolian 

dunes, whereas Rio Paraná formed from the edge plain of the sand sea. Both formations 

developed in continental desert environments during the Cretaceous period (Perrota et al., 

2005). Their mineralogical composition consists of quartz, feldspar, and chalcedony, with 

occasional carbonate or siliceous cement, predominantly exhibiting a psammitic nature 

(Fernandes, 1998). Within the Pelanca watershed, two distinct lithological units exist – 

Santo Anastácio to the north and Rio Paraná to the south. While Nelore and Morro do 

Diabo watersheds are located within the Rio Paraná lithological unit. The Santa Beatriz 

watershed is situated in the Vale do Rio do Peixe lithological unit within the Bauru Group, 

also formed during the Cretaceous period under the influence of sand sheets and dunes 

with loess deposits, primarily composed of aeolian sediments (Fernandes, 1998; Perrota 

et al., 2005). Its mineralogical composition is predominantly quartz, feldspar, and even 

arkose, which are sandstones relatively rich in feldspar. Additionally, it presents layers 

with carbonate cementation, with a common silty or clayey matrix (Fernandes, 1998).  
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Fig. 1. Location, lithological deposits, and the digital elevation model (DEM), in meters, 

of the watersheds Nelore (NW), Morro do Diabo (MD), Pelanca (PW), and Santa Beatriz 

(SB), from Pontal do Paranapanema, state of São Paulo, Brazil. UTM coordinate system, 

datum SIRGAS 2000, 22S.  

 

The climate in the Pontal do Paranapanema is classified as Cfa, characterized as 

subtropical, with hot summer and mean temperatures higher than 22 ºC, and dry season 

presenting rainfall higher than 30 mm, according to Köppen's (1948) climatic 

classification. Braido and Tommaselli (2010), characterizing a historical climatic series 

from 1971 to 2007 in the Pontal do Paranapanema region, verified that the annual rainfall 

is 1,295 mm, with the lowest rainfall observed in the west part of the region, precisely 

where the study area is located. According to their historical average the lowest recorded 

rainfall occurs in August, 41 mm, and the highest in January, 170 mm. 

 

 2.2 Terrain attributes maps 

Once climate, native vegetation, and bedrock can be considered homogenous 

across watersheds, relief is the main soil-forming factor (Jenny, 1941) driver of soil 

variability. Digital terrain attributes are regarded as proxies of relief variation. Thus, a 

digital elevation model was obtained from a Shuttle Radar Topography Mission (SRTM) 

(NASA, 2013) at 30 m. From the DEM, 18 terrain attributes were calculated in SAGA 

GIS 7.8.2 software (Conrad et al., 2015). Table 1 lists the terrain attributes used and the 

following description. Terrain attributes are related to water and sediment movement, soil 

drainage, aiding information of local catena, and soil parent material, successfully applied 

in diverse studies involving digital soil mapping in Brazil (Menezes et al., 2014; Silva et 

al., 2016a; Pelegrino et al., 2016; Silva et al., 2019; Amorim et al., 2023). 

 

Table 1. Description of the generated terrain attributes used to develop the digital soil 

maps. 

Terrain attributes (TA) Description 

Channel Network Base Level 

(CNBL) 

Interpolates the base-level elevation of the channel 

network and then subtracts the values obtained from 

the original data, resulting in the approximate depth 

of a watershed's base flow (Conrad, 2002). 

Channel Network Distance (CND) Values reveal how far each pixel is from the drainage 

network. 
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Convergence Index (CI) Analyzes the terrain's ridges and valleys, returning 

positive values for places with a concave aspect and 

negative values for convex ones (Gallant and Wilson, 

2000). The result is calculated in percentages from 

aspects of neighboring cells. 

Digital Elevation Model (DEM) Shows the altitude of each terrain surface point.   

Multiresolution Index of Valley 

Bottom Flatness (MRVBF) 

An index calculated from the slope and percentage 

elevation of the terrain, analyzing the DEM in a 

generalized way combined with increasingly less 

accentuated slopes, evidencing the depressions of the 

area (Gallant and Dowling, 2003). 

Multiresolution Index of the 

Ridge Top Flatness (MRRTF) 

Despite being similar to the MRVBF, it starts from a 

contrary principle, thus highlighting the peaks of the 

terrain (Gallant and Dowling, 2003). 

Relative Slope Position (RSP) Calculates the relational distance from a given point 

to the lowest areas of the landscape. 

Topographic Wetness Index 

(TWI) 

Related to trends in soil moisture content according 

to local relief (Beven and Kirkby, 1979).  

Total Catchment Area (TCA) Processes the DEM to find the lowest areas of the 

landscape and is related to the water flow of a 

watershed. 

Valley Depth (VD) It represents the difference between the elevation of 

a point and the top of the landscape when the index 

is lower and is closer to the deeper areas of the 

terrain. 

Vertical Distance to Channel 

Network (VDCN) 

Returns the altitude above the channel network in 

meters as the elevation data (Conrad, 2002). 

 

2.3 Digital soil mapping 

During a field campaign, paths were planned to detect physiographic contrasts 

following a transect sampling scheme (IBGE, 2015) to elucidate soil and landscape 

relationships. Thus, soil morphology analyses, sampling (Santos et al., 2015), and 

laboratory analysis (Donagema et al., 2011) were performed for classification purposes 

(Santos et al., 2018). During the exploratory expedition, 17 georeferenced points were 

collected from two depths (0 - 20 cm and 80 - 100 cm), totaling 34 soil samples. These 
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points were chosen strategically to represent the soil-landscape relationship observed in 

the watersheds, including Nelore (3 points), Morro do Diabo (3 points), Pelanca (6 

points), and Santa Beatriz (5 points). For validation, 70 soil samples (35 georeferenced 

points) were collected from the same watersheds during a second expedition at the same 

two depths, from Nelore (5 points), Morro do Diabo (8 points), Pelanca (9 points), and 

Santa Beatriz (13 points). Such analysis, along with the experience of pedologists 

composing the workgroup and previous soil surveys (Rossi, 2017), consisted of the basis 

to implement the rule-based reasoning under fuzzy logic (Zhu, 1997) following the 

guidelines outlined by Menezes et al. (2013).  

Digital terrain attributes that could potentially discriminate soil types were applied 

as rules through fuzzy membership curves (bell, S, and Z shapes) into Soil Land Inference 

Model (SoLIM) software (Zhu et al., 2001; Zhu et al., 2018). Such rules consist of 

thresholds established to formalize optimum or typical conditions for each soil type based 

on terrain attributes and the pedologists' knowledge. SoLIM operates as an inference 

engine that establishes pixel-by-pixel a process called soil similarity vector. Thus, the 

first outcome is the fuzzy membership maps consisting of the degrees of the class 

assignment (continuous distribution ranging from 0 to 1). These are also regarded as 

similarity measures between the local soil and the typical case of a given soil class. 

Further details about the inference process are described by Zhu and Band (1994). The 

final raster soil type maps were created by hardening the fuzzy membership maps by 

assigning the soil type with the highest membership value at each pixel in a geographical 

information system. 

Visual analysis was performed comparing the legacy soil data developed by Rossi 

(2017) (traditional soil mapping at 1:250.000 scale) and the digital soil mapping (fuzzy 

logics), besides 17 georeferenced points collected in two depths each on the exploratory 

expedition to represent the soil-landscape relationship observed in the watersheds. In 

addition, to validate the soil maps of the four watersheds, the classification at verified 

locations (35 georeferenced points collected on two depths each on the second field 

expedition, as detailed above) was compared to the soil class outlined on digital maps. 

The accuracy assessment of these maps was checked by comparing the observed soil 

classes from Rossi (2017), and the predicted soil classes presented on the digital maps 

with soil classes field-verified locations. For that, the overall accuracy and the kappa 

index were calculated as follows (Eq. 1 and 2): 
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OA= 
∑ 𝑉

∑𝑇
∗ 100                        (1) 

where V represents correctly classified samples, T represents the total of available 

samples, and OA overall accuracy. 

Kappa = 
𝑃𝑜−𝑃𝑒

1−𝑃𝑒
                         (2) 

where Po is the proportion of correctly classified samples, and Pe is the probability of 

random agreement. The Kappa index ranges from -1 to 1, increasing its accuracy as the 

values get closer to 1. These indexes have been successfully used to check the accuracy 

of digital soil maps in many studies (Coelho et al., 2021; Silva et al., 2021). 

The user’s and producer’s accuracy (Ua and Pa, respectively) were also calculated 

(Eq. 3 and 4). The former indicates the probability of the predicted soil class matching 

the one verified in the field, while the latter means the likelihood of a determined soil 

class in the map being classified correctly (Congalton, 1991). For Ua and Pa, values close 

to 1 represent an adequate map.  

Ua= 
𝑋𝑖𝑖

∑𝑗=1
𝑟 𝑋𝑖𝑗

                          (3) 

Pa= 
𝑋𝑗𝑗

∑𝑗=1
𝑟 𝑋𝑖𝑗

                          (4) 

where Xii and Xjj indicate the number of correctly classified samples and Xij represents 

the sum of samples of a soil class in a row (Ua) or column (Pa) of a confusion matrix. 

These indexes were used successfully in soil mapping studies (Silva et al., 2016a; 

Amorim et al., 2023).  

 

2.5 Sediment dynamic: soil loss and avoided erosion 

 Soil loss and sediment retention were modeled through InVEST® 3.14, a physics-

based simulation program (Natural Capital Project, 2023). The sediment delivery ratio 

consists of a necessary basis representing the proportion of fine sediment produced in a 

given area towards the stream. It is computed as a function of the hydrologic connectivity 

of the region, following an approach first proposed by Vigiak et al. (2012).  

The annual soil loss per pixel into the InVEST is estimated by the Revised 

Universal Soil Loss Equation (RUSLE) as Renard et al. (1997) described. This calculation 

considers soil loss as the product of the rainfall erosivity factor, soil erodibility factor, the 

slope length-gradient factor (calculated following Desmet and Govers, 1996), the cover-



79 

 

 
 

management factor, and the support practice factor. Fig. 2 and Table 2 display the 

parameters from the RUSLE used as hyperparameters for model simulation based on an 

extensive literature review concerning Brazilian environments. 

Sediment retention ecosystem service in InVEST is defined as avoided export, 

encompassing avoided pixel-based erosion estimated accounting contributions of 

vegetation and sediment trapping from an upslope pixel. This may also be considered the 

total sediment retained on the pixel. For determination of both soil loss and avoided 

export, the soil legacy data and digital soil maps generated by this study were taken into 

account.  
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Fig. 2. Digital elevation model (DEM), soil erodibility factor (K), rainfall erosivity factor 

(R), and land uses of the watersheds Nelore (a), Morro do Diabo (b), Pelanca (c), and 

Santa Beatriz (d), from Pontal do Paranapanema, state of São Paulo, Brazil. 
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Table 2. Input data in the InVEST software for sediment retention modeling. 

Input Characteristics and model hyperparameters 

Digital elevation model 

(m) 

SRTM digital elevation model (30 m resolution). 

Rainfall erosivity (R) (MJ 

mm ha-1 h-1 year-1) 

Information was derived from 27 meteorological stations 

located throughout the Pontal do Paranapanema region and its 

vicinity.  

 

Soil erodibility factor (K) 

(Mg h MJ-1 mm-1) 

Obtained from literature for each soil type: PA = 0.045 

(Mannigel et al., 2002), PVA = 0.0466 (Mannigel et al., 2002), 

PV = 0.0228 (Mannigel et al., 2002), GX = 0.0044 (Mannigel 

et al., 2002), LA = 0.0570, LV = 0.0061 (Mannigel et al., 

2002), OX = 0.0610 (Silva and Álvares, 2005), and RL = 

0.0344 (Mannigel et al., 2002). 

 

Cover management factor 

(C) 

Obtained from literature for each C factor: coffee = 0.02 

(Bertoni and Lombardi Neto, 1999), forest formation = 0.004 

(Fujihara, 2002), mosaic of land uses = 0.1 (ANA, 2012), 

other temporary crops = 0.40 (ANA, 2012), pasture = 0.02 

(Bertoni and Lombardi Neto, 1999), soybean = 0.25 (Bertoni 

and Lombardi Neto, 1999), forest plantation = 0.05 (ANA, 

2012), and sugar cane = 0.3066 (Fujihara, 2002). 

 

Additional details on the C factor were considered for permanent preservation 

areas (PPA), which consist of natural vegetation protected by the Forestry Code, where 

direct economic exploitation is prohibited. In addition, the Brazilian environmental 

legislation (Brasil, 2012) obliges private properties to retain a fixed proportion of their 

total area with native vegetation, the so-called Legal Reserves. In both cases, the C factor 

values were assumed to be the same as those for the forest formation. For the watercourse, 

flooded field, wetlands, and swampy area, the C factor was assigned a value of 0 (zero).  

