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RESUMO

Sensoriamento remoto e mapeamento digital de solos: aplicagdes para agricultura e
planejamento ambiental

A presente tese de doutorado desenvolveu pesquisa sobre o mapeamento digital de solos
(MDS) e seu potencial para o aprimoramento dos levantamentos de solo a partir de informagdes
digitais. No primeiro capitulo ha uma introdugdo geral sobre a pesquisa desenvolvida, uma
contextualizagao geral sobre a importancia do tema e suas aplicagGes para o avango da ciéncia do
solo. O segundo capitulo apresenta a inser¢ao de novas covariaveis para o MDS relacionadas a
redes de drenagem (RD). O trabalho combinou informagdes de satélite, relevo e RD para mapear
os teores de argila, areia e carbono organico do solo para o municipio de Piracicaba no estado de
Sao Paulo, Brasil. O terceiro capitulo aplica a metodologia do MDS para realizar o refinamento
(aumento de escala) de um mapa geolégico para a regido de Pereira Barreto no estado de Sio
Paulo, Brasil. O trabalho mostrou que mesmo com a reflectancia espectral da superficie do solo é
possivel fazer relagdes e analises sobre as caracteristicas da subsupericie. No quarto capitulo, foi
aplicada a metodologia de detecgdao de solo exposto (imagem sintética de solo exposto — SySI)
para a identificacdo e classificagao de solos com ocorréncia de hidromorfismo. A reflectancia nas
faixas espectrais do visivel, infra-vermelho préximo e infra-vermelho de ondas curtas (Vis-NIR-
SWIR) do solo exposto foi capaz de identificar fei¢des relacionadas aos solos hidromérficos, as
quais foram utilizadas para classificar estes solos para uma regidao de 863,577.9 km? entre o
sudeste e centro-oeste do Brasil. Os resultados indicaram alta ocorrencia de hidromorfismo em
areas agricolas, indicando a necessidade de maior monitoramento. O ultimo capitulo apresenta
uma conclusdao geral do trabalho com os principais resultados e suas aplicagdes na ciéncia do
solo.

Palavras-chave: Mapeamento digital de solos, Modelagem espacial; Sensoriamento remoto,
Redes de drenagem, Material de origem do solo, Solos hidromérficos



ABSTRACT

Remote sensing technologies for digital soil mapping: applications for agriculture and

environmental planning

This doctorate thesis developed advanced research regarding digital soil mapping (DSM)
and its potential for improving soil surveys using multiple and complex digital information. For
the first chapter, it is presented a general introduction to the developed research, a general
contextualization of the topic’s importance and its applications for the advancement of soil
science. The second chapter presents the insertion of new covariates for the DSM related to
drainage networks (DN). The work combined satellite, relief, and DN information to map clay,
sand, and soil organic carbon contents for the municipality of Piracicaba in the state of Sao
Paulo, Brazil. The third chapter applies the DSM methodology to refine (enhance the scale) a
geological map for the Pereira Barreto region in the state of Sdo Paulo, Brazil. The work showed
that even with the soil surface spectra, it is possible to analyze the characteristics of the
subsurface. In the fourth chapter, the bare soil detection methodology (Synthetic Soil Image —
SySI) was applied to identify and classify soils with hydromorphism. The reflectance in the
visible, near-infrared and short-wave infrared (Vis-NIR-SWIR) spectral bands of the exposed soil
was able to identify features related to hydromorphic soils, which were used to predict
hydromorphic soils for a region of 863,577.9 km? between the Southeast and Midwest of Brazil.
The results showed a high occurrence of hydromorphism in agricultural areas, indicating the need
for greater monitoring. The last chapter presents a general conclusion of the work with the main
results and their applications for soil science.

Keywords: Digital soil mapping, Spatial modelling, Remote sensing, Drainage network, Soil
parent material, Hydromorphic soils



10



11

1. GENERAL INTRODUCTION

Agriculture has been a major target in order to provide food security to the growing world’s population
(Godfray et al., 2010; Wollenberg et al., 2016). The modernization of agro-industrial activities and the application of
technology for management improved food production, as well as the ability to ensure a sustainable development
(Wu and Clark, 2016). The advances in agriculture are at the core of the 17 Sustainable Development Goals
presented by the United Nations in 2015, supporting initiatives that increase productivity while minimizing the
impact on the environment (Ericksen et al., 2009; Lal and Stewart, 2010). Among the multiple efforts worldwide to
ensure food security, soil conservation is held as a key factor, since soil is the source for plant growth and
development and it provides the required information to achieve a productive agriculture with sustainable practices
(McBratney et al., 2014). However, inadequate soil use result in soil degradation, erosion, contamination, low
productivity, and other environmental issues (Brown and Brown, 2018; Oldeman, 1997).

Although soil is fundamental to achieve food security, soil data is often scarce and with low scale for an
adequate planning (Miller, 2012). National and state inventories provide general soil databases and legacy soil maps
in many countries, which allowed the development and expansion of agricultural activities. Until the end of the
1990s, most countries did not have a map of soil classes at an appropriate scale for agricultural activities. Brazil, for
instance, basically relied on data derived from the RADAM Brazil project at a scale of 1:1,000,000 (Radambrasil,
1973). Other economically developed countries such as Australia and The Netherlands also did not have detailed
maps of even their agricultural regions (McBratney et al., 2003).

However, the cost of soil survey is a limitation for the acquisition of new and detailed information about
soil characteristics (Ma et al., 2019). Field incursions, laboratory analysis, and the work of a soil scientist require time
and financial support, which increases proportionally with the scale of the survey (Sanchez et al., 2009). One of the
solutions to assess more soil information at a lower cost was to combine the legacy soil information with geographic
information systems (GIS), allowing the spatialization of multiple soil information for regions, watersheds, and
whole countries (Minasny and McBratney, 2016). The advance of computational processing and the availability of
geospatial information (i.e. satellite data) helped advancing soil studies in a more quantitative form, finding the
relationship between soil information and the environment in a technique recognized as digital soil mapping (DSM)
(McBratney et al., 2003).

DSM is defined as the creation and maintenance of spatial soil information systems through numerical
models, in order to infer spatiotemporal variations of soil types and properties, using soil observation and knowledge
of related environmental variables (Philippe Lagacherie et al., 2007). This was possible thanks to the advancement of
technology, especially in the 1990s, when computers more suitable for personal use and with greater data processing
capability emerged. In addition to computers, other technologies such as the global positioning system (GPS),
satellite imagery and terrain information derived from digital elevation models have become more available and
accessible to researchers (Sanchez et al., 2009). To understand and use large soil databases new statistical tools such
as data mining and machine learning algorithms were applied to soil science. This made the use of spatial
information easier and enabled new applications for spatial ground information.