Values of the following parameters were set for simulations: Biophysical data 

(cover-management factor – Table 2, and support practice factor, adopted a value of 1 

indicating that no erosion-reduction practices are being done); threshold flow 

accumulation = 100; Borselly K parameter = 2; Borselli IC0 parameter = 0.2; maximum 

sediment delivery ration = 0.8; maximum value of the slope length parameter = 122. 

 



82 

 

 
 

2.6 Direct aquifer recharge 

Aquifers are vital components of the water cycle. Protecting and managing these 

underground water sources is essential to secure a reliable water supply and maintain the 

integrity of the natural water cycle. They provide base flow to rivers and streams as 

intermediate reservoirs between inputs and outputs. Concerning water inputs, the rainfall 

regime is uniform among watersheds. In addition, the soils figuring in input dynamics are 

all derived from sandstone, whose lithological constitution consists of porous and 

permeable that favors the storage and transmission of groundwater, as it is predominantly 

coarse granulometry. Thus, soil and its related landscape of occurrence might be the 

primary driver of water-partition dynamics, directly impacting direct aquifer recharge. 

Therefore, we adapted criteria from Menezes et al. (2009) that attributed values to 

properties related to the potential of direct aquifer recharge based on characteristics 

retrieved from soil type and relief, with further discussion concerning land use and land 

cover. The authors proved that the dynamics of the values of soil physical-based attributes 

showed coherence with the dynamics of the specific yield of the springs. Then, the direct 

water recharge calculated on this study was supported by environmental characterization, 

field campaign, and digital soil mapping information, scores were attributed to different 

soil-landscape units based on Menezes et al. (2009) and the literature review. The higher 

the value obtained, the higher the potential of direct aquifer discharge occurrence. The 

soils related to aquifer outputs or discharge are those derived from alluvial sediments in 

wetlands, where water flows into the soil surface.  

The SoLIM inference model was also applied to derive continuous direct aquifer 

recharge index maps through the watersheds (Zhu et al., 1997) from fuzzy membership 

maps. The following equation (5) was applied: 

𝐷𝑖𝑗

∑ 𝑆𝑖𝑗
𝑘 𝐷𝑘𝑛

𝑘=1

∑ 𝑆𝑖𝑗
𝑘𝑛

𝑘=1

               (5) 

where Dij consists of the index of direct aquifer recharge at location (i, j), Dk is 

the representative or typical index value of aquifer recharge representative of soil-relief 

k, and n is the total number of soil-relief combinations that varies for each watershed 

(Zhu, 1997). The level of resemblance between the environment for soil at location (i, j) 

and the environment for soil type k is expressed by Sij
k. The higher the membership value 

of a local soil in a given soil type, the closer the property values (index of direct aquifer 

recharge) will be at that location to typical property values (Zhu et al., 2010). Thus, the 
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outcome results consist of a knowledge-based spatial predictive model of direct aquifer 

recharge for each watershed. 

Fig. 3 displays the complete framework developed in this study following the 

requirements outlined by Jónsson and Davíðsdóttir (2016). Digital soil mapping 

techniques were applied to increase the details of the soil legacy data. Thus, both maps 

were applied as a fundamental basis for assessing ecosystem services. 

 

Fig. 3. The complete framework of the study case in the Pontal do Paranapanema, Brazil. 

3 Results and Discussions 

 

3.1 Digital soil mapping, accuracy assessment, and resolution considerations 

With the assumption that similar environmental conditions have similar soil-

landscape relationships (Jenny, 1941), typical soil-terrain conditions were established for 

each soil type and, further, to predict soil properties related to ecosystem services at 

unvisited locations. Rules were created to represent typical soil-landscape features based 

on terrain attributes and knowledge curves (bell, S, or Z shape) (Table 3). The higher the 

typical value on the curves, the more typical a terrain attribute for a given soil. 

 

Table 3. Rules are assigned through membership curves using terrain attributes (TA) 

for each soil type. 
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Soil 

type 
TA 

Low  

Cross 

High  

Cross 

Low 

Unit 
High Unit Curve 

Morro do Diabo watershed 

GX 

CI -77.86 -40.72 -59.29 -59.29 Bell shape 

RSP -0.19 0.00 -0.09 -0.09 Bell shape 

TWI 15.56 20.11 17.83 17.83 Bell shape 

LA MRVBF 2.80 4.35 3.70 3.70 Bell shape 

LV 

CNBL 416.00 - 420.00 - S-shape 

RSP 0.35 - 0.50 - S-shape 

VD - 40.00 - 35.00 Z-shape 

OX DEM 570.00 - 574.00 - S-shape 

PV DEM 340.00 420.00 385.00 385.00 Bell shape 

RL 

DEM 500.00 570.00 530.00 530.00 Bell shape 

RSP 0.85 - 0.90 - S-shape 

VDCN 77.00 - 90.00 - S-shape 

                          Nelore watershed  

GX 

CI -39.29 -20.20 -29.74 -29.74 Bell shape 

MRRTF - 0.10 - 0.00 Z-shape 

TCA 203096.06 
476694.2

8 
339895.17 339895.17 Bell shape 

VD 36.78 51.01 43.90 43.90 Bell shape 

LV 
CND 0.50 - 15.00 - S-shape 

RSP 0.01 - 0.79 - S-shape 

PA MRVBF 3.71 4.00 3.86 3.86 Bell shape 

PV VD 17.00 37.00 27.00 27.00 Bell shape 

  Pelanca watershed 

GX 

CND - 0.00 - -8.11 Z-shape 

CI - 25.00 - -54.39 Z-shape 

RSP -0.10 0.03 -0.04 -0.04 Bell shape 

TCA 
105,034.6

5 

7308686.5

0 

3706860.5

0 

3706860.5

0 
Bell shape 

TWI 13.24 18.29 15.76 15.76 Bell shape 

LV RSP 0.17 - 0.20 - S-shape 

PV RSP 0.03 0.20 0.17 0.17 Bell shape 

            Santa Beatriz watershed 

GX 

MRVBF 3.00 - 4.30 - S-shape 

RSP - 0.03 - 0.00 Z-shape 

TWI 13.24 19.02 16.13 16.13 Bell shape 

VDCN - 5.00  0.00 Z-shape 

LV 

RSP 0.13 - 0.70 - S-shape 

VD - 20.00 - 0.00 Z-shape 

VDCN 1.00 - 15.00 - S-shape 

PA RSP 0.003 0.60 0.20 0.20 Bell shape 
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PV 
RSP 0.20 0.80 0.50 0.50 Bell shape 

VDCN 6.25 14.00 10.13 10.13 Bell shape 

*Soils - GX: Gleissolo Háplico; LA: Latossolo Amarelo; LV: Latossolo Vermelho; PA: Argissolo Amarelo; 

PV: Argissolo Vermelho; PVA: Argissolo Vermelho-Amarelo; OX: Organossolo Háplico; RL: Neossolo 

Litólico. TA - CND: Channel Network Distance; CI: Convergence Index; DEM: Digital Elevation Model; 

MRVBF: Multiresolution Index of Valley Bottom Flatness; MRRTF: Multiresolution Index of the Ridge 

Top Flatness; RSP: Relative Slope Position; TWI: Topographic Wetness Index; TCA: Total Catchment 

Area; VD: Valley Depth; VDCN: Vertical Distance to Channel Network. 

 

It is important to emphasize that the terrain attributes most efficient for delineating 

soil classes showed the most remarkable difference in values between one class and 

another. RSP, DEM, VDCN, and CND were consistently applied for all watersheds since 

the variation in their values indicates distinct soil position through a catena. Taking RSP 

as an example, higher values indicate elevated landscape position farther from the 

drainage network, intermediate values represent the middle third, and lower values are 

associated with areas close to the drainage network. Therefore, by utilizing this TA, it 

becomes possible to distinguish between well-drained (LV and PV) and very poorly-

drained soils (GX) based on their landscape positions. Higher values of RSP, DEM, 

VDCN, and CND were assigned as higher optimality values for well-drained soils. 

Though hillslopes, the higher the RSP and VDCN, the higher the optimal condition of 

Latossolos occurrence, representing the gentle summit of landscapes. Intermediate values 

of such terrain attributes consisted of the typical environment of Argissolos that occurred 

through a backslope position. 

Membership curves were built considering two contrasting instances of GX 

formed in floodplains. The first one consists of assigning higher optimality values for 

higher values of terrain attributes, as follows: i) lower TCA values were related to the 

contributing area of a watershed; ii) lower TWI values identified terrain locations prone 

to moisture accumulation; and iii) lower VD were related to lower landscape areas or 

floodplain. Conversely, in the second instance, those assigning higher optimality values 

for lower values of terrain attributes, such as RSP and MRRTF, were also used in the 

rules but with lower values. OX and RL occurred in elevated landscape positions, where 

the DEM was crucial for delineating the first soil (the higher the DEM, the higher the 

optimality in membership curves), along with the RSP and VDCN for the second soil. 

When comparing the soil maps produced by fuzzy logic (Fig. 4b, c, f, and h) with 

the existing maps (Rossi, 2017) (Fig. 4a, c, e, and g), an increase in detail is evident. The 
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final digital soil maps are compatible with a scale of 1:100,000 according to the soil 

survey technical report (IBGE, 2015), while the existing map had a scale of 1:250,000. 

Notably, Latossolos and Argissolos persist as the dominant soil classes, with only a few 

differences in their spatial distribution. For instance, in the Morro do Diabo and Nelore 

watersheds, the legacy soil map designated Latossolos as dominant, whereas the fuzzy 

logic mapped Argissolos in this position. Since the mapped areas are extensive, it is 

common for the soil formation factors used for classification on a macro scale to exhibit 

localized variations. In certain regions within the same watershed, it was delineated soil 

classes identical to those mapped in the legacy information (Fig. 4a; b), such as in the 

Santa Beatriz and Pelanca watersheds. In contrast, in the Morro do Diabo watershed, soil 

class variations, including GX, LA, and OX, were added due to new findings during the 

field campaign. 
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Fig. 4. Digital soil maps of the Nelore, Morro do Diabo, Pelanca, and Santa Beatriz 

watersheds in Pontal do Paranapanema, state of São Paulo, Brazil. Letter (a, c, e, and g) 

shows a soil map from Rossi (2017), and letter (b, d, f, and h) shows a soil map produced 

by fuzzy logic. GX: Gleissolo Háplico; LA: Latossolo Amarelo; LV: Latossolo 

Vermelho; PA: Argissolo Amarelo; PV: Argissolo Vermelho; PVA: Argissolo Vermelho-

Amarelo; OX: Organossolo Háplico; RL: Neossolo Litólico. 

 

The most remarkable increase in digital soil map detail involved the floodplain 

portions and GX. Although fragile (Arana et al., 2018), this vital landscape unit provides 

multiple ecosystem services, including supporting, regulating, provisioning, and cultural 

services (Petsch et al., 2022). Wetness indicators will generally be stronger and more 

prominent here than all other slope positions (Schaetz and Anderson, 2005). Floodplains 

and wetlands have been successfully delineated by digital terrain attributes (Machado et 

al., 2019; Moonjun et al., 2020) since some of them might be considered as hydrologic 

morphometric variables by connecting pedo-geomorphology with water dynamics (Mello 

et al., 2022).  

Another soil-landscape relationship that imposes additional detail in the digital 

soil map of Nelore, Pelanca, and Santa Beatriz watersheds consisted of Latossolos and 

Argissolos through a catena. Latossolos were typically found across gentle summits of 

the landscape conducive to soil development through weathering-leaching over a stable 

geomorphic surface. Argissolos, in turn, occur through the transportation of material by 
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a rapid mass movement and/or surface water action process resulting from subsurface soil 

water movement (Schaetzl and Anderson, 2005). 

Although visual interpretations revealed increasing information, the accuracy 

should be assessed to attest to the reliability of new digital soil maps. Generally, 

satisfactory accuracy was achieved (Table 5), especially overall accuracy. Across all 

watersheds, the values exceeded 60%, mainly with values equal to or higher than the 

average achieved digital soil map applications in Brazil (63%) reported by an extensive 

review by Coelho et al. (2021). The authors also found a kappa coefficient close to 50%. 

Comparatively, our results demonstrated higher values in the Pelanca (74%), and Morro 

do Diabo (53%) watersheds but lower in the Nelore (17%) and Santa Beatriz (31%) 

watersheds. 

 

Table 5. Kappa index and overall accuracy obtained from digital soil mapping of each 

watershed. 

 

User’s and producer’s accuracy indexes (Table 6) provided which soil class within 

each watershed was being predicted more accurately. It was observed that Argissols had 

higher prediction accuracies compared to Latossolos. OX and RL were also predicted 

with high accuracy. 