The basis for the DSM is defined according to the soil forming factors presented by (Jenny, 1941), where
Soil = f(c,0,1,p,t), (c) climate; (0) organisms; (r) relief; (p) source material; (t) time. The soil function is a mechanistic
model to guide the understanding of factors that may have contributed to the formation of a given soil (Searle et al.,
2021). The formation factors would act as environmental variables (independent), together with the spatial position,

to predict a certain soil variable (dependent), through a mathematical model in which uncertainty would also be
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quantified (Ma et al., 2019). The environmental variables used in the prediction models are diverse, but must be
related to the soil formation process. If not, the variable should not be used to predict soil properties. Such variables
must be used in raster format at an adequate spatial resolution (pixel size). In a GIS, the values of the environmental
variables will be assigned to the ground points, so that a mathematical model can be calibrated. The created model
will be applied on the environmental variables, generating a continuous digital soil map in the landscape. After
generating the digital map, a second set of real soil information will be used to validate the map. Therefore, DSM
studies emerged combining conventional soil survey and theories (i.e. fieldwork, laboratory analysis, pedological
maps), digital information (i.e. satellite reflectance, topographic attributes, climate data), and statistical modelling (i.e.
linear regression, decision trees, neural networks) (Arruda et al.,, 2016). The S variable (soil) can be used in two ways,
being continuous (soil attributes) and categorical (soil classes). Continuous variables are more associated with soil
attributes, such as texture, organic matter, and soil depth. On the other hand, categorical variables are associated with
soil classes. Therefore, when mapping attributes, linear and non-linear regressions will be used, while classification
models or supervised classification will be used for mapping classes. Thus, the DSM is consolidated as a low-cost,
fast, and powerful tool to access soil information in areas with scarcity of data, which can help in agricultural
activities and land use planning.

Therefore, this thesis was guided by the need to explore geospatial tools to improve soil mapping. The
DSM methods were applied for different purposes with the help of multiple information related to the soil forming
factors. The second chapter used a set of complex drainage network variables to perform digital maps of clay, sand,
and soil organic carbon (SOC), for a 1378 km2 site in the Sdo Paulo state, Brazil. The relationship between the
drainage density (DD), drainage frequency (DF), channel sinuosity, and confluence angle with soil classes and
attributes were analyzed. The third chapter explored a multi temporal Landsat image composition with bare soil
reflectance to extract soil properties and distinguish discrepant lithological classes at the western plateau, Sdo Paulo
State, Brazil. The area is 247,737 ha large, where 981 soil samples were collected at 0-20 cm depth. We performed a
DSM procedure to generate maps of attributes related to parent material. Finally, the fourth chapter evaluated and
analyzed multitemporal bare soil image reflectance at various locations to verify the occurrence of hydromorphism.
We used this information to predict hydromorphic soils for a large area and analyzed their distribution by federal

states and land use/cover types. The main results and findings are compiled in the last chapter of this thesis.
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2. COMPLEX HYDROLOGICAL KNOWLEDGE TO SUPPORT DIGITAL SOIL MAPPING

Abstract

Drainage network (DN) is the representation of all the stream channels developed over the landscape.
The morphometry of DN describes the relationship between channel characteristics and basin geometry, which is
regulated by a seties of processes, such as weathering, geomorphology, sediment erosion/deposition. The interaction
between these factors impacts soil formation, resulting in a relationship between DN morphometry and soil
characteristics. Unstable surfaces produced shallow soils, enhancing surface runoff and high drainage density, while
stable landscapes favor vertical infiltration through old and weathered soils. Digital soil mapping has benefited from
multiple environmental variables, such as relief and satellite data, but DN information can offer great contributions
for the prediction of soil attributes. In this work, we applied a set of complex DN variables to perform digital maps
of clay, sand, and soil organic carbon (SOC), for a 1,378 km? site in the Sao Paulo state, Brazil. We analyzed the
relationship between the drainage density (DD), drainage frequency (DF), channel sinuosity, and confluence angle
with soil classes and attributes. The Cubist and Random Forest algorithms were tested to predict the soil
information, and to evaluate the impact of the new hydrological variables. The results showed that landscapes
predominated by clayey soils favor surface runoff and increase channel formation, with higher channel sinuosity and
acute confluence angles. These new drainage variables contributed 35 to 55% for SOC prediction. DD and DF were
the most important drainage variables on the models, ranging from 65 to 70%. The external validation reached R* of
0.72 and 0.56 for the prediction of clay and sand, respectively. The impact of DN information on the model
performance suggests that more work is needed to better explore and understand the relationship between DN and
soil information.
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2.1. Introduction

Drainage network (DN) is the representation of all the stream channels developed over the landscape
(Charlton, 2008). The channels start close to the topographical drainage division, flowing down slope by the lowest
part of a valley (thalweg) inside the watershed, forming junctions with tributary channels (Thorp et al.,, 2010). The
morphometry of DN describes the relationship between channel characteristics and basin geometry (Gray, 1961;
Moussa, 2003), which is regulated by a series of processes, such as weathering, geomorphology, sediment
erosion/deposition. These forming factors determine the confluence angle, channel width, sinuosity, and length of
the DN (Clubb et al., 2016; Strahler and Strahler, 1989). In addition, watershed morphometry studies are important
to assess hydrological potential (Barroso et al., 2014), flood risks (Romshoo et al., 2012), landscape interpretation
(Ray, 1960; Way, 1973), and environmental conservation (Patel et al., 2013).

The interaction between natural factors, such as geomorphology, lithology, soil, precipitation rate, and
temperature, determines the local channel morphometry (Fowler et al., 2007; Strahler, 1957, 1952). Crave and
Gascuel-Odoux (1997) pointed to the role of pedogeomorphology on the spatial variability of soil surface water
dynamics. The water infiltrates more at gentle slopes combined with porous soil, while steep slopes stimulate the
surface runoff and channel formation. Way (1973) explained that sites with impermeable rocks and soils with low
infiltration rates result in a denser DN. Young and shallow soils tend to occur at steep slopes, where the surface
runoff predominates, slowing the weathering activity and pedogenesis (Bonifacio et al., 1997; Schaetzl and Anderson,
2005). When derived from mafic and ultramafic parent materials, these soils present high clay content, which

decreases water infiltration and promotes surface channel formation (Ker et al., 2015; Breemen and Buurman, 2002).
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Channel meandering has been attributed to different natural factors such as Earth’s rotation, gentle slope,
flow energy, changes in river stage, bank erosion, sediment overload, and deposition (Chatley, 1938; Chitale, 1973;
Eakin, 1910; Friedkin, 1945; Lacey, 1923; Lane, 1957; Quraishy, 1943; Russell, 1936). Langbein and Leopold (1966)
related channel sinuosity to the stability of the landscape, where tortuous rivers are allocated at stable valleys formed
after long periods of erosion. Yang (1971) concluded that a smooth sinuous meandering course is the only course
that a natural unbraided stable channel can take. The braided shape begins as a straight channel with shoals in
alternate sides of the stream, producing bank erosion, which is a result of the variations of water discharge, sediment
concentration, channel slope and geometry, valley slope, and geological constraints (Ackers and Charlton, 1970;
Yang, 1971). These classical works started the findings on channel morphometry, allowing new discoveries about
hydrology and watershed management.

The channels of a drainage basin are connected through junctions, where two segments meet and
form another one. This principle is the basis of hierarchical river ordering established by Strahler (1957). These river
channel confluences are of interest to geomorphologists, sedimentologists, and engineers due to its connection with
water flow and sedimentation (Best, 19806). In the past, studies about river channel confluences brought attention to
alteration in hydraulic geometry (Richards, 1980), riverbed morphology and depositional sites (Alam et al., 1985;
Best, 1988), and also the effect on flow mixing and pollutant dispersal (Bonakdari et al., 2011; Gaudet and Roy, 1995;
Biron et al., 2004).

Despite DN being useful to understand soil formation, studies relating drainage morphometry and soils
did not advance and were restricted to old descriptive analysis. On the other hand, terrain modeling was heavily used
in digital soil mapping (DSM) (McBratney et al., 2003). In particular, most studies explored new terrain variables and
the effect of scale on improving DSM accuracy (Hartemink et al., 2008; Miller and Schaetzl, 2016). Afterwards, some
works explored the connection between DN morphometry and soils, with the results pointing to the differences
between DN over soils of different texture and mineralogy, but there was no continuity on using drainage
information on DSM (Jung et al., 2015, 2011; Vasques et al., 2015). Mello et al. (2021) used drainage information to
extrapolate a soil class map for a larger area, which had good results but only used regular DN variables.

Therefore, our hypothesis is that there is a spatial correlation between soil attributes, soil classes, and DN,
which can improve DSM. The main objective of this research was to use complex DN morphometric information
coupled with other covariates (i.e., satellite and relief data) using machine learning algorithms for topsoil attributes

mapping. We believe this approach can improve DSM and provide insights for other similar research.

2.2. Material and Methods
2.2.1. Study area

This study was conducted in the Piracicaba municipality in the Sio Paulo State, southeast Brazil (Fig. 1).
The area has 1,378 km?® and is located in a humid subtropical climate with humid summer and dry winter (Cfa)
(Alvares et al., 2013). The annual precipitation rate varies from 1100 to 1450 mm. The region is part of a transitional
zone between savanna and tropical forest vegetation, which was extensively changed for sugarcane and other crop

productions (Barreto et al., 20006).
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Figure 1. Maps of the study area with focus on the drainage network. a. Drainage network database derived from aerial
photographs, soil class map developed from the agronomical institute of Campinas — SP (IAC) and adapted by Rossi (2017), and
the 1748 soil samples collected at the area.

The study area is located in the Paulista Peripheral Depression (PPD), a complex geological region with
igneous, metamorphic, and sedimentary rocks, in a weathered environment that formed a smooth relief (Vidal-
Torrado and Lepsch, 1999). The Piracicaba river is the main channel bed of the PPD, with an average flow rate of
144 m?/s, which is supplied from a complex group of tributary channels and sub-basins (Barreto et al., 2006). The
landscape is covered by different soil types, varying from young (e.g. Cambisols, Regosols) to old (e.g. Ferralsols,
Nitisols) soils (IUSS Working Group, 2015). This complexity allowed the development of this work, which

combined detailed environmental information to evaluate the soil impact on DN morphometry.

2.2.2. Soil data

The soil information used in this work was provided by the Geotechnologies in Soil Science Group
(GeoCiS), which has carried out a series of soil studies in the Piracicaba region (Dematté et al., 2019). We used 1717
soil locations distributed around the study area that were sampled at 0-20 cm depth with an auger and prepared for
physical and chemical laboratory analysis (Fig. 1). We also used an additional soil dataset with 318 soil samples from
the GeoCiS, in order to perform an external validation on the predicted maps. The external soil dataset was
distributed in agricultural areas mainly at the southern part of the study area, which was enough to tepresent soil
distribution and validate the maps.

We selected sand, clay, and soil organic carbon (SOC) contents to use as dependent variables for spatial
predictions. The textural information was used due to its relationship with the relief (Schaetzl and Anderson, 2005;
Thomas et al., 1999), soil reflectance (Poppiel et al., 2019a; Viscarra Rossel et al., 2006), and DN (Dematté and

Demétrio, 1998; Franca and Dematté, 1990). The SOC information was selected based on its relationship with soil
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water content (Haynes and Swift, 1990; Hoogsteen et al., 2015), which is intrinsic to DN patterns (Pallard et al,,
2009; Ritchie, 1981).

The samples were oven-dried for 48h at 50 °C, ground and sieved through a 2 mm mesh (EMBRAPA,
2011). The densimeter method was performed to analyze the soil particle size distribution using sodium hydroxide
(0.1 mol L—1) and sodium hexametaphosphate (0.1 mol L—1) as dispersing agents (Camargo et al., 1986). The SOC

content was determined using the Walkley—Black method (Teixeira et al., 2017).

2.2.3. Environmental information

2.2.3.1. Hydrological data

The DN information used in this work was obtained manually from 1 m orthorectified aerial images from
the Paulista Company of Metropolitan Planning (EMPLASA). The images composed of 8-bit RGB photographs
were captured using digital cameras attached to an aircraft with 30% of lateral overlapping, which allowed the

stereoscopic effect for the photogrammetric analysis.
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Table 1. Environmental variables used as predictors for DSM of soil attributes. The data is separated in drainage,
relief and remote sensing, regarding the source of each variable. These variables were calculated in 30m of spatial

resolution.

Class Attribute  Description Unit Reference
Drainage ANG Confluence Angle Degree (Best, 1986)
. . non- (Langbein and
SIN Flow Sinuosity dimensional Leopold, 1966)
DD Drainage Density km/km? (Strahler, 1952)
. non-
DF Drainage Frequency dimensional (Strahler, 1952)
CNBL Channel Network Base Level m (Bock and Kothe,
2008)
VDCN Vertical Distance to Channel Network m g%ggr;o et al,
Terrain ASP Aspect Degree (Florinsky, 2012)
(Tarboton et al.,
CTA Catchment Area m 1992)
GCV General Curvature Degree (Florinsky, 2012)
non- (Conrad et al,
LSF LS Factor dimensional 2015)
PCV Profile Curvature m*! (Florinsky, 2012)
. . non- (McConkey et al.,
RSP Relative Slope Position dimensional 1997)
SLP Slope Degree (Florinsky, 2012)
. non- (Riley et al,
TRI Topographic Ruggedness Index dimensional 1999)
. non- .
TWI Topographic Wetness Index dimensional (Pei et al., 2010)
VDP Valley Depth m (Florinsky, 2012)
. non- (Riley et al,
VTR Vector Terrain Ruggedness dimensional 1999)
Remote SySl Blue Reflectance (Dematté et al.,
Sensing Band 1 factor 2018)
SySl Green Reflectance (Dematté et al.,
Band 2 factor 2018)
SySl Red Reflectance (Dematté et al.,
Band 3 factor 2018)
SySl Reflectance (Dematté et al.,
Band 4 Near Infrared factor 2018)
SySl ) Reflectance (Dematté et al.,
Band 5 Short Wave Infrared - 1 factor 2018)
SySl ) Reflectance (Dematté et al.,
Band 6 Short Wave Infrared - 2 factor 2018)

For the photogrammetric analysis, we used the 1 m stereoscopic images to create a three-dimensional effect

using the PHOTOMOD Lite 6.3 software, a proper screen, and glasses. Through 3D visualization of the landscape,

we manually mapped intermittent and perennial river channels from the top to lower relief positions, following the

lowest part of a valley (thalweg), and exported it as a vector file format for further editing (Fig. 2a). We corrected
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topological errors in ESRI ArcGIS 10.4 and transformed the data into raster format with a pixel size of 30 m for
further analysis.

The DN shapefile was used to calculate a set of hydrological attributes with 30m of spatial resolution (Table
1). We separated the variables obtained from DN information in order to evaluate its performance on predicting soil
attributes. Most hydrological attributes were calculated in the SAGA GIS Channels Library (Conrad et al., 2015)
(Table 1). However, the drainage density (DD) and drainage frequency (DF) were calculated in ESRI ArcGIS 10.4,
using the line density tool. The DD and DF were calculated according to Strahler (1952), respectively as follows:

DD—L
A

where, DD: drainage density, L: total channel length (km), and A: area surrounding the channels (km?)

DF =2
T A

where, DF: drainage frequency. n: number of channels, A: area surrounding the channels (km?).