 

Table 6. Validation of the soil maps of the watersheds: User’s accuracy and Producer’s 

accuracy indexes of each soil type. 

 

Watershed Soil 

User’s 

accuracy 

Producer’s  

accuracy 

Morro do Diabo 

Argissolo Vermelho 1.00 0.25 

Latossolo Amarelo 1.00 1.00 

Neossolo Litólico 1.00 1.00 

Organossolo Háplico 1.00 1.00 

 Latossolo Vermelho 0.00 0.00 

Nelore 

 

Latossolo Vermelho 0.50 0.50 

Argissolo Vermelho 0.67 0.67 

Pelanca Latossolo Vermelho 1.00 1.00 

Watershed Kappa index Overall accuracy 

Morro do Diabo 0.53 0.63 

Nelore 0.17 0.60 

Pelanca 0.74 0.89 

Santa Beatriz 0.31 0.67 
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 Argissolo Vermelho 1.00 0.86 

Santa Beatriz 
 

Argissolo Amarelo 1.00 1.00 

Latossolo Vermelho 0.75 0.75 

Argissolo Vermelho 0.33 0.33 

  

Typical soil-landscape units observed after the field campaign and modeling 

applying terrain attributes are displayed in Fig. 5. Overall, soils can be divided based on 

different weathering degrees: young (GX, RL, and OX), mature (PV, PVA, and PA), and 

old (LV, LVA, and LA). GX consists of hydromorphic mineral soil, typically in 

floodplains (lowlands with flatter reliefs). GX presents greyish colors due to a 

redoximorphic environment imposed by the hydric regime influenced by flooding water, 

groundwater, and seepage water (Rinklebe and Langer, 2008). RL is a very shallow soil 

without a B horizon, which means that the bedrock is closer to the surface mainly due to 

geological erosion imposed by steep slopes. OX is essentially organic, formed under a 

high input of organic matter with decomposition constrained by environmental 

characteristics leading to accumulation, found mainly at higher and steeper slopes.  

 
Fig. 5. Typical soil-landscape units of Pontal of Paranapanema and bedrock consist of 

sandstone.  

 

The older the soil, the thicker and more stable the soil tends to be (Gonçalves et 

al., 2019). Although genetically connected through a catena, they contrast due to the type 

of soil structure in the B horizon driven by pedogenic processes. Argissolos are those 

formed under clay illuviation, whose pedogenic process contributes to clay skin 
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formation, along with the presence of kaolinite (Moniz et al., 1973), leading to a 

prevalence of blocky structure development. Consequently, there is a decrease in soil 

permeability in the B horizon compared to Latossolos. The latter consists of a very thick 

and porous soil due to a granular structure in the B horizon. Concerning soil granulometry 

(obtained in the laboratory by pipette method), Argissolos and Latossolos did not present 

a remarkable increase of clay in depth (on average, clay content of B horizon/clay content 

of A horizon 0.48 for Argissolos and 0.80 for Latossolos), whose soil texture was 

classified as loam for both soil and A and B horizon, reinforcing that soil structure might 

govern physic and hydric behavior rather than granulometry (Resende et al., 2014).  

Notwithstanding, the higher content of sand (79 ± 6%) and very low silt content 

(4 ± 2%), a characteristic influenced by sandstone bedrock, might contribute to water 

movement toward water configuring in direct aquifer recharge and less soil-water 

retention into the soil. In addition, the mineralogy of the soils in the region is 

predominantly composed of quartz, a mineral extremely resistant to weathering in the 

sand fraction (Schaetzl and Anderson, 2015). The granulometric analysis revealed that 

Latossolos were formed under Bauru sandstone without any connection with preterit 

fluvic deposits (Moniz et al., 1973). 

 

3.2 Soil loss and sediment retention ecosystem service and scale of information 

Ecosystem services can be defined as all the benefits we receive from the nature, 

divided into provisioning services (e.g. food and water), regulating services (e.g. erosion 

control), cultural services (e.g. recreational benefits), and supporting services (e.g. 

nutrient cycling) (IPBES, 2024). The main drivers of soil loss in the study areas were soil 

types, relief, and land use. The K factor has been extensively related to soil types, as can 

be viewed in Table 2. Such a factor is included in RUSLE and significantly influences 

soil loss values. Thus, to understand the increasing detail in the soil map propagated to 

soil loss models, two kinds of soil information were used as model input data: the soil 

legacy (Fig. 4a, c, e, and g) and digital soil maps (Fig. 4b, d, f, and h). With the increasing 

detail from the digital soil mapping technique, it is noteworthy that the soil scale affected 

the final models differently.  

An increase in lands with higher soil loss values at the Nelore watershed (Figure 

6b) is probably attributed due to the expansion of Argissolos (Figure 4b), particularly PV, 

at the expense of LV, which LV consists of thick and porous soil with a higher infiltration 

rate and favorable downward water movement, decreasing erosion susceptibility. 
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Conversely, a decrease in lands with higher soil loss at the Pelanca and Santa Beatriz 

watersheds (Figure 4f, and 4h). In the Pelanca watershed was observed due to increased 

geographical expression of GX, PV, and LV over PVA (Figure 4f), whose soils present 

very low K values (GX = 0.0044, PV = 0.0228 and, LV = 0.0061 Mg h MJ-1 mm-1). GX 

is located at flat and low lands, which are more prone to receiving sediments than lost 

soil. The soil color refers to iron oxides hematite and goethite (reddish and yellowish 

soils, respectively). Thus, PV, compared to PVA, predominates the formation of hematite 

due to better soil drainage and permeability, reducing surface runoff and, consequently, 

the erosion process. In the LV, this beneficial characteristic is even more pronounced due 

to the soil profile being more homogeneous. Considering the Santa Beatriz watershed, 

despite a reduction in the area of Latossolo Vermelho, the entire area previously mapped 

as PVA was reclassified as PV (Figures 4g, and 4h). Consequently, the overall 

susceptibility of the watershed to erosion decreased (Figures 6g, and 6h). 

In the Morro do Diabo watershed, was observed that both maps depicted similar 

levels of soil loss (Figures 6c and 6d), even though there was a large change from LV to 

PV (Figure 4c, and 4d). Despite PV being more vulnerable to sheet erosion than LV, it 

was found that increasing the details of this soil map did not cause noteworthy changes 

in terms of potential soil losses. This reflects the importance of native forests in this 

watershed, preventing the adverse effects of more intense land uses if implemented 

(situated within the Morro do Diabo National Park, which Atlantic Forest predominantly 

covers). Moreover, examining avoided sediment exports (Figure 7c, and 7d), a distinct 

trend emerges when utilizing a digital soil map. The data indicates a more substantial 

increase in avoided export-sediment retention, potentially attributed to the Morro do 

Diabo watershed's inherent susceptibility to erosion, where PV was predominant. This 

highlights the significant role played by the vegetation in this watershed in minimizing 

erosion as it avoids soil displacement and traps sediment from elevated regions in the 

landscape.  
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Fig. 6. Soil loss rate in the watersheds Nelore, Morro do Diabo, Pelanca, and Santa 

Beatriz in the Pontal do Paranapanema. Letter (a, c, e, and g) represents the sediment 

retention based on the legacy soil map (Rossi, 2017), and letter (b, d, f, and h) represents 

the sediment retention based on the maps produced herein via the digital soil mapping 

technique. 

 

The potential of ecosystem service for erosion control was modeled as avoided 

export, which represents the contribution of vegetation to avoided erosion within a given 

area, as well as its ability to trap sediment originating from upslope areas (Fig. 7). Two 

contrasting scenarios were observed at the increase of soil information from the digital 

soil map: 1) an increase of areas with higher values of avoided export, as is the case of 

Nelore, and Morro do Diabo, and 2) a decrease of areas with higher values of erosion 

avoided in Pelanca, and Santa Beatriz watersheds. Avoided export indicates the ecosystem 

service from the perspective of a downstream water user: the sediment kept from the 

stream benefits water drinking, hydropower, and other uses.  

It is important to highlight that when calculating avoided export, we must consider 

the entire watershed area. When there is a change in soil class at a certain point, it does 

not affect just that specific point. The soil downstream will or will not receive sediments 
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from upstream, and the result is cumulative. That is why in Fig. 7 the watersheds were 

more impacted by the scale of soil map than the soil loss (Fig. 6).  

 

 

Fig. 7. Sediment potential retention in the watersheds Nelore, Morro do Diabo, Pelanca, 

and Santa Beatriz, in the Pontal do Paranapanema. Letter (a, c, e and g) represents the 

sediment retention based on the legacy soil map (Rossi, 2017), and letter (b, d, f, and h) 

represents the sediment retention based on the maps produced herein via the digital soil 

mapping technique. 

 

Areas with higher potential soil losses, such as the Pelanca and Santa Beatriz 

watersheds (Fig. 6), exhibited correspondingly greater avoided sediment exports (Fig. 7). 

Conversely, a contrasting scenario can also be observed, as in the Nelore watershed, 

which presented the lowest potential soil loss, leading to the lowest avoided export. This 

insight is of great importance for making more assertive decisions on land management. 

The detection of where sediment has been produced and delivered is of great 

importance for stakeholders who invest in watershed service programs (Martin-Ortega et 

al., 2013). Erosion is generally caused by inadequate soil use and management, 

particularly in production systems that lack soil conservation practices. To mitigate this, 

we must focus on retaining sediments (avoided export) in the same position as the 

watershed in which they were generated. Since the sediments reach watercourses, 

significant environmental damage will have already been done. In areas where soil 
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erosion is not significant, the impact of vegetation is less prominent. Consequently, in 

areas where soil is more vulnerable, such as the Pelanca and Santa Beatriz watersheds, 

the highest values of avoided sediment export are found in locations where vegetation 

cover helps to retain sediment more effectively. Figure 7 (e; f; g; h) illustrates that 

conservative management can have a more pronounced effect in certain areas, particularly 

in the PV and PA regions as shown in the detailed maps generated using fuzzy logic 

(Figure 7f; h). It's important to note that areas with native vegetation cover, such as those 

containing GX, are vital for conserving springs and water courses. Even though these 

areas do not export sediments, the presence of native vegetation cover leads to increased 

water infiltration and capturing of upstream sediment, which helps to prevent siltation in 

watercourses. With this information, we can delimit the areas to preserve/restore and 

identify the areas that need a more sustainable management. 

 

3.3 Direct aquifer recharge and scale of information 

 

Supported by environmental characterization, field campaign, and digital soil 

mapping information, scores were attributed to different soil-landscape units based on 

Menezes et al. (2009) and the literature review (Table 7). Martínez-Harms and Balvanera 

(2012) listed different approaches that can be used for ecosystem service assessment, and 

this method consists of an expert-based ranking of an environmental variable that 

influences ecosystem services supply. Soil types were firstly decoded based on their 

properties that benefit direct water recharge, and in this study case, the main contrasts are 

in charge of soil thickness, soil texture, type of soil structure at B horizon, and typical 

slope phases. Thus, soil and landscape were ranked according to their capability to 

promote direct aquifer recharge (Table 7).  

The soil mapping task, including the field campaign is of great importance: the 

soils of a given watershed should first be fully raised to guide the range of scores of 

ecosystem supply. Unlike Menezes et al. (2009), the epipedon type was not applied as a 

criterion due to its low variability in the study sites. The relief phases that each soil type 

was typically found consist of slope ranges sliced based on Brazilian technical reports 

(IBGE, 2015; Santos et al., 2015) that suggest plain (0-3%), gently undulated (3-8%), 

undulated (8-20%), strong undulated (20-45%), and mountainous (45-75%), due to their 

meaningful concerning water infiltration and soil erosion. The lower the slope, the more 

likely water infiltration, increasing the aquifer recharge score and vice versa. 
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Table 7. Scores attributed to interpreting the potential for direct water recharge (Adapted 

from Menezes et al., 2009). A score of 0 means water discharge. From 1 to 4, the increase 

in scores means a potential increase in direct aquifer discharge. 

Scores Soil type Relief phase 

0 Gleissolo Háplico Plain 

1 Neossolo Litólico Strong undulated, 

and mountainous 

2 Organossolo Háplico Undulated and 

strong undulated 

3 Argissolo (Vermelho, Vermelho-Amarelo, Amarelo) Undulated 

4 Latossolo (Vermelho, Vermelho-Amarelo, Amarelo) Gentle undulate 

 

A direct aquifer recharge map from legacy data consists of decoded information 

directly from scores of Table 7 (Fig. 8a, c, e, and g). This is how a property map is 

generated from a traditional soil map (legacy data) under a discrete polygon-based model: 

a typical value is assigned and the whole polygon assumes only one value. This could be 

considered a limitation (Zhu et al., 2001) whose outcome is not even incompatible with 

new digital tools (digital terrain models or satellite images) nor hydrological dynamics 

that would be better represented by a continuous distribution.   