We also calculated the flow sinuosity (SIN) of the channels in order to evaluate its relationship with
landscape attributes, previously stated in other studies (Langbein and Leopold, 1966; Parvis, 1950; Ray, 1960). The
SIN was calculated for each river segment despite its length according to Chatlton (2008), as follows:

CL

SIN = —
VL

where, SIN: channel sinuosity, CL: channel length, and VL: valley length.

To calculate the SIN in ESRI ArcGIS 10.4 we performed the following steps. We established the fluvial
order for the channels according to Strahler (1957). We considered as a river segment any continuous channel that
remained in the same fluvial order. When the order changed, a new river segment started (Fig. 2b). Then, we
calculated the UTM coordinates at the start and end of each segment and computed the horizontal distances in the X
and Y axis (Fig. 2b). The X and Y distances represented the opposite and adjacent sides of a triangle, where the
hypotenuse, which is the valley length between the channel source and mouth, was calculated by the Pythagoras

theorem, as follows:

VL = V(Xs — Xm)? + (Ys — Ym)?

where, Xs: Channel source X coordinate, Xm: Channel mouth X coordinate, Ys: Channel source Y coordinate, and

Ym: Channel mouth Y coordinate
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Figure 2. Graphical explanation of the calculation of a. Stream ordering following Strahler (1952), b. channel sinuosity and c.

confluence angle. Xs: Channel source X coordinate; Xm: Channel mouth X coordinate; Ys: Channel source Y coordinate; Ym:
Channel mouth Y coordinate; CL: Channel length; VL: Valley length; SIN: Channel sinuosity.
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Based on the channel’s segmentation, we also calculated the confluence angle at every junction between two
segments (Fig. 2c). The confluence angle is defined as the internal angle between two channels, according to the flow
direction of the channels (Best, 1986; Biron et al., 2004). We used the arcpy tool in ESRI ArcGIS 10.4, to calculate
the angle at the channel junction, where the value of the angle was stored (Fig. 2c).

In order to have a continuous surface with the confluence angle and the channel sinuosity information for
predicting soil attributes in the study area, we interpolated them by geostatistics. We used the values of confluence
stored at each location as input data, while for the sinuosity we obtained the value to interpolate from a point
generated in the middle of each channel. We employed the inverse distance weighted (IDW) method due to the
assumption that things that are close to one another are more alike than those that are farther apart. This function is
available with the geostatistical analyst package in ESRI ArcGIS 10.4. We defined the power function as 2, which is
the rate at which the weights decrease as distance increases. For the search neighborhood parameter, we used the
default value of 12.

The premise to interpolate these hydrological parameters is that both attributes describe the surrounding
landscape configuration. According to classical studies, the confluence angle and the channel sinuosity are dependent
on the landscape, soil texture and lithology (Best, 1988; Dematté and Demétrio, 1998; Jung et al., 2011; Way, 1973).

Therefore, we aimed to test these variables along with a set of other environmental variables to model soil attributes.

2.2.3.2. Relief attributes

We used contour lines with 5 m equidistance, acquired from planialtimetric maps at 1:10,000 scale, obtained
from the Geographical and Cartographic Institute of the Sdo Paulo State (IGC). These lines were used to interpolate
a 30 x 30m digital elevation model (DEM) using the Topo to Raster function in ESRI ArcGIS 10.4. The resulting
DEM was used to calculate a set of relief attributes in the SAGA GIS Terrain Analysis Library (Conrad et al., 2015)

(Table 1).

2.2.3.3. Bare soil image composite

The soil surface patterns are related to subsurface variations and processes that occur within the soil profile,
specific to each soil class (Dotto et al., 2020; Minasny and McBratney, 2008). Thus, we used the Geospatial Soil
Sensing System (GEOS3) (Dematté et al., 2018) to a time-series of Landsat images using the Google Earth Engine
(GEE) platform (Gorelick et al., 2017). We used the Landsat 4 Thematic Mapper (TM) (1982-1993), Landsat 5 TM
(1984-2012), Landsat 7 Enhanced Thematic Mapper Plus (ETM +) (1999-2018) and the Landsat 8 Operational
Land Manager (OLI) (2013-2018). These methods used only Tier 1 or surface reflectance data that were processed
by the LEDAPS (Landsat 4, 5, and 7) (U.S.G.S., 2019a) and LASRC (Landsat 8) algorithms (U.S.G.S., 2019D).

The GEOS3 algorithm extracts soil information from a time series of Landsat images and aggregates the
bare soil pixels into a single synthetic soil image (SySI), which is the reflectance image of the bare soil composite
(Safanelli et al., 2020). The bare soil pixels were identified on single satellite images through a set of classification
rules. The rules were based on spectral indices coupled with quality assessment bands, which removed cloud, cloud
shadow, inland water, photosynthetic vegetation, and non-photosynthetic vegetation (crop residues) (Safanelli et al.,
2020). The pixels were classified as soil based on the Normalized Difference Vegetation Index (NDVI), with a
threshold between — 0.15 and 0.20 to mask out green vegetation, Normalized Burning Ratio (NBR2), with a — 0.15
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and 0.15 to mask out crop residues, difference between bands 1 and 2 (B2 — B1) and between bands 2 and 3 (B3 —
B2) (Dematté et al., 2020, 2018).

Afterwards, the bare soil pixels were used to calculate, pixel-by-pixel, the median values of topsoil
reflectance for single bands and obtain the final reflectance value (Dematté et al., 2020, 2018). The SySI had six

spectral bands from blue to short-wave infrared regions at 30 m resolution (Table 1).

2.2.4. Statistical analysis

Before using the database to predict the soil attributes, we performed a sequence of exploratory analysis in
order to evaluate the relationship of the environmental variables with the soil information. We also intended to
evaluate the results regarding the new hydrological attributes.

We explored the minimum, maximum, mean, median, standard deviation, and skewness values of the soil
data in the R software (R Core Team, 2013). We calculated the texture class of the soil according to the USDA soil
texture triangle (Soil Science Division Staff, 2017) using the “soiltexture” package in R (Moeys, 2018). Afterwards,
we calculated the Spearman’s correlation between the soil data and environmental variables including soil, relief, and
DN using the “corrplot” package (Wei et al., 2017) in R software (R Core Team, 2013).

We analyzed the variables’ variance through a principal component analysis (PCA) using the “factoextra”
package (Kassambara, 2017) in the R software (R Core Team, 2013), and displayed the first and second components
separated by the textural soil class to explore the variation present in the data set. The PCA is a multivariate analysis
that reduces the dimensionality of the dataset by projecting each data point onto only the first few principal
components to obtain lower-dimensional data while preserving as much of the data's variation as possible (Bryant
and Yarnold, 1995). The PCA is often used for predictive models, and it was used for an exploratory analysis in this
work.

Finally, we analyzed the SIN and confluence angle distribution for each soil type. All the information about
the channel sinuosity and the confluence angle were separated according to the soil type and were explored through
a boxplot graphic. The graphic was performed using the “ggplot” package (Wickham, 2011) in R (R Core Team,
2013). We excluded the soil types that represented less than 1% coverage of the study area, such as Chernozems and
Planosols. The data were also submitted to a multi comparison test, in order to confirm if there were statistical
differences between the drainage information and the soil types. To reduce the natural spatial dependency, we fitted
a linear model using Generalized Least Squares (GLS) (Dormann et al., 2007). Afterwards, we applied an analysis of

variance (ANOVA) (p < 0.01), measuring the mean value of the hydrological variables for each soil class.

2.2.5. Machine learning techniques
We used random forest (RF) and Cubist machine learning algorithms to predict soil attributes in the study

area. Both techniques are common in DSM works, producing good results on the prediction of soil texture (Chagas
et al., 2016; Fongaro et al., 2018; Lagacherie et al., 2019; Poppiel et al., 2019b), SOC (John et al., 2021; Li et al., 2021;
Moura-Bueno et al., 2021), soil classes (Flynn et al., 2019; Lamichhane et al., 2021; Odgers et al., 2014; Vincent et al,,
2018; Zeraatpisheh et al., 2019), and other environmental factors related to soil (Hengl et al., 2018; Styc et al., 2021;

Zhang et al., 2021).
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2.2.5.1. Soil data splitting (cross-validation)

We applied the k-fold cross-validation (CV) method to the soil data to construct the prediction models using
the R package “caret” (Kuhn, 2008). CV is a resampling method originally developed to fix optimistic results of the
predictive effectiveness of regression equations when applied to future observations (Mosier, 1951). The procedure
consists of randomly dividing the data in k groups, using k -1 groups to fit a model, and one for validation (Browne,
2000; Efron and Tibshirani, 1995). This procedure is repeated k times, always leaving one group out of the
calibration dataset (Hawkins et al., 2003). Finally, the result is summarized with the mean of the model skill scores. In
this work, we applied the 10-fold cross-validation, which has been used in DSM works and produced good results

(Brus et al., 2011; Horst-Heinen et al., 2021; Loiseau et al., 2021).

2.2.5.2. Random Forest and Cubist algorithms

The RF algorithm estimates a user-specified number of decision trees by randomly sampling an existing
dataset (Breiman, 2001). However, at each node construction, a random sample of the dependent variables is used.
The resulting decision tree is used to estimate the error rate by predicting the value of the remaining unsampled data
and comparing with the known results (Gambill et al., 2016).

Cubist is a rule-based algorithm that creates a tree structure from a larger dataset of variables (Quinlan, 1992).
The trees are produced by the algorithm through rules that use boosting training (Quinlan, 1993). The boosting
training consists in giving more weight to stronger learners, so the weaker learners are also converted into strong
learners (Khaledian and Miller, 2020). The final model is regulated by a set of nodes along the tree and two
hyperparameters to reduce the prediction error. We used root mean square error (RMSE), mean absolute error
(MAE), and r squared (R?) to evaluate the RF and Cubist models. For Cubist, the variables’ importance was also

analyzed through the number of times the variables were used in the model.

2.2.5.3. Random Forest and Cubist algorithms

In order to evaluate the influence of the DN variables on soil predictions, we tested three dataset
combinations to construct the models. The first one test combined the SySI bands with the terrain variables, the
second used DN and terrain variables, and the third combined all the variables.

The prediction performance of the models was accessed by the CV using the whole soil data. We decided not
to split the data into validation and calibration sets, instead we used the available data to fit the model using CV and
used separated field samples to perform an external validation. We used the number of randomly selected predictors
(mtry) to select the optimal RF model. The mtry regulates the number of variables that can be randomly sampled in
each split of the trees, which resulted in 2, 14, and 27. We used 500 trees for stable variable estimates. We used two

hyperparameters (committees and neighbors), to reduce the prediction error of Cubist models.

2.2.5.4. Spatial Predictions and External validation
After testing the models and evaluating their performance, we predicted the clay, sand, and SOC contents for
the study area. We decided to present all the maps predicted by RF and Cubist models. However, we only analyzed

the ones that had better performance.
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Despite having the results from the k-fold cross-validation, we performed an external validation to the
predicted maps using a soil dataset of 1015 samples to provide more confidence to the results. External validations
have proved to be useful to evaluate the performance of a predicted map (Grinand et al., 2008) and have contributed
for the evaluation of digital maps produced in the same region of this work (Bonfatti et al., 2020; Mello et al., 2021).
This procedure is important on the evaluation of the soil attribute values regarding the DN morphometry, which is
the focus of the work. We provide an analysis of the results based on the soil-landscape relationship, interpreting the
predicted values according to the relief and DN patterns.

Finally, we presented an analysis of the DN variables across the landscape, and its impact on soil attribute
prediction based on the rules of soil-landscape relationship (Milne, 1935; Ruhe, 1960). We explored the variability of

some hydrological attributes in a toposequence inside the Marins watershed and related it with the predicted maps.

2.2 Results

2.3.1. Soil attribute statistics

The spatial distribution of the 1717 soil samples covered the major soil types of the study area (Fig. 1), and
provided a representative soil data set. Overall, soils had higher sand contents at the 0-20 cm layer, a typical
characteristic of the region (Table 2). Minimum and maximum values of sand ranged from 1 to 975 g kg-!, being
considerably higher than clay contents, which ranged from 0 to791 g kg! (Table 2). The average values of both
attributes also showed discrepancy, with clay content being 245 g kg'! and sand was 577 g kg! (Table 2).

Table 2. Descriptive statistics of clay, sand, and soil organic carbon (SOC) contents of the soil samples used on the
digital soil mapping.

Attribute n Min. Max. Mean Median SD Skewness

gkg™
Clay 7 791 245 198 1680  0.98
Sand 1717 4 975 577 646 2640 -0.32
socC 0 284 504 406 418 134

The SOC ranged from 0 to 28.4 g kg!, with an average of 5.04 g kg! and standard deviation of 4.18 g kg"!
(Table 2). The maximum SOC value is considered high for both sandy and clayey soils, but the mean value was low,
which is expected from sandy soils. Therefore, the descriptive statistics suggest a region with predominance of sand

at the 0-20cm soil horizons, with low SOC contents.

2.3.2. Soil and environmental variables relationship

The soil samples were also used to plot a textural triangle, which corroborated with the descriptive statistics
(Fig. 3a). The triangle indicates a predominance of sandy samples, having strong presence at the range of 70% to
100%, showing the predominance of sandy soils at the study area (Fig. 3a). There is also a significant presence of
clayey and medium texture samples, where the levels of clay reached 80%, representing the clayey soils. This soil
textural variation is determinant in a DSM study, since it allows the evaluation of patterns between environmental

variables and soil attributes. We considered silt contents for the textual triangle analysis, but decided not to use it as a
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main attribute in this work, since silt content in the Piracicaba region is notoriously low (Vidal-Torrado and Lepsch,

1999).

B Sandy 4 0 4 0.8
Vary Clayey Dim1 (27.1%) »

Figure 3. Three exploratory analysis of the database. a. textural triangle showing the predominance of sandy texture. The textural
classes are according to the USDA parameters (Soil Science Division Staff, 2017). b. correlation matrix based on the Spearman’s
coefficient. c. principal component analysis. Biplot of first and second PC’s: vectors representing the variables and the points are
classified according to its textural class.

In Figure 3b we present a correlation matrix with all the variables used in this work. The drainage related
variables had similar correlation coefficients when combined with the soil attributes (Fig. 3b). Overall, the correlation
was not significant in most cases, but it was possible to gain insights regarding the new drainage variables. The
channel sinuosity had a positive correlation with the three soil attributes, while the confluence angle presented a
negative correlation with clay and OM. The DD and DF had a similar correlation (-0.31) with SOC and wete the
best correlated drainage variables. The traditional DN variables, CNBL and VDCN, had opposite results regarding
the soil attributes and the highest result was of VDCN with sand (0.23).