Conversely, using a fuzzy logic approach, a property map can be generated with 

only one typical value of each typical soil-landscape unit (Qin et al., 2021) (Fig. 8b, d, f, 

and g). However, it still reveals a continuous distribution since a weighted average of 

fuzzy membership values and typical direct aquifer recharge scores were performed pixel 

by pixel (Menezes et al., 2018).  
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Fig. 8. Potential of direct aquifer recharge in the watersheds Nelore, Morro do Diabo, 

Pelanca, and Santa Beatriz, in the Pontal do Paranapanema. Letter (a, c, e, and g) 

represents the aquifer recharge decoded from legacy soil map (Rossi, 2017), and letter (b, 

d, f, and g) represents aquifer recharge on the maps produced herein via the digital soil 

mapping technique.  

 

Concerning water, elements near the top of the slope are recharge runoff sites, 

while elements nearer the base of the slope may recharge or discharge sites, depending 

on local weather and subsurface geology (Khan and Fenton, 1994, Schaetzl and 

Anderson, 2005). Also, the main soil that was found near flat tops consists of Latossolos, 

favoring the recharge of the aquifers. Otherwise, when strong undulated, and 

mountainous relief occurs, the Neossolo Litólico predominate (Morro do Diabo 

watershed), and the runoff is expressive because these soils are shallow and 

underdeveloped in a constant process of rejuvenation, not favoring the water recharge due 

to the relief. Moura et al. (2024) highlight that soil, slope, land use, and soil management 

are significant factors that can lead to an adequate aquifer recharge or can reduce this 

potential. The latter occurs when the area presents steep slopes favoring runoff instead of 

the water infiltration, or when applied inappropriate soil uses, e.g., the Neossolos and 

Cambissolos are fragile soils that require sustainable management to avoid environment 
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degradation. This shows us the importance of more detailed soil maps for adequate 

management and improving the ecosystem services provision.  

Comparing the maps in Fig. 8, we can observe that aquifer recharge was lower 

than one might suppose, considering the maps developed by traditional methods (Fig. 8a, 

c, e, and g) compared to those developed based on fuzzy logic (Fig. 8b, d, f, and g). 

Nevertheless, a relationship persists, with most watersheds having moderately high to 

high aquifer recharge rates (score: 3 to 4) and predominantly high recharge (score: 4) in 

three out of four watersheds (Nelore, Morro do Diabo, and Santa Beatriz), while in 

Pelanca, moderately high recharge (score: 3) predominates. When compared to maps 

produced by fuzzy logic, inversions of these trends occur in the first three watersheds, 

mainly due to the inversion of predominance of the soils present there. Previously, 

Latossolos were predominant compared to Argissolos, and in the maps elaborated by 

fuzzy logic (Fig. 8b, d, f, and g), it's the opposite. In Pelanca, significant areas of low 

aquifer recharge (score: 0) appear, mainly due to the inclusion of locations occupied by 

floodplain soils (GX), that is a discharge site (Khan and Fenton, 1994). 

Now, considering aspects such as the lithology of the watersheds, we find that 

sandstone is generally a rock with great potential for aquifer recharge due to its porosity, 

especially coarser-textured sandstones (Feitosa et al., 2008; Schaetzl and Anderson; 

2005). This coarse-grained sandstone is predominant in the Morro do Diabo and Nelore 

watersheds (Rio Paraná lithological unit). In the Pelanca watershed, containing two 

different lithological units (Rio Paraná and Santo Anastácio), areas to the south are 

predominantly coarse-grained sandstones, while the areas to the north are fine-grained. 

The Santa Beatriz watershed predominates the fine-grained sandstones (Rio do Peixe 

lithological unit). Thus, the Santa Beatriz watershed is the one whose water infiltration 

rate into the soil is hindered due to its fine-grained nature, which also occurs in the 

northern areas of the Pelanca watershed. However, the Morro do Diabo, Nelore, and 

southern Pelanca watersheds have gentle slopes in most areas combined with lithological 

aspects that favor aquifer recharge. In their study of the Rio das Velhas watershed in the 

Iron Quadrangle, Brazil, Moura et al. (2024) found low scores when evaluating the 

synergies among aquifer recharge, potential for agriculture, and soil resistance to erosion. 

This can be attributed to the significant occurrence of metamorphic rocks, such as 

orthogneiss, quartzite, and phyllites in their study area, combined with steep slopes.,. 

However, they highlight that where there is itabirite, a very porous rock, the aquifer 
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recharge is higher than in the other regions. This demonstrates how outstanding the area 

lithology is to this ecosystem service. 

Regarding the management practices carried out in these watersheds (Fig. 2), in 

the case of Morro do Diabo, the management should aid in increasing aquifer recharge 

and reducing soil erosion is true since it is predominantly covered by forest, which 

reduces runoff effects, aiding in increased water infiltration. In areas occupied by annual 

crops and sugarcane, adopting no-till farming can help in water infiltration and 

maintenance of crops. Contrary to places where conservation management is not applied, 

these crops can contribute even more to runoff, accelerating erosive processes. An aspect 

particular to the Pontal do Paranapanema region is cassava growing (present in the land 

use mosaic), which occupies large areas and can also accelerate erosive processes because 

its harvesting requires soil disturbance. Therefore, it is advisable that its planting be 

carried out in flatter areas and, if possible, rotation the soil with crops that provide better 

soil cover. 

 The pasture area is predominantly degraded, leading to the necessity of 

sustainable management. This management should consider the area carrying capacity in 

terms of the number of cattle and its susceptibility to soil erosion and compaction. 

Additionally, agricultural practices such as liming and fertilization need to be 

implemented. Moreno-Llorca et al. (2020) found an association between the increase in 

areas planted with pine and a decrease in aquifer recharge, as this crop requires a large 

amount of water for its development. Conversely, they observed synergy between 

increased pasture and scrublands (native vegetation) areas and aquifer recharge in their 

study regarding the evolution of ecosystem services in a 50-year time series in Sierra 

Nevada, Spain. Demonstrating that although the pasture areas in our study are mainly 

degraded, they have the potential to increase aquifer recharge when well managed, 

promoting soil cover and protecting the soil from erosion. 

 

Despite sandstone favoring water infiltration and aquifer recharge, it generally 

gives rise to fragile soils prone to erosion, mainly rill erosion, due to its low aggregation 

between particles and its texture ranging from medium to sandy. Thus, it is essential to 

protect these soils by implementing management practices that maintain vegetative cover 

and avoid soil disturbance, preventing soil erosion and loss of carbon and nutrients that 

could be utilized by crops and native vegetation, besides promoting water infiltration and 

aquifer recharge. 
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3.4 Discussions concerning the scale of ecosystem service spatial prediction 

Overall, ecosystem services supplies were spatially modeled with more detail 

from methods with a digital soil map as a fundamental basis. InVest model and soil 

property maps generated from fuzzy logic explored spatially explicit environmental data 

and provided ecosystem service information following landscape connectivity (Hamel et 

al., 2015; Qin et al., 2021). This spatial configuration is proper for mapping watershed 

level configuration, where heterogeneity of ecosystem services has been found (Zhao et 

al., 2018).  

Maes et al. (2012) attributed the use of direct interpretation of ecosystem services 

based on land use and land cover as a simple approach that may be appropriate for 

inferences at large scales for areas where the dominant service relates directly to land use. 

Technically, semi-detailed or larger-scale soil maps would be more appropriate for 

studies concerning integrated watersheds, local land use, and soil-water conservation 

planning (IBGE, 2015). The befitting scales must be equal to or greater than 1:50,000 

and, in particular situations, may vary up to 1:100,000. However, in Brazil, there is still 

a shortage of soil information at a more detailed scale, with less than 5% of the national 

territory having soil maps at very detailed scales (1:100.000 or larger) (Pronasolos, 2016, 

available at https://ainfo.cnptia.embrapa.br/digital/bitstream/item/156792/1/Doc-183-

Programa-Nacional-de-Solos-do-Brasil.pdf). The continental dimensions of the country 

worsen this scenario, along with the significant soil variability, and lack of pedologists 

for necessary fieldwork. Costa et al. (2009) have alerted about an incorrect technical 

practice that consists of plotting an area of exciting information from expanded maps 

from reconnaissance and exploratory surveys without additional soil campaigns that 

would minimize some soil limitations. This misuse can easily be implemented nowadays 

due to the popularization of geographical information system software. Thus, when 

detecting watershed-related ecosystem supplies, stakeholders must be aware of how 

improper the choice of an incorrect soil map scale could be for proper valuation. This 

inconsistency could be analogously related to the so-called science of scale pointed out 

by Grêt-Regamey et al. (2014) in mapping ecosystem services. If a model depends on soil 

information, errors or uncertainties would be directly incorporated into ecosystem 

services supply estimates. 

The effect of increasing differences in ecosystem service estimates was 

inconsistent and varied across the four case studies. Notably, the greater detail in the soil 



101 

 

 
 

map resulted in more accurate soil loss prediction, given the essential role of the soil map 

in this process. Thus, after obtaining soil losses more precisely, the ecosystem services of 

soil retention also become more accurate. In a broad analysis, the Pelanca and Santa 

Beatriz watersheds experienced a reduction in soil retention ecosystem services (avoided 

export). However, these watersheds also saw reductions in soil loss, with decreases 

reaching an average of up to 3.1 times. Conversely, the Nellore watershed showed an 

increase in the average soil retention ecosystem service provided, but a proportional 

increase in soil loss accompanied this. A notable observation was made in the Morro do 

Diabo watershed, where the average ecosystem service provided nearly doubled despite 

similar average soil losses.  

Aquifer discharge is the ecosystem supply that is more affected by the soil 

mapping scale. Also, trade-offs among ecosystem services were spatially detected since 

soil-landscape units that foster water infiltration, storage, and direct aquifer recharge are 

those that prevent soil loss with avoided erosion. In this case, the synergies arise when 

multiple services are enhanced simultaneously (Qiu and Turner, 2013).  

 

4 Conclusions 

 

By analyzing the increase of soil information from the digital soil mapping 

technique, contrasting soils that might influence ecosystem services differently were 

accurately revealed. Detailed soil mapping has enabled us to perceive the precise 

locations within each watershed where ecosystem services occur more intensely and their 

distribution across the landscape. The detailed soil maps had a greater impact on the direct 

aquifer recharge ecosystem service. The ecosystem service avoided export indicates that 

conservative management must be implemented in the PV and PA areas in the Pelanca 

and Santa Beatriz watersheds. Natural coverage must be maintained or restored, 

especially in the GX areas of all watershed. 
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Abstract 

Studies on the spatial variability of soil organic carbon (SOC) and carbon stocks (CS) are 

mostly conducted in temperate regions. More research is needed to create SOC and CS 

maps with finer resolutions in tropical regions. This work aimed to (1) characterize the 

spatial distribution of SOC and CS under different land uses; (2) generate predictive 

models of SOC and CS using environmental variables and proximal and remote sensing, 

testing 22 combinations of covariate sets; and (3) apply the best models to map SOC and 

CS at detailed scale. In Lavras, Brazil, 90 locations were sampled in a regular grid (200 

x 200 m) in two depths (0-20 and 80-100 cm). 28 locations were sampled for model 

validation. Samples underwent SOC and texture analyses, and were scanned by proximal 

sensors (portable X-ray fluorescence – pXRF and magnetic susceptibility – MS). Terrain 

attributes were calculated from a digital elevation model (12.5 m) and the normalized 

difference vegetation index (NDVI) and insolation indices were obtained from Sentinel2 

and Landsat 8 imagery. The Random Forest (RF) algorithm was used for modeling. 

Higher SOC contents were found in soils derived from gabbro under native forest and 

pasture. High variation of SOC and CS was found even within the same land use, soil 

class and parent material. The prediction achieved an R² = 0.47 (SOC at 0-20 cm) using 

the variables related to remote sensing, parent material, soil class, texture, and land uses. 

Subsurface (80-100 cm) predictions were less accurate. Texture and remotely sensed data 

were the most important predictors. This study showed that high sample density along 

with environmental variables provided satisfactory accuracy. This motivates future work 

on obtaining more accurate and detailed SOC and CS mappings and the development of 

other strategies, such as the use of new variables or models. 