The correlation between terrain and soil attributes was similar to the DN wvariables (Fig. 3b). Overall, they
had a negative correlation with clay and OM, which is expected due to the natural accumulation of SOC in clayey
soils (Hassink et al., 1993), and also the positive correlation between these soil attributes (Fig. 3b). Some terrain

variables also had good correlation with the DN (Fig. 3b). The DD had a positive correlation with SLP, TRI, and
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VTR, indicating the relationship between the relief forms and the channel development. However, the negative
correlation between DD and TWI supports the principle that when there are more channels on the surface, the
surface runoff is prioritized rather than the vertical infiltration. The confluence angle also had a negative correlation

(-0.21) with the RSP, indicating that the slope position is affecting the junction of streams.

The biplot shows the opposite direction of clay and OM, compared to the SySI bands, caused by the
negative correlation between these variables (Fig. 3c). The SySI vectors show a strong association with sand, as the
vectors point to the same direction and most sandy samples are close to their vectors. In a lower intensity, the
confluence angle was also associated with medium to sandy texture. The DD was more associated with the relief
variables (SLP, TRI, LSF, VIR), which had low association with SySI, clay, and OM (Fig. 3c).

The soil samples were distributed according to their textural classes, placing the clayey and sandy samples
on opposite ends of the plot (Fig. 3c). Although the new DN variables were not representative of the data variance,

they were more associated with the soil texture and SOC content than some traditional relief variables (Fig. 3c).
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Figure 4. Boxplot and multi comparison test (p < 0.01) significance level for soil classes and drainage variables. a. channel
confluence angles distribution for each soil class; b. channel sinuosity distribution for each soil class.

Despite not showing high correlation values or a strong association with the soil attributes, the DN
variables showed a different pattern for the soil classes. We analyzed the distribution of the confluence angle and the
channel sinuosity for each major soil class at the study area. The results showed that soils with similar physical
characteristics tend to have similar confluence angle and channel sinuosity (Fig. 4).

For the analysis regarding the confluence angle, we highlight the results of Acrisols, Ferralsols, and
Leptosols, which comprise around 86% of the study area. These three soil classes normally have similar textural and
physical characteristics in the Piracicaba region and were separated from the other soil classes by the vatiance analysis
(Fig. 4a). These classes showed high presence of observations on the 74™ percentile and significant presence of
potential outliers at the higher end of the boxplot (Fig. 4a). However, the interquartile range remained lower than the
other classes, indicating that more observations had lower angles. The median bar also stayed around 60°, indicating
a pattern of acute angles. The Cambisols, Gleysols and Nitisols were grouped into another class (Fig. 4a). These
classes had less observations at the 75" percentile and few potential outliers. The median was consistently higher

than class “a” and “b”, indicating a pattern of higher angles in these soils.
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The variance analysis of channel sinuosity had similar results on the soil classes grouping (Fig. 4b). Soils
that have low infiltration rates were grouped together in class “a”, being Cambisols, Gleysols, and Nitisols (Fig. 4b).
The remaining classes were grouped in class “b” and showed more potential outliers at the lower end of the
distribution (Fig. 4b). The overall display of the graphic suggests that there is not a great variation of the sinuosity
values over the soil classes. This is due to the disproportionate number of first order river channels, which are mostly
short and straight, pushing the distribution to higher values (Fig. 4b). However, the variance analysis was capable of

identifying differences of sinuosity patterns for different soils.

2.3.3. Model assessments

Table 3 shows the performance of RF and Cubist regression models using 10-fold cross-validation for
calibrating sand, clay, and SOC prediction models. The model performance for each dataset combination was similar
for both RF and Cubist algorithms (Table 3). The models including SySI had better results than the ones with DN
and terrain, for the prediction of sand and clay. However, for all the soil attributes and for both algorithms, the
combination of DN and SySI reached the highest prediction performance, with 0.71 for sand and clay, and 0.41 for
SOC (Table 3). Cubist prediction models had slightly higher R? values than RF for sand and OM, while both
algorithms reached equal R? values for the clay prediction (Table 3). The RMSE values for Cubist prediction models
were lower than RF models for the three soil attributes, with differences ranging from 0.03 to 1.85 g kg-! (Table 3).
The MAE values for Cubist models were also slightly lower than RF models with differences ranging from 0.09 to

1.0 g kg! (Table 3).

Table 3. Performance metrics of the prediction models for soil clay, sand, and soil organic carbon (SOC) contents.

Soil Dataset! Random Forest _ . Cubist

Att. mtry RMSE R2 MAE  Commit?> Neigh® RMSE R2 MAE
RS+Terrain 10 91.9 0.7 689 10 5 931 07 694

Clay DN+Terrain 17 93.73 0.69 70.6 20 5 935 069 708
All 2 91.62 071 69.2 20 9 914 071 682
RS+Terrain 10 149.8 0.70 99.0 10 5 150.1 0.69 99.4

Sand DN+Terrain 9 154.9 0.67 104.7 20 5 154 0.68 102.2
All 24 148.05 0.71 97.1 20 9 1462 0.72 96.9
RS+Terrain 2 567 038 4.0 20 9 573 036 4.1

SOC DN+Terrain 9 564 04 39 20 9 563 039 39
All 2 563 040 3.9 20 9 56 041 3.9

"Type of data included in the model, where RS: remote sensing, Terrain, DN: drainage network, and All: all variables
included; 2Number of committees used to select the best model; > Number of neighbors.

The model performance reached satisfactory levels for the three soil attributes, especially for clay and sand
(Table 3). The addition of the hydrological attributes showed good potential for the prediction of soil physical
attributes. The prediction of SOC had the lowest values, nevertheless the amount of variation explained by the

models wete reasonable (Table 3).
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2.3.4. Variables’ importance

In Figure 5 we presented the performance of each environmental variable on the prediction of soil
attributes using RF and Cubist models with cross-validation. Overall, the bands 4 and 6 from SySI and DD had the
highest contribution on the models (Fig. 5). Moreover, the SySI and drainage related variables were the most

influential on both RF and Cubist models, followed by the relief information.
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Figure 5. Graphics of Variables’ importance for the prediction of sand (a,d), clay (b,e) and soil organic carbon
(SOC) (c,f). The first three graphics (a-c) represent the results of random forest (RF) models, and the last three (d-f)
represent the results of the cubist models.

For the prediction of sand, we found a different scenario between RF and Cubist models (Fig. 5a,d). For
RF, the bands 2, 3, and 4 from SySI had low influence on the model, while for Cubist the same variables had more
importance (Fig. 5a,d). Considering the OM predictions, the DN variables, such as DD, DF, and CNBL showed
more weight on the model predictions (Fig. 5¢,f). The relief attributes, commonly a major predictor in DSM studies,

had lower importance on RF and Cubist models of the three attributes (Fig. 5).
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Overall, the contribution of new hydrological attributes ranged between 20 and 100% for clay, sand, and
OM prediction. The channel sinuosity ranged between 0 and 25% for the prediction of clay and sand (Fig. 5 a,b,d,e),
while reaching 35% of importance on the prediction of SOC using RF (Fig. 5¢). The confluence angle ranged
between 10 and 20% for the prediction of clay and sand, and had a strong influence on SOC predictions using RF,
reaching 55% (Fig. 5¢). More conventional drainage attributes had higher importance on the models, with DD and
DF ranging between 20 and 100%, being the most important attributes for the prediction of SOC using Cubist (Fig
5f). DD and DF had more influence on the Cubist algorithm, ranging from 65 to 70%, while on RF both
hydrological attributes ranged from 15 to 10% for the prediction of clay and sand (Fig. 5a, b).