 

Keywords: Climate change; sustainable agriculture; edaphoclimatic factors; SOC 

prediction; C stock prediction. 
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1 Introduction 

 

Guaranteeing food security and more efficient agricultural production is an 

ongoing endeavor and relates directly to issues caused by climate change, which 

continues to preoccupy society and experts in the field (Lee et al., 2024; Liu et al., 2023; 

Shi et al., 2023; Paranavithana et al., 2023). Developing strategies to scale agricultural 

production while mitigating the negative effects caused by the food production chain 

(including food, fibers, and energy) is essential. Increasing the content of soil organic 

carbon (SOC) presents several benefits to productive systems by increasing productivity, 

besides mitigating the emission of gases such as CO2 and methane (CH4) into the 

atmosphere (Canellas et al., 2000; Paranavithana et al., 2023).  

Studies have shown positive effects stemming from the interaction between SOC 

and physical, chemical, and biological soil attributes, including improvement of 

aggregation, total porosity, soil water retention, and infiltration capacity (Blanco-Canqui 

et al., 2013; Silva et al., 2022; Souza et al., 2023), especially in sandy soils and in the 

subsurface (Minasny; McBratney, 2017). Moreover, higher SOC levels increase the 

activity and diversity of microorganisms in the soil, contributing to the balance of 

organism populations, in turn reducing the occurrence of pests and diseases, increasing 

fertilizer efficiency, leading to the production of higher quality food while reducing the 

use of chemicals (Blanco-Canqui et al., 2013; Cotching, 2018; Fageria, 2012). 

Carbon stock (CS) is defined as the amount of carbon stored in soils per area and 

depends on the SOC content, soil density, and the sampled layer thickness (Gomes et al., 

2019). It is a tool used to quantify carbon and represent CO2 equivalence per area used to 

calculate carbon units for greenhouse gas (GHG) emission reduction projects and carbon 

credit markets, in accordance with the Verified Carbon Standard (VCS, 2024). Generating 
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detailed maps of both SOC and CS entails high operational costs, as it requires a large 

amount of field-collected data, besides high laboratory analysis costs, which motivates 

the search for methods that facilitate obtaining such information. This issue has been 

investigated through predictive models created using algorithms such as the Random 

Forest, Support Vector Machine, and Artificial Neural Networks (Sothe et al., 2022; 

Taghizadeh-Mehrjardi et al., 2020; Tayebi et al., 2021). To reduce data acquisition costs, 

several studies have been conducted combining machine-learning algorithms with 

satellite and drone data (remote sensors) to infer SOC content (Li et al., 2018; 

Taghizadeh-Mehrjardi et al., 2020). Additionally, tools such as proximal sensors, which 

generate low-cost data quickly and without generating waste, have also been proven to 

provide valuable data complementary to remotely sensed data, contributing to more 

accurate modeling and mapping of SOC levels (Wang et al., 2015; Mukhopadhyay; 

Chakraborty, 2020; Cambule et al., 2012; Nawar; Mouazen, 2018; Faria et al., 2022) and 

CS (Li et al., 2018; Siewert, 2018). 

Several studies around the world are evaluating the importance of different 

predictor variables to explain SOC variation, including variables from remotely and 

proximally sensed data (Taghizadeh-Mehrjardi et al., 2020; Gomes et al., 2019; 

Nuralykyzy et al., 2023). However, most of the studies conducted for the quantification 

and mapping of SOC are from temperate regions, where soil and climatic conditions act 

differently from those of the tropical regions (Nuralykyzy et al., 2023; Shi et al., 2023; Li 

et al., 2018; Taghizadeh-Mehrjardi et al., 2020; Poeplau et al., 2016). Studies of this 

nature in tropical soils at the property level (high detail) are particularly rare (Mantovani 

et al., 2024). Differences in soil forming factors (especially climate and age) lead to 

different predominating soil taxa, whereby highly weathered and old soil classes will 

predominate in tropical environments (e.g., Oxisols and Ultisols). Higher porosity and 
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aeration common in older soils combined with higher temperatures result in higher rates 

of decomposition and mineralization of organic matter in tropical regions, thereby 

hampering the increase of SOC (Fageria, 2012). Thus, factors influencing SOC dynamics 

may have a different degree of importance in tropical regions. Moreover, little is known 

about the spatial distribution patterns of C at a more detailed scale in Brazilian soils and 

the effects of variables such as soil class, parent material, and relief, among others, on the 

spatial distribution of SOC. 

Several studies have mapped SOC and CS in large areas at coarser resolutions 

(Gomes et al., 2019; Vågen et al., 2016), but finer resolution maps are needed for reliable 

CS accounting, planning of conservationist practices, and precise soil fertility 

management at local scales, which motivates the search for variables, methods, and tools 

to facilitate accurate mapping. This study aims to (1) characterize the spatial distribution 

of SOC content and CS in an area within the Atlantic Forest biome, under different land 

uses, parent materials, and soil classes; (2) perform spatial predictions of SOC and CS 

levels through 22 combinations of environmental and remote and proximal sensing 

variables; and (3) map SOC and CS in detail using the Random Forest algorithm and a 

distance-based method (multilevel-b-spline), determining which variables best explain 

their spatial variability. Thus, the hypotheses of this study are: high sample density 

associated with high-resolution proximal and remote sensing data, as well as data on 

parent materials, soil classes, and land use, can provide accurate SOC and CS prediction, 

and that variables related to parent material, soil, and land use will be important for 

understanding the detailed spatial variability of SOC and CS. 

 

2 Material and Methods 
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2.1 Study area and sampling 

The study area is located in the campus of the Federal University of Lavras 

(UFLA) (Figure 1) in the municipality of Lavras, Minas Gerais state, Brazil, covering 

315 ha. The slope varies from nearly level (<4%) to steep (20-60%). The parent materials 

of soils are gabbro and granite-gneiss (Curi et al., 2017). There is a high diversity of soil 

classes (7 orders) and land uses (7) in the study area (Figure 1). Vegetation is mostly 

Seasonal Semideciduous Forest (Atlantic Forest biome) and the local climate according 

to the Köppen classification is Cwa, defined as a humid subtropical climate with mild 

temperatures and rainy summers, with average annual temperature and precipitation of 

19 ºC and 1530 mm, respectively (Alvares et al., 2013; Dantas et al., 2007). 

Samples were collected at 90 locations at depths 0-20 and 80-100 cm following a 

regular grid (200 x 200 m), totaling 180 samples used to train the models. To validate 

models, 28 extra locations were sampled in the same two depths (56 samples). The sample 

density for the training set (n = 90) is of 1 sampled location every 3.5 ha, making this 

work one of the few studies with this level of detail for SOC and CS spatial modeling in 

the tropical literature. 
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Figure 1. Location sampling points, parent material, soil classes, and land uses in the 

study area located in Lavras, Minas Gerais State, Brazil.  

*CX: Cambissolos Háplicos; GM: Gleissolos Melânicos; GX: Gleissolos Háplicos; LA: Latossolos 

Amarelos; LVA: Latossolos Vermelho-Amarelos; LV: Latossolos Vermelhos; NV: Nitossolos Vermelhos; 

OX: Organossolos Háplicos; PA: Argissolos Amarelos; PVA: Argissolos Vermelho-Amarelos; PV: 

Argissolos Vermelhos; RR: Neossolos Regolíticos.  

 

Soil classes found in the study area and the area each class occupies are presented 

in Table 1 along with the correspondences between the Brazilian Soil Classification 

System (Santos et al., 2018) and two other international classification systems, namely 

the World Reference Base for Soil Resources (FAO, 2022) and the US Soil Taxonomy 

(Soil Survey Staff, 2022). 

 

Table 1. Soil orders and the area they occupy in the study area located in Lavras, Minas 

Gerais State, Brazil. Classifications are given according to the Brazilian Soil 
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Classification System (SBCS) with their respective equivalences with the World 

Reference Base for Soil Resources (WRB; FAO, 2022) and the US Soil Taxonomy 

(Soil Survey Staff, 2022). 

SBCS 
Acronyms 

(SBCS) 
WRB 

US Soil 

Taxonomy 
Area (ha) 

Cambissolos Háplicos CX Cambisols Udepts 28.59 

Gleissolos Melânicos /              

Gleissolos Háplicos 

GM/        

GX 

Umbric Gleysols/ 

Reductigleyic Gleysols 

Aqualf /   

Aquents 

0.54 /     

14.16 

Latossolos Vermelhos /      

Latossolos Vermelhos-Amarelos /          

Latossolos Amarelos  

LV/     

LVA/     

LA 

Rhodic Ferralsols / 

Haplic Ferralsols / 

Xanthic Ferralsols 

Udox 

108.59 /       

51.00 /     

7.55 

Nitossolos Vermelhos NV Rhodic Nitisols Udalfs 9.17 

Organossolos Háplicos OX Sapric Histosols Folists 0.60 

Argissolos Vermelhos /      

Argissolos Vermelhos-Amarelos /          

Argissolos Amarelos 

PV/      

PVA/      

PA 

Rhodic Lixisols /  Haplic 

Lixisols / Xanthic 

Lixisols 

Udults 

20.33 /   

54,52 /     

2.23 

Neossolos Regolíticos RR Regosols Orthents 0.59 

 

2.2 Laboratory analyses 

2.2.1 Chemical and physical analyses 

The 256 collected samples were air-dried and sieved (2 mm) to obtain the air-

dried fine earth fraction (ADFE) prior to performing analyses of soil organic carbon 

(SOC) content and texture. The SOC content was measured using the Walkley and Black 

methodology (1934). Sand, silt, and clay fractions were separated and quantified 

according to Gee and Bauder (1986) (i.e. the pipette method). Undisturbed samples were 

collected in triplicate at the two studied depths (0-20 and 80-100 cm) in every condition 

of soil class, parent material, and land use for determination of soil bulk density (Ds). 
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Using the volumetric ring method (Viana et al., 2017), undisturbed samples were 

collected with an Uhland sampler in a cylinder of known volume. The samples were dried 

in an oven at 105 ºC for 48 hours and weighed to calculate their bulk density (Eq. 1). 

Subsequently, the triplicates' mean was obtained, allowing for the calculation of the CS 

performed as presented in Eq. 2 (Veldkamp, 1994). 

Ds = m/v                                           (Eq. 1) 

Where: Ds = density of the soil (kg dm-³); m = mass of sample dried at 105 ºC (kg); v = 

volume of the cylinder (dm³). 

CS = [COS × Ds × e]/10   (Eq. 2) 

Where: CS = organic C stock at a given depth (Mg ha-1); COS = total organic C content 

of the sampled layer (g kg-1); Ds = soil density in the collected layer (kg dm-3); e = 

collected layer thickness (cm).  

  

2.2.2 Analysis with proximal sensors 

Portable X-ray fluorescence spectrometer (pXRF) and the magnetic 

susceptibilimeter were chosen due to known relationships between data provided by the 

two proximal sensors and SOC content (Faria et al., 2022; Jakłík et al., 2016). PXRF was 

used to determine elemental contents of samples and the magnetic susceptibilimeter was 

used to measure the magnetic susceptibility (MS) of samples. 15 g of the ADFE fraction 

of samples were analyzed by a Bruker® S1 Titan 600 pXRF using the "Trace" mode. This 

pXRF model contains a Rh X-ray tube with 50 keV and 100 μA. Sample scanning was 

performed in triplicate for 60 s per sample (Weindorf; Chakraborty, 2016). To verify the 

accuracy of the equipment, results were compared to samples certified by the National 

Institute of Standards and Technology (NIST) and provided by the equipment 
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manufacturer. Comparisons were carried out by measuring the recovery rate of the 

elements detected by the equipment (Peinado et al., 2010). MS was measured using a 

Bartington MS2B susceptibility meter. 10 g of the ADFE fraction of each sample was 

scanned in triplicates in low frequency (LF) mode. The results were applied to Eq. 3 

(Dearing, 1999). 

MS () = LF / sample weight             (Eq. 3) 

Where: SM = magnetic susceptibility (10-7 m3 kg-1); LF result = reading obtained on the 

equipment in low frequency; sample weight = mass (g). 

 

2.3 Generation of terrain attributes, NDVI and indices related to insolation 

A Digital Elevation Model (DEM) with a spatial resolution of 12.5 m (Alos Palsar) 

was used to create 15 terrain attributes (Table 2) for the study area via SAGA GIS 7.8.2 

(Conrad et al., 2015). Gaps in the DEM were filled through the Fill Sinks tool (Wang; 

Liu, 2006). The generated terrain attributes highlight different aspects of the terrain, 

which were used for predicting SOC and CS in the study area. 

 

Table 2. Description of the 15 terrain attributes generated to be used as SOC and CS 

predictor variables. 

Terrain Attributes (TA) Description 

Analytical Hillshading (AH) It facilitates terrain visualization, representing the angle between the 

surface and the incidence of light beams measured in radians. 

Aspect (Ap) It shows terrain characteristics through slope orientation, related to 

factors such as moisture and solar radiation on the terrain (Gallant; 

Wilson, 2000). 