2.3.5. Digital soil maps

Figure 6 displays the predicted maps of sand, clay, and SOC for the study atea. The digital maps showed
that the western part of the study area presented sandy soils (Fig. 6a,b) with average sand content of 694 g kg-! and
clay of 186 g kg'!, while the eastern region showed soils with higher clay content (Fig. 6¢,d) with average sand and
clay contents of 478 g kg'! and 305 g kg'!, respectively. The maps suggest an inverse distribution of the soil texture at

the study area, which is caused by the negative correlation between sand and clay contents (Fig. 3b).
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Fig. 6. Resulting maps of the random forest (RF) and cubist modelling techniques. a. sand content predicted through
RF; b. sand content predicted through cubist; c. clay content predicted through RF; d. clay content predicted through
cubist; e. soil organic carbon (SOC) content predicted through RF; f. SOC content predicted through cubist.

The Cubist algorithm overestimated the maximum values for sand (1244.98 g kg!) and clay (909.73 g kg'!),
while the maximum values found on the soil analysis were 975 g kgt and 791 g kg'!, respectively (Table 2). The RF
model was able to produce maps within the boundaries of the original minimum and maximum values for sand and
clay.

The spatial distribution for the SOC content (Fig. 6e,f) was similar to the clay patterns (Fig. 6a,b) due to the
positive correlation between these two attributes (Fig. 3b). Both algorithms underestimated the presence of high
SOC contents, since the maximum predicted values wetre 23.05 g kg! for RF and 28.57 g kg! for Cubist, while the

maximum observed value was 49 g kg
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2.3.6. External validation

The external validation confirmed the robustness of the model (Table 4). The R? for clay was 0.72 and 0.71,
for RF and Cubist respectively, which was similar to the model itself (Table 4). Sand had lower coefficients
compared to the model, however, the Cubist map had R? of 0.56 and low error rates. This result was determinant to
choose Cubist as the most appropriate model for this work. SOC had R? of 0.08 and high error rates, indicating that

this external validation was not satisfactory to validate SOC prediction (Table 4).

Table 4. External validation performed by the combination of the digital soil maps and 318 extra soil samples.

Random Forest Cubist
n Rz RMSE RPIQ bias R2 RMSE RPIQ bias
Clay 0.74 1597 275 -39.2 075 1526 298 -454
Sand 318 052 2176 216 -66.6 0.64 1829 256 -34.2
SOC 02 161 1.27 -6.6 0.1 164 124 -6.6

2.4. Discussion

2.4.1. Effects of environmental variables on soil attribute predictions

The 1717 soil samples were representative, considering the geographical extent of the study area (1,378
km?) (Fig. 1). The required soil sampling to produce accurate digital soil maps has been the object of discussion in
many works (Kidd et al., 2015; McBratney et al., 2003; Vincent et al., 2018). Besides there were attempts to produce
digital soil maps with limited soil information (Stumpf et al., 2016; Zhang et al., 20106), the large and well distributed
soil database available in this work allowed the execution of an adequate soil map (Fig. 1). In addition, using adequate
covariates was necessary to accurately predict soil attributes in the study area, which is located in a complex
geological and geomorphological region (Barreto et al., 2006). The consideration of DN variables also proved to be
worthwhile, since it improved the model in multiple cases (Fig. 0).

The bare soil reflectance (SySI) was determinant to yield a R? of 0.71 and 0.72 for clay and sand predictions,
respectively (Table 3). The use of synthetic soil images, retrieved from multitemporal satellite collections has been
extensively explored recently to understand their potential for soil and environmental assessment (Mzid et al., 2021;
Silvero et al., 2021; Vaudour et al., 2021). According to Dematté et al. (2020), bare soil information from SySI offers
a proxy for lithological, pedological, carbon pools, and biome changes. However, SySI alone may not be able to
identify all soil transitions and complex variations across the landscape, since it does not comprise the landscape
altitude variation and other natural features. In this case, it is also necessary to use other information related to soil
forming factors, such as relief and DN.

Relief variables had a minor contribution to the model’s performance (Fig. 5). Digital terrain models and
other landscape information have been a major source for DSM due to their widespread availability for soil mapping.
But in this case, DN was more important on the prediction models (Fig. 5). Mello et al. (2021) also found a better
performance of drainage related variables compared to relief, for soil class prediction. However, the relief is a soil
forming factor which regulates water movement, erosional and depositional processes, and helps the identification of

soil transitions, reminiscing the traditional techniques of soil mapping (Bazaglia Filho et al., 2013; Teramoto et al.,
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2001). Therefore, the combined use of traditional relief information with new drainage variables can add detail and

quality to soil mapping.

2.4.2. Drainage information for digital soil mapping

After employing the confluence angle and the sinuosity values through a statistical analysis (Fig. 4), and
observing the weight of DN variables on soil modelling (Fig. 5), it was possible to state that DN information had
higher importance than the relief variables on the model prediction. However, DSM works historically prioritized
relief data as covariates and did not explore the full potential of DN information (McBratney et al., 2003; Minasny
and McBratney, 2010).

During the 1990’s, few works were conducted in order to understand the relationship between DN and soil
(Dematté and Demétrio, 1995; Franca and Dematté, 1990). Dematté and Demétrio (1998) found DD of 8.4 and 7.65
km/km? in areas with Nitisols and Cambisols, and DD of 0.86 and 1.14 km/km? in Ferralsols areas, indicating the
role of clay content on channel formation. In Figure 7c we analyzed a similar situation at a watershed within the
study area. The DD varies actoss the landscape with the highest values over Leptosols (9.4 km/km?) at the

backslope, and the lowest values over the summit and alluvial toeslope (Fig 7c¢).
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Figure 7. Analysis of drainage related variables and digital soil maps on the Marins watershed, at Piracicaba-SP. a.
Piracicaba municipality, elevation, Marins watershed, and the toposequence transect; b. channel sinuosity, confluence
angle, soil classes, and digital soil maps from cubist model; c. variations of hydrological variables, soil, and
lithological classes across a toposequence within the Marins watershed.

Figure 7b indicates that there ate no great differences of the confluence angle within the Marins watershed
(Fig. 7b). However, the confluence angles on the eastern side of the area tend to be acute, while on the western side
there are more right angles (Fig. 7b). According to Way (1973), these changes on the drainage system morphometry
are related to variations on the soil texture and rock porosity. The right angles occurred more over Acrisols, which
commonly have a sandy surface horizon, usually linked to an eluvial horizon (dos Santos et al., 2018; IUSS Working
Group, 2015). In contrast, the acute angles were located over Leptosols, which in this case, is a young soil with
shallow surface horizon and parent material close to the surface.

This scenario is similar to the one described by Parvis (1950), who found a dendritic drainage pattern over
sandstone/shale with symmetry of its drainage lines. Parvis (1950) also pointed out that soils in these ateas contain
plastic clay and erode in V-shaped gullies, resulting in acute angles. Way (1973) linked the dendritic pattern (acute
angles) with a homogeneous distribution of soils and rocks, which is the case at the Marins watershed (Fig. 7).

Although the confluence angle is an innovative variable, its relationship with the soil information proved to be an
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efficient covariable for DSM. In this tropical scenario, with a developed DN, and a relatively stable geomorphology
(Cunha et al., 2005), it was possible to investigate the variations of the confluence angles over different soils.