Channel Network Base Level (CNBL) It interpolates the elevation of the base level of the channel network 

and then subtracts the obtained values from the original data, 

resulting in the approximate depth of the base flow of a watershed 

(Conrad, 2002). 
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Channel Network Distance (CND) It shows how far a point is from the drainage network. 

Convergence Index (CI) Similar to Plan Curvature (PC), but returns smoother values, where 

the result is calculated as percentages from the aspects of 

neighboring cells, while PC calculates as a whole. 

Flow Directions (FD) Allows the analysis of water flow directions in a watershed. 

Multiresolution Index of Valley Bottom 

Flatness (MRVBF) 

It is an index calculated from the slope and percent elevation of the 

terrain, analyzing the DEM in a generalized manner combined with 

increasingly less steep slopes, highlighting the depressions in the 

area (Gallant; Dowling, 2003). 

Multiresolution Index of the Ridge Top 

Flatness (MRRTF) 

Although similar to MRVBF, it operates on the opposite principle, 

highlighting the peaks of the terrain (Gallant; Dowling, 2003). 

Plan Curvature (PC) It analyzes the ridges and valleys of the terrain, returning positive 

values for concave features and negative values for convex features 

(Gallant; Wilson, 2000). 

Profile Curvature (PrC) Curvature between the surface and the steepest slope. 

Relative Slope Position (RSP) It calculates the relative distance from a given point to the lowest 

area of the landscape. 

Slope (S) It represents the slope of the terrain at each point on the map in 

relation to a normal plane. 

Topographic Wetness Index (TWI) It is related to trends in soil moisture content according to local 

terrain (Beven; Kirkby, 1979). 

Total Catchment Area (TCA) The attribute processes the DEM to find the lowest areas of the 

landscape and is related to the water flow of a watershed. 

Valley Depth (VD) It represents the difference between the elevation of a point and the 

top of the landscape; the lower the index, the closer it is to the 

deepest areas of the landscape. 

 

The current normalized difference vegetation index (NDVI) was calculated from 

bands 8 and 4 from Sentinel 2 (spatial resolution = 10 m), and bands 5 and 4 from Landsat 

8 (spatial resolution = 15 m), using filtering to ensure a low amount of clouds and high 

image quality. Satellite imagery was obtained from the Sentinel Hub EO Browser 

(https://apps.sentinel-hub.com/eo-browser/). NDVI for both satellites was calculated 

using QGIS (QGIS Development Team, 2023) through the raster calculator through Eqs. 

4a (Sentinel 2) and 4b (Landsat 8) (Tucker, 1979): 

NDVISentinel 2 = Band 8 - Band 4/ Band 8 + Band 4                                   (Eq. 4a) 
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NDVILandsat 8 = Band 5 - Band 4/ Band 5 + Band 4                                   (Eq. 4b) 

Where band 4 corresponds to reflectance in the red region of the spectrum (0.64 

to 0.67 μm), and bands 5 and 8 correspond to reflectance in the near-infrared (NIR) region 

(0.85 to 0.88 μm). NDVI relates visible red light absorbed by chlorophyll (band 4) and 

the NIR range reflected by the mesophyll (bands 5 or 8). The higher this difference 

(absorbed by chlorophyll vs. reflected by mesophyll), the lusher the vegetation. It varies 

from -1 to 1, with higher values representing lusher vegetation. The insolation indices 

(direct, diffuse, global, and reflected insolation, and insolation time) were also extracted 

from this platform herein since changes in solar radiation have a significant impact on the 

carbon balance of terrestrial ecosystems (Kanniah et al., 2012). NDVI and insolation 

indices were resampled with the same spatial resolution (12.5 m) of the other covariates 

utilized in this study for the modeling described below.  

 

2.4 Statistical analysis and predictions of SOC and CS 

Descriptive statistics were computed while grouping SOC content by soil class, 

parent material, and land use. Calculated statistics included maximum and minimum 

values, means, standard deviation (SD), and coefficient of variation (CV). Additionally, 

boxplots of CS were generated for while grouping CS per soil class, parent material, and 

land use. Statistical analyses and data visualization were performed using the R software 

(R Core Team, 2023) and the ggplot2 package (Wickham, 2016). 

The modeling of both SOC and CS was performed using the RF algorithm (Ho, 

1995). Variables representing four of the five major soil formation factors proposed by 

Jenny (1941) were used: climate (diffuse, direct, global, and diffuse radiation, and 

insolation time), organisms (NDVI and land use), relief (terrain attributes - TAs), and 

parent material (PM). In addition to these attributes, texture data and data from the 
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proximal sensors pXRF and MS were also used for modeling. The contents of the 

following elements detected by pXRF were spatialized by multilevel-spline: Al, Ca, Ce, 

Cl, Cr, Cu, Fe, K, Mn, Ni, P, Pb, Rb, Si, Ta, Ti, V, Zn, and Zr. A total of 22 combinations 

of explanatory variable datasets were tested, for example, only AT; AT + pXRF/MS; AT 

+ PM; AT + pXRF/MS + PM + texture; etc. Both surface and subsurface predictions are 

considered analyses at both depths since subsurface soil properties may influence surface 

properties and vice versa. 

For comparison purposes, the accuracy of SOC and CS maps were also assessed 

when using an interpolation algorithm based solely on distance, namely the multilevel-b-

spline algorithm implemented in SAGA GIS (Conrad et al., 2015). SOC and CS contents 

were thus spatialized using the 90 regular grid samples and the accuracy was evaluated 

with the 28 validation points. 

The accuracy of all generated models was tested by the coefficients of 

determination (R²) (Eq. 5) and root mean square error (RMSE) (Eq. 6). R² is a metric 

indicating how much of the variability was explained by the model compared to the mean 

of observed values, with better models returning values closer to 1. Meanwhile, RMSE is 

related to the model's error, showing how far the predicted values are from the real ones; 

thus, lower values obtained by this metric indicate lower accumulated errors. 

 

R² = 
∑ (𝑃𝑖− 𝑂𝑚̅̅ ̅̅ ̅)²𝑛

𝑖=1

∑ (𝑂𝑚𝑖
𝑛
𝑖=1 − 𝑂𝑚̅̅ ̅̅ ̅)²

                                                                      (Eq. 5) 

RMSE = [
1

𝑁
∑ (𝑃𝑖 − 𝑂𝑖)2𝑁

𝑖=1 ]

1

2
                                                      (Eq. 6) 
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Where: Oi = observed CS or COS content; Om = mean of observed CS or COS content, 

Pi = CS or COS content predicted by the models; n = number of points used in the 

predictions. 

 

Plots presenting variables considered most important for models and the scatter 

plots of predicted data versus observed data were also created using the tidyverse 

(Wickham et al., 2019) and randomForest (Ho, 1995) packages. 

 

2.5 SOC modeling 

Point-data (e.g., elements from pXRF and MS) obtained for the sampling points 

(90 points on a regular grid) were spatialized using multilevel-b-splines (Lee et al., 1997) 

with spatial resolution of 12.5 m to match the resolution of the other used variables such 

as terrain attributes. Additionally, categorical variables (soil map, parent materials, and 

land use) were rasterized with the same spatial resolution. After spatializing point-data 

variables and rasterizing categorical variables, they were combined with remotely sensed 

data (NDVI and insolation indices) and used as inputs to the most accurate model to create 

the SOC map of the study area. Spatial data was handled using the raster (Hijmans, 2022), 

and RColorBrewer (Neuwirth, 2014) packages.  

 

3 Results and Discussion 

 

3.1 Characterization of SOC and CS contents 

The highest surface SOC contents (0-20 cm) (Table 3) were observed in the 

pasture area, followed by native forest. Native forests presented the highest mean value, 

followed by pasture and eucalyptus forests. Soils under native forests accumulate plant 
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litter and tend to have lower organic matter decomposition rates due to the absence of 

anthropic influence, leading to an increase in SOC over time (Mantovani et al., 2024; Shi 

et al., 2023). High SOC content in soils under pasture may be related to root exudation 

and decomposition of dead roots, in addition to the input of animal manure. Furthermore, 

the protective function of vegetation cover prevents SOC losses through erosion and 

contributes to slower organic matter decomposition rates (Conrado Neto et al., 2015). At 

depth (80-100 cm), soils under pasture showed the highest SOC content, followed by 

native forest. This is mainly due to the presence of species with deeper root systems. 

Roots incorporate SOC in the subsurface and form a network of channels through which 

part of the SOC moves with water to greater depths in the soil profile (Souza et al., 2023). 

Additionally, roots favor SOC accumulation by releasing exudates in their surroundings, 

causing an increase in microbial activity and biomass production (Huang et al., 2022; 

Paranavithana et al., 2023). 
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Table 3. Descriptive statistical analysis of SOC levels in different uses, parent materials, 

and soil class, Lavras, Minas Gerais State, Brazil. 

 Maximum Minimum Mean SD CV Maximum Minimum Mean SD CV 

Land Uses  % % 

Depth (0-20 cm) Depth (80-100 cm) 

Pasture 8.18 1.22 3.42 1.54 44.97 16.36 0.12 1.37 2.44 177.56 

Native Forest 6.32 2.38 4.23 1.17 27.69 2.67 0.29 1.11 0.70 63.32 

Eucalyptus 

Plantation 
5.34 1.97 3.42 1.18 34.53 1.80 0.46 0.96 0.54 56.27 

Coffee 

Plantation 
3.65 2.67 3.21 0.39 12.13 1.97 0.58 1.23 0.47 38.49 

Pinus 

Plantation 
3.89 2.49 3.17 0.70 21.98 1.51 0.58 0.93 0.51 54.49 

Experimental 

Area 
4.23 2.20 2.88 1.17 40.69 1.04 1.20 0.85 0.18 20.83 

Agricultural 

Use 
2.78 2.78 2.78 - - 0.81 0.81 0.81 - - 

Parent Material 

Gabbro 8.18 1.22 4.14 1.53 37.1 16.36 0.46 1.72 2.49 145.21 

Gneiss 5.80 1.22 3.20 1.01 31.72 1.97 0.12 0.83 0.42 50.8 

Soil Class 

CX* 3.89 1.22 2.63 0.76 28.97 1.97 0.46 0.87 0.52 0.27 

GM 2.67 2.67 2.67 - - 0.64 0.64 0.64 - - 

GX 3.89 3.13 3.42 0.41 11.86 2.67 1.10 1.82 0.79 0.63 

LA 3.48 1.97 2.64 0.65 24.70 1.16 0.64 0.83 0.23 0.05 

LVA 6.32 1.97 3.41 1.40 41.04 1.51 0.29 0.95 0.42 0.17 

LV 6.84 1.22 3.76 1.43 37.94 2.49 0.46 1.34 0.60 0.36 

NV 4.23 2.67 3.60 0.82 22.87 1.22 0.52 0.77 0.39 0.15 

OX 8.18 8.18 8.18 - - 16.36 16.36 16.36 - - 

PA 3.89 3.65 3.73 0.13 3.59 0.52 0.29 0.43 0.12 0.01 

PVA 6.50 1.97 3.82 1.29 33.86 1.97 0.29 0.87 0.45 0.21 

PV 5.63 2.67 4.25 1.13 26.57 2.49 0.12 0.87 0.95 0.90 

RR 4.12 4.12 4.12 - - 0.58 0.58 0.58 - - 

*CX: Cambissolos Háplicos; GM: Gleissolos Melânicos; GX: Gleissolos Háplicos; LA: Latossolos 

Amarelos; LVA: Latossolos Vermelho-Amarelos; LV: Latossolos Vermelhos; NV: Nitossolos Vermelhos; 

OX: Organossolos Háplicos; PA: Argissolos Amarelos; PVA: Argissolos Vermelho-Amarelos; PV: 

Argissolos Vermelhos; RR: Neossolos Regolíticos. 

 

Pasture soils presented both the maximum and minimum SOC contents and 

highest SD and CV among land uses, which can be explained by the presence of degraded 

pasture in some locations, leading to decreased SOC levels despite the generally positive 
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impact of pasture compared to other anthropic land uses. However, it should be noted that 

one of the sampled points under pasture use was in an Organossolo (Histosols) area, 

which may have significantly contributed to this result. The lowest average surface SOC 

contents were found in soils within agricultural and experimental areas due to constant 

soil disturbance, exposing SOC and accelerating its decomposition process. A similar 

trend was observed in the 80-100 cm layer, with soils of agricultural land presenting the 

lowest value, probably due to the area's history of intensive use, which could be improved 

with the adoption of conservation practices, favoring root growth, aggregate stabilization, 

and protection of organic particles (Souza et al., 2023). The highest SOC values at depth 

were found in pasture, coffee cultivation, and native forest. This underscores the 

importance of perennial crops for SOC conservation and maintenance, which incorporate 

carbon through the deposition of crop residues and deep roots, and slows the 

decomposition of organic matter by minimizing soil disturbance. 

When grouping SOC by parent material, it is observed that soils derived from 

gabbro have higher values in all evaluated statistical parameters compared to soils derived 

from gneiss, both in the surface and subsurface. This happens because gabbro forms soils 

that are more clayey and well-structured, as it is composed of more easily weatherable 

minerals. According to Oliveira et al. (2015), soil mineralogy has a significant influence 

on SOC retention in tropical soils, as it controls texture, structure, porosity, and nutrient 

content, depending on the degree of soil weathering. Due to the higher clay and oxide 

content, the aggregation process is favored in tropical soils, along with the intra-aggregate 

C protection. In addition to the predominance of microporosity, soils with finer texture 

with higher clay or silt content are typically more prone to organic particle retention. 

Gioacchini et al. (2024) detected in their study higher SOC contents in microaggregates 

by occlusion and greater formation of macroaggregates compared to the control area. 
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Moreover, the higher the clay content, the greater the capacity for C storage in tropical 

soils. Higher clay content also increases the presence of positively charged Fe and Al 

oxides that collapse carboxyl radicals and thus increases the number of negatively 

charged sites (Sá et al., 2013). Additionally, most soils formed from gabbro are under 

native forest and pasture, which provide the necessary SOC input for the aggregation 

process through the formation of different aggregate classes. The opposite occurs, for 

example, in sandy soils where there is lower aggregation and smaller, less stable 

aggregates, therefore the surface layers of these soils tend to lose more SOC both by 

mineralization and translocation, accumulating SOC in deeper layers (podzolization) 

(Oliveira et al., 2015). 

When grouping SOC by soil classes, the highest values for maximum, minimum, 

and mean were found in soils of the OX class (Histosols), followed by LV (Oxisols) in 

the surface. In the subsurface, highest SOC contents were found also for soils of the OX 

class, followed by GX (Aquents). The high contents in OX were due to their formation 

process (paludization), which causes the accumulation of organic material. The 

conditions for the formation of OX that lead to the accumulation and preservation of SOC 

(depositional anoxic environments) override the effect of parent material and land use.  

Soils classified as LV had the second highest SOC levels, which may sound 

counterintuitive since they are known for their high degree of weathering, good drainage, 

and lack of nutrients, as they were formed by intense weathering and leaching under 

humid tropical climates (Ker, 1998). The explanation for the comparatively higher SOC 

in these soils may be their low levels of available phosphorus, which may inhibit 

microbial activity and hinder organic matter mineralization (Fageria, 2012). Another 

hypothesis is that the mineralogy may be contributing to preserve SOC in LVs. LVs in 

the studied area have clayey or very clayey texture and predominant kaolinitic mineralogy 
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with a significant presence of oxides. This clay mineralogy may favor direct C adsorption 

and soil aggregation, consequently protecting SOC from degradation by microorganisms 

and preserving it for longer periods of time (Huang et al., 2022; Mantovani et al., 2024). 

Additionally, Huang et al. (2022) highlighted that finer-textured soils may contain higher 

SOC levels also due to extrinsic factors such as the ability of this soil type to retain more 

water, favoring the growth of plants that input C into the soil. Rodríguez-Albarracín et al. 

(2023) observed that minerals like hematite and kaolinite, commonly found in Brazilian 

soils, have the highest potential to sequester SOC compared to minerals like goethite and 

gibbsite, which, despite having high affinity with organic particles, saturate more easily 

and stabilize SOC during a shorter period of time. Furthermore, it was reported by Zinn 

et al. (2007) that minerals with low crystallinity (e.g., amorphous Fe and Al oxides) also 

have great capacity for C adsorption, as they have a larger specific surface area than other 

clay minerals like kaolinite, analyzing Brazilian soils from the Cerrado biome. 

LV was one of the soil classes that showed the highest standard deviation (SD) 

and coefficient of variation (CV) values on the surface, indicating high dispersion and 

variability of the data compared to the mean. This was likely due to the occurrence of this 

soil class in two parent materials under different land uses, resulting in differences in 

texture and chemical composition of deposited organic materials (litter from different 

species), leading to divergent amounts of accumulated SOC. In the subsurface SD and 

CV values were low, as SOC tends to decrease with depth (Gomes et al., 2019). 

CS varied within the same soil class when grouped by land use and parent material 

(Figure 2). In the surface (0-20 cm), CS ranged from 26.3 to 148.5 Mg ha⁻¹, and in the 

subsurface (80-100 cm), from 2.6 to 105.9 Mg ha⁻¹. In the surface, CS was highest in LV 

under pasture and LVA (Oxisols) under native forest, both in areas where gabbro is the 

parent material. Higher clay contents in these soils assist in aggregate formation and 
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stability, aiding in the protection and retention of organic particles (Gholizadeh et al., 

2018), which explains our results for areas with soils derived from gabbro. It is important 

to mention that the 0-20 cm depth layer of the OX presented sediments deposited due to 

erosion of the hills surrounding the OX area, which explains why OX did not present the 

highest CS values in the surface. Meanwhile, in the subsurface, the highest contents were 

observed in OX under native pasture and GX under native forest, derived from organic 

sediments and gabbro, respectively (organic sediments not shown in the parent material 

map due to its small extent in the study area). This agrees with Sá et al. (2013), who 

reported significant contribution of Organossolos (Histosols) and Latossolos (Oxisols) as 

important soil carbon reservoirs. 

In the surface, the lowest CS levels were found in CX (Entisols) and LV under 

pasture, with soils from both classes being formed from gabbro and gneiss, respectively. 

In the subsurface, the lowest CS was found in PV derived from gneiss under pasture. As 

highlighted earlier, this may have occurred because some sections of the study area had 

degraded pastures. For instance, the studied soils classified as LV (Oxisols) and PV 

(Ultisols) occur in degraded pasture areas and are formed from gneiss, hence they likely 

have lower clay content than LV derived from gabbro, limiting the protection of SOC and 

accelerating its decomposition by microorganisms (Souza et al., 2023). Additionally, soils 

classified as CX have generally less developed structures and are highly susceptible to 

erosion, which is facilitated by its occurrence on steeper slopes in the study area, favoring 

SOC loss through erosion (Silva et al., 2005). 
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Figure 2. Carbon stock (CS) in different depths (0-20 and 80-100 cm) in combinations 

of soil class, land use and parent material found in the study area.  

*Soil class: CX: Cambissolos Háplicos; GM: Gleissolos Melânicos; GX: Gleissolos Háplicos; LA: 

Latossolos Amarelos; LVA: Latossolos Vermelho-Amarelos; LV: Latossolos Vermelhos; NV: Nitossolos 

Vermelhos; OX: Organossolos Háplicos; PA: Argissolos Amarelos; PVA: Argissolos Vermelho-Amarelos; 

PV: Argissolos Vermelhos; RR: Neossolos Regolíticos. Land uses: Agr: Agricultural Use; Cof: Coffee 

Plantation; Euc: Eucalyptus Plantation; Exp: Experimental Area; For: Native Forest; Pin: Pinus Plantation; 

Pst: Pasture. Parent material: Gb: Gabbro; Gn: Gneiss; Or: Organic Sediments. 

 

Greater data ranges were observed in the surface where CS levels were higher, 

especially for PVA (Ultisols) in two groupings, the first under native forest with gneiss 

as parent material (57.42 to 106.33 Mg ha⁻¹), while the second under pasture with gabbro 
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as parent material (36.15 to 119.09 Mg ha⁻¹). This variability persists even when grouping 

data by other criteria, as presented in Figure 2, highlighting some of the difficulties in 

mapping this attribute in the study area at a detailed scale. 

 

3.2 SOC and CS predictions and model validation 

Different combinations of independent variables used for the prediction of SOC 

and CS caused a wide variation in the R² values generated by the models (Table 4). The 

results show that a high sample density does not always result in high performance in soil 

attribute predictions (Loiseau et al., 2021). The prediction of CS showed lower 

performance, with lower R² values and higher RMSE values. This indicates that even 

considering the high variability of soils (12 suborders), land uses (7), and two-parent 

materials, terrain attributes and high sample density were not sufficient to explain the 

variability of SOC at a detailed scale. Especially for CS, as its calculation includes soil 

density, this increased the complexity of the data, as the same soil classes may have 

different soil density under the same land use given its high spatial variability (Mantovani 

et al., 2024). 
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Table 4. R² and RMSE values obtained from the different models tested for predicting 

soil organic carbon (SOC) and C stock (CS) in two depths (0-20 and 80-100 cm) using 

Random Forest with different datasets (a, b, c, d, and e) and the multilevel-b-spline 

interpolation algorithms. 

Random Forest 

Dataset 

 

SOC CS 

0-20 80-100 0-20 80-100 0-20 80-100 0-20 80-100 

Predictor variables  R² RMSE R² RMSE 

(a) 0.18 0.08 1.97 0.38 0.08 0.03 43.87 8.89 

(a); (b) 0.15 -0.02 1.99 0.77 0.01 -0.01 43.70 11.26 

(b) 0.13 0.01 2.03 0.95 0.01 0.06 44.60 11.89 

(c) -0.04 -0.03 1.96 0.65 -0.04 -0.04 45.65 10.39 

(a); (c) 0.15 0.07 1.93 0.39 0.08 0.01 43.77 9.06 

(b); (c)  0.12 0.01 2.01 0.86 0.01 0.05 44.13 11.82 

(a); (b); (c) 0.16 -0.01 1.97 0.81 0.02 -0.01 43.63 11.01 

(b); (d) 0.15 -0.01 1.99 0.77 0.00 0.06 43.76 11.54 

(b); (c); (d) 0.13 -0.01 1.95 0.72 0.01 0.07 43.97 11.82 

(a); (b); (c); (d) 0.16 -0.03 1.95 0.65 0.01 -0.02 43.43 10.83 

(a); (c); (d) 0.39 0.14 1.72 0.37 0.16 -0.03 39.43 9.63 

(c); (d) -0.01 -0.02 1.82 0.46 -0.03 0.01 41.58 12.23 

(e) 0.21 -0.04 2.14 0.5 0.00 0.00 45.71 11.35 

(b); (e) 0.15 0.03 2.02 0.96 0.02 0.10 44.29 12.35 

(a); (e) 0.28 0.01 2.02 0.4 0.11 -0.04 43.63 10.03 

(c); (e) 0.10 0.01 2.04 0.52 -0.02 -0.03 45.39 10.95 

(d); (e) 0.20 -0.01 1.84 0.44 0.03 0.03 40.33 11.13 

(a); (b); (e) 0.17 0.00 1.99 0.85 0.02 0.01 43.9 11.31 

(a); (b); (d); (e) 0.19 -0.04 1.95 0.67 0.02 0.01 43.72 11.13 

(a); (b); (c); (d); (e) 0.16 -0.03 1.96 0.66 0.03 0.00 43.39 11.05 

(a); (c); (d); (e) 0.47 0.08 1.76 0.39 0.17 -0.03 40.00 10.33 

(c); (d); (e) 0.21 -0.01 1.84 0.45 0.03 0.02 41.21 11.55 

Multilevel-b-spline 

 Predicted variables SOC       CS    

Depth (cm) 0-20 80-100 0-20 80-100 0-20 80-100 0-20 80-100 

 R²   RMSE   R²   RMSE   

 0.25 0.03 2.30 0.85 0.05 -0.04 50.65 13.96 

(a) Terrain Attributes; (b) pXRF, MS; (c) Land Use, Soil class, Parent material; (d) Texture; (e) NDVI 

(Sentinel 2 and Landsat 8), radiation (diffuse, direct, global and reflected) and insolation time. 
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The best prediction accuracy was obtained for surface SOC content (0-20 cm) (R² 

= 0.47 and RMSE = 1.76) (Figure 3a) when combining terrain attributes, land use, soil 

type, parent material, soil texture, NDVI, radiation (diffuse, direct, global, and reflected), 

and insolation time, representing four of the five soil formation factors. This is justified, 

as SOC depends on relationships between factors such as vegetation, drainage, climate, 

and management, as well as soil attributes such as texture, structure, and mineralogy 

(Scott et al., 1996; Schoenholtz et al., 2000; Telles et al., 2003; Oliveira et al., 2015). 

Huang et al. (2022) emphasized that obtaining accurate predictions of SOC at detailed 

scales was a challenge due to the availability of data, its representativeness, and the 

difficulty of selecting variables that can explain the spatial distribution of SOC in the area. 

They further highlighted that the best results usually come from models that incorporate 

the Scorpan model (McBratney et al., 2003) related to soil formation factors for digital 

soil mapping and its attributes. Figure 3b represents the model generated by the 

multilevel-b-spline, showing a large dispersion about the trend line, resulting in a low R² 

(0.25). 
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Figure 3. Predicted vs. Observed SOC values for the best model on surface (0-20 cm) 

based on Random Forest (a); and based on the multilevel-b-spline (b). 

 

The top ten most important variables for generating the most accurate model 

included surface textural classes (0-20 cm), vegetation indices as NDVI (Sentinel 2), 

parent material, and some of the terrain attributes (CND, VD, DEM, RSP, and CNBL) 

(Figure 4). Texture is linked to organic particle retention and stabilization (adsorption and 

aggregation) (Huang et al., 2022; Mantovani et al., 2024). The textural control over SOC 

levels was observed by Zinn et al. (2005, 2007) in soils of the Brazilian Cerrado, where 

higher SOC levels correlated directly with the silt and clay fractions and inversely with 

sand, explained by the greater sorption of colloidal-soluble carbon in a larger specific 

surface area originating from the clay fraction, while silt indirectly contributes to soil 

plasm formation. 
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Figure 4. Variable importance for the best model of the SOC on horizon A (predictor 

variables: Terrain Attributes; Land Use, Soil class, Parent material; Texture; NDVI 

(Sentinel 2 and Landsat 8), radiation (diffuse, direct, global and reflected) and insolation 

time). 

 

The importance of NDVI is related to land use, showing areas with greater input 

of organic material and consequently higher SOC levels. Other studies also used NDVI 

for SOC prediction, such as Siewert's (2018) study (0.48 ≤ R² ≤ 0.74), obtaining results 

similar to this study. Parent material is associated with various soil attributes, such as 

texture (as observed by comparing parent material and clay maps) and mineralogy, and 
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thus relates to the adsorption of organic compounds. For example, soils derived from 

gabbro have higher Fe content and, therefore, exhibit higher contents of Fe oxides, which 

favors the adsorption of organic compounds as shown by other studies (Rodríguez-

Albarracín et al., 2023; Zinn et al., 2007). 

The terrain attributes that were considered most important (Figure 4) by models 

help identify different depositional environments, i.e., areas where water may accumulate 

and create anoxic environments where microbial activity is lower. In these areas, the 

reduced oxygenation and lower temperatures decrease decomposition rates, favoring the 

accumulation of organic sediments. Li et al. (2018) also observed this trend when 

studying the effects of topography on SOC redistribution. Araújo et al. (2017) highlighted 

the effect of altitude over SOC, noting relatively high SOC and CS values in different soil 

classes regardless of texture and Fe and Al content for altitude conditions above 890 m, 

attributed to the relatively cold environment limiting organic matter decomposition. 

The prediction of SOC based only on distance performed by multilevel-b-spline 

did not yield accurate results for both the surface and subsurface. Spline interpolations 

presented the highest RMSE for the surface (2.30) compared to all 22 datasets evaluated. 

This demonstrates that interpolations without considering the other variables that 

influence SOC content could not explain the variation in SOC across the area despite the 

high sample density. 

The best predictive model was applied to the entire study area, generating the SOC 

map for a depth of 0-20 cm (Figure 5). It can be observed that SOC levels were lower in 

gneiss areas and higher in gabbro areas, corroborating what was observed in the 

descriptive statistics (Table 3).  
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Figure 5: Maps of SOC contents (0-20 cm) created using the RF algorithm, compared to 

the maps of parent material, soil class, land use, and clay content in the study area in 

Lavras, Minas Gerais State, Brazil.  

 

Soils classified as OX and LV derived from gabbro presented highest SOC 

contents, while younger soils such as CX and RR and soils derived from gneiss (LVA 

and LV) presented the lowest contents. Younger soils (RR and CX) generally have 

coarser texture or higher silt content and therefore have less stable aggregates, causing 
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them to have lower amounts of charges for the adsorption of organic compounds 

(Rodríguez-Albarracín et al., 2023) and being more susceptible to erosion, resulting in 

greater carbon losses due to erosion (Silva et al., 2005). As for land use, higher SOC was 

observed mainly in soils under native forest and pasture, especially when soils derived 

from gabbro. Huang et al. (2022) pointed out that one of the reasons why clayey soils 

have higher SOC levels is because their greater water retention capacity favors plant 

growth and consequently promotes the deposition of organic materials on the surface. 

The results of this study were consistent with several other reports in the literature 

on the prediction of SOC and CS (Table 5). However, our results were superior to studies 

such as that of Lemercier et al. (2022), who reported unsatisfactory results for R² for SOC 

prediction at more detailed scales, as the predicted data differed from the actual values in 

75% of cases due to the database lacking sufficient information to describe the variability 

of this attribute at local scales. This happened because carbon is a highly variable 

component, and it is difficult to determine all the variables that can influence SOC levels, 

making the prediction less accurate. 

 

Table 5.  Examples of results that can be found in the literature for modeling SOC and 

CS. 

COS 

or CS 

Depth 

(cm) 
Predictor variables Algorithm Study area R² Authors 

CS 

0–20 

40–60 

80–100 

30 years of land use 

history, vegetation 

indexes, geology, soil 

properties, soil types, 

climate and TA 

RF 

Piracicaba, São Paulo 

State, Brazil 

(2229 points in 2577 

km²) 

0.78 ≤ R² ≤ 0.92 
Tayebi et al. 

(2021) 

CS 

0-5  

5-15  

15-30  

30-60  

TA, Landsat 8 and 

Sentinel 2 bands, 

NDVI 

Cubist, RF, 

XGBoost, 

ANN, 

Arid and sub-humid 

regions of Iran  

(253 points in 3720 

km²) 

0.17 ≤ R² ≤ 0.90 

Taghizadeh-

Mehrjardi et al. 

(2020) 
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60-100  

100-200 

AvNNet, 

and DNN 

SOC 0–20 

Soil and climate data, 

land use and 

management 

DNDC 

Jiangsu Province in 

Eastern China  

(1319 points in 

~97609.2 km²) 

R² = 0.24 
Zhang et al. 

(2018) 

SOC 0-15 

Soil color parameters 

(L*, a*, and b*) 

and MS values 

SMLR, 

RF, and 

nonlinear 

regression 

Behenjy and 

Antohobe, 

Vakinankaratra 

region, Madagascar 

(240 points in ~8.8 

km²) 

0.47 ≤ R² ≤ 0.67 
Rakotonindrina 

et al. (2022) 

SOC 

5 cm 

intervals 

until 50 

cm 

NDVI, soil-adjusted 

vegetation index, 

NIR/SWIR bands 

(SPOT spectral 

Bands), TA, land use 

MLR, 

ANN,  

SVM, and 

RF 

 

Sub-Arctic mountain, 

Abisko region near 

Stordalen, 

northernmost Sweden 

(47 points in 65 km²) 

0.48 ≤ R² ≤ 0.74 Siewert (2018) 

CS 

0-5 

5-15 

15-30 

30-60 

60-100 

Climate and soil data; 

Lithology; TA 

RF, Cubist, 

and 

GLMB, 

SVM  

 

Brazil (8,227 points 

in 8.510.000 km²) 
0.12 ≤ R² ≤ 0.33 

Gomes et al. 

(2019) 

ANN = Artificial Neural Network; AvNNet = Neural Network Ensemble Based on Model Averaging; 

DNDC = DeNitrification-DeComposition model; DNN = Deep Learning Neural Networks; GLMB = 

Generalized Linear Model Boosting; GWMR = Geographically Weighted Multiple Regression; MLR = 

Multiple Linear Regression; RF = Random Forest; SVM = Support Vector Machine; SMLM = Stepwise 

Multiple Linear Regression; XGBoost = extreme gradient boosting. 

 

Regarding CS, greater efforts are needed to achieve models that provide accurate 

predictions, which is hindered by the lack of precise soil density measurements, 

increasing the uncertainty of models. This is because soil density can show high 

variability even under the same soil conditions, parent material, and land use (Reis et al., 

2024; Mantovani et al., 2024). Therefore, more studies of this nature are encouraged to 



140 

 

 
 

achieve better predictions of SOC and, especially, CS, given the complexity of their data 

and the inherent difficulties in soil density sample collection. 

 

4 Conclusions 

 

Satisfactory SOC predictions (R² = 0.47) were possible when using as covariates 

remotely sensed data (NDVI and insolation indices), terrain attributes, parent materials, 

soil classes, texture, and land uses. Proximal sensor data (pXRF and MS) did not help 

explain the spatial variability of SOC. None of the generated models produced accurate 

results for SOC in the subsurface (80-100 cm) and CS. Therefore, the tested hypothesis 

was partially confirmed. The use of high sample density was aided by environmental 

variables representing four of the five main soil formation factors yielded accurate SOC 

predictions (0-20 cm). Results also demonstrated the high spatial variability of SOC and 

difficulties in spatially representing soil density to predict CS. Thus, there is a need for 

the development of other strategies, such as the use of new variables or models and more 

local testing to obtain accurate SOC and CS mappings for detailed scales and their 

applications. 
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3 Final considerations 

 

The Paleosol studied herein in Chapter I, presented contrasting redoximorphic 

features, suggesting a change on the landscape to promote such variation. Moreover, the 

Ti/Zr ratio, delivered by pXRF, indicated different parent materials forming the reddish 

and gleyic unities of the Paleosol.  

In this pilot study, the combined use of field morphology, physical, chemical, and 

mineralogical analyses, complemented by pXRF and MS data, provided details on the 

variation of soil properties formed under current pedalization and elutriation versus 

paleogleyzation, and delivered some insights on enhancing conservation practices and on 

assisting the characterization of climate change impacts. 

The authors understand that there are Paleosols not yet studied in Brazil, for 

example the Latosols (Oxisols) located on the summits (chapadas) of the Brazilian 

Central Plateau, making part of the Cerrado biome (22% of the county). These chapadas 

were formed by pediplanation, under bioclimatic conditions much drier than nowadays. 

In other words, the relief is relict from dry climate and the Oxisols were formed under 

humid climate. Then, these Latosols are polygenetic: they are Paleosols. This approach 

may encourage future studies in this research line. 

On Chapter II, aquifer discharge is the ecosystem supply which was more affected 

by the soil mapping scale. Also, trade-offs among ecosystem services were spatially 

detected since soil-landscape units that foster water infiltration, storage, and direct aquifer 

recharge are those that prevent soil loss with avoided erosion.  

The incorporation of terrain attributes and legacy data was effective in generating 

predictive models for the spatial distribution of soil classes within the studied watersheds.  

The soil class maps generated through fuzzy logic showed high accuracy. For all studied 

watersheds, the overall accuracy surpassed 60%, and the Kappa index was higher in 

Pelanca and Morro do Diabo watersheds, with values exceeding 50%, indicating a high 

level of agreement in the predictions.  

Detailed soil mapping has provided us to perceive the precise locations within 

each watershed where ecosystem services occur more intensely, as well as their 

distribution across the landscape. 
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In Chapter III, we emphasize the growing global importance of soil organic carbon 

(SOC) and carbon stocks (CS) due to climate issues. There is high variability in these 

attributes over short distances, and we encourage further research to identify variables for 

finer scale predictions. Our study revealed significant variability in soil density under 

similar conditions, highlighting the need for more research to improve predictions 

specially for CS. 

Satisfactory SOC predictions (R² = 0.47) were possible when using as covariates 

remotely sensed data (NDVI and insolation indices), terrain attributes, parent materials, 

soil classes, texture, and land uses. Proximal sensor data (pXRF and MS) did not help 

explain the spatial variability of SOC. Predictions based solely on the distance between 

points did not yield satisfactory results, indicating that even with high sample density (1 

sample per 3.5 ha), using predictor variables provides better results.  

None of the generated models produced accurate results for SOC in the subsurface 

(80-100 cm) and CS. Therefore, the tested hypothesis was partially confirmed. The use 

of high sample density was aided by environmental variables representing four of the five 

main soil formation factors yielded accurate SOC predictions (0-20 cm). Results also 

demonstrated the high spatial variability of SOC and difficulties in spatially representing 

soil density to predict CS. Thus, there is a need for the development of other strategies, 

such as the use of new variables or models and more local testing to obtain accurate SOC 

and CS mappings for detailed scales and their applications. 

Then, the present dissertation shows the importance of the study of soil to address 

issues about ecosystem services, climate change, and environment conservation, 

highlighting how fundamental a detailed analysis is to address these issues adequately 

from the profile to landscape scales. The combination of traditional and modern 

techniques leads us to advances in science, taking into consideration the tacit knowledge 

and recognizing the value of experienced professionals for robust and reliable studies. 

The results presented herein showed that although the proximal and remote sensors can 

help to increase the availability of data for more representative areas, they are not always 

the most accurate data for modeling and digital mapping of soil and its attributes, which 

underscores the importance of always addressing the reliability of the generated results 

to the users, for more accurate land and environmental management and policy planning. 