The channel sinuosity information was more difficult to relate with soil attributes. The sinuosity is more
pronounced at longer channels, which occur at more stable positions in the landscape. Fig. 7c indicates that the
sinuosity was homogeneous across the landscape, with more sinuous channels at flat positions, where meandering is
possible (Chitale, 1973; Fowler et al., 2007). However, the differences on channel sinuosity over soil classes indicated
a potential variable to distinguish soil information (Fig. 4). The sinuosity changes across the landscape from the
summit (stable), backslope (unstable), and floodplain (stable) and for different channel orders, being higher in
advanced orders. Moreover, the channel sinuosity had an important contribution to the model and should be
considered in other DSM works, especially in areas with different climatic conditions and water regime, since this
study investigated this relationship in a tropical region with a high annual precipitation rate.

Soil attribute variation on the landscape can be related to the drainage information, since DN is an indicator
of multiple processes that take place over the landscape. According to the soil landscape relationship rules, soils at
the summit tend to be homogeneous due to the surface’s stability which results in a well drained, weathered, and
deep profile (Milne, 1935; Ruhe, 1960) with few channels (Dunne, 1980). As the relief changes to backslope and
footslope positions, the water dynamics change due to shallow soils and steep slopes, affecting the channels’ pattern
across the landscape (Jung et al., 2011; Parvis, 1950). Finally, Vasques et al. (2015) concluded that the drainage
patterns around the soil is directly linked to processes of soil formation and water movement, which is used in the
Brazilian Soil Classification System (Santos et al., 2018).

Numerous theories and hypotheses have been proposed through the years concerning the formation and
development of channel sinuosity and confluence angles (Best, 1988; Fowler et al., 2007; Lane, 1957; Yang, 1971).
Although there are many works relating the channel morphometry with geology, terrain, and other natural factors
(Jung et al., 2015; Lin et al., 20006; Miller, 1958), this work addressed how some channel characteristics are affected by
the soil and how DSM can benefit from this relationship.

The slight improvement in model performance achieved by the addition of DN covariates calls for a more
specific analysis regarding the role of soil on channel morphometry (Table 3). Drainage variables can be analyzed by
other means, e.g., at cach hierarchical channel order, including other DN information, testing hydrography in
different scales, and predicting other soil attributes. Besides that, DN contributions to model performance may be
different according to the study site, such as Mello et al. (2021), which found expressive improvements in soil class
predictions in a nearby site. In this work, we confirmed the proposition of more research regarding DN as a DSM

covariate, seeking to achieve higher correlation with soil spatial distribution.

2.5. Conclusions

The bare soil image was the most important variable for the prediction of the soil attributes. Nonetheless,
the hydrological attributes presented great importance on soil predictions, validating our hypothesis.

SySI was the most important environmental variable in the prediction model, followed by DN and terrain
attributes. SySI is an established data for DSM, but the addition of DN information improved the model
performance, confirming the association between soil variability and drainage morphometry. It was also the one with
most variation on the toposequence, indicating its significance to understand the soil-landscape relationship.

Despite the importance of traditionally used terrain variables (i.e., slope, aspect, and others), DN presented

greater significance on the attribute’s quantification. Indeed, the confluence angle presented notable variability over
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different soil classes. The representative channel sinuosity values are only manifested from third order channels.
Therefore, we conclude that it is worth exploring the relationship between channel sinuosity and soils, focusing on
more representative channels.

For this tropical region, with complex lithological and pedological characteristics, RF and Cubist models

performed similarly, producing good results for soil attribute mapping.
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3. SOIL PARENT MATERIAL PREDICTION THROUGH SATELLITE MULTISPECTRAL ANALYSIS
ON A REGIONAL SCALE AT THE WESTERN PAULISTA PLATEAU, BRAZIL.

Abstract

Parent material is the main source for soil textural, mineralogical, and other physical attributes. The
knowledge over this factor is explored generally in low scale geology maps, insufficient for most users. Remote
sensing can offer assistance in this regard, since it allows the evaluation of soil properties, as largely indicated in
literature, being a potential tool to delineate parent material. Thus, we explored a multi temporal Landsat image
composition with bate soil reflectance to extract soil properties and distinguish discrepant lithological classes at the
western plateau, Sio Paulo State, Brazil. The atea is 247,737 ha large, where 981 soil samples wete collected at 0 — 20
cm depth. We acquired the synthetic soil image and linked the pixel’s spectra with soil attributes. We performed a
digital soil mapping procedure to generate maps of attributes related to parent material. The soil maps offered a great
input on identifying the transitions between sandstone and basalt as soils from these formations have significant
differences in clay, sand, Fe2O3 and TiOz contents. Therefore, the use of remote sensing coupled with digital soil
mapping is a strong alternative to conventional methods to improve low scale PM maps to enhance detail on
regional and local scales.

Keywords: Remote sensing, Digital Soil Mapping, Parent material, Satellite data, Synthetic soil image, Lithological
transitions, Multiple soil classes delineation

Published as: Mello, F.A.O., Bellinaso, H., Mello, D.C., Safanelli, ].I.., Mendes, W.D.S., Amorim, M.T.A., Gomez,
AM.R.,, Poppiel, R.R,, Silvero, N.E.Q., Gholizadeh, A., Silva, S.H.G., Curi, N., Dematte, ].A.M., 2021. Soil parent
material prediction through satellite multispectral analysis on a regional scale at the Western Paulista Plateau, Brazil.
Geoderma Reg. €00412. https://doi.org/https://doi.org/10.1016/j.geodrs.2021.e00412

3.1. Introduction

Parent material (PM) governs most soil physical properties and characteristics (Schaetzl, ] Randall and
Anderson, 2005; Wilson, 2019). The mineral composition of the rock influences soil color, mineralogy, texture, water
retention capability, magnetic susceptibility and other properties (Ker et al., 2015; Ma et al., 2019; Mokma and
Sprecher, 1994; Richardson and Daniels, 1993; Schwertmann, 1993), which are important for soil management in
agricultural areas. Therefore, multiple strategies have been used to map PM through information contained in soil
maps (Florea et al., 2015; Miller et al., 2008; Prokopovich, 1984). These efforts are important since PM maps are
necessary for human activities such as mining, agriculture, water, fuel, and others.

Despite the role of soil and geological information for economical and sustainable activities (Maltman,
2012; Prokopovich, 1984), most available databases are limited and with coarse spatial resolution, hampering its
application for local and regional planning (Adhikari and Hartemink, 2016; Dobos et al., 2013; McBratney et al.,
2014; Nolasco de Carvalho et al., 2015).

Digital soil mapping (DSM) and remote sensing (RS), emerged as important tools to fill this gap and
produce more detailed maps of natural resources (Dharumarajan et al., 2021; Searle et al., 2021; Styc et al., 2021;
Wadoux et al,, 2019) and to improve legacy databases (Lamichhane et al.,, 2021; Nauman and Thompson, 2014;
Odgers et al., 2014; Pelegrino et al., 2016; Vincent et al., 2018).

The use of RS coupled with geographical information systems (SIG) has resulted in new representative
environmental data, which assisted on the prediction of soil attributes, landscape processes, and geological
information (Grimm et al., 2008; Minasny and Hartemink, 2011; Poppiel et al., 2019b). Recently, Dematté et al.
(2018a), developed the Synthetic Soil Image (SySI) which is a multi-temporal composition of bare soil retrieved from

Landsat time series. SySI has proved to aid on the prediction of soil chemical and physical attributes, such as clay,
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sand, organic matter, and Fe;O3 (Fongaro et al., 2018; Mendes et al., 2019; Poppiel et al., 2019a), soil classes (Mello et
al,, 2021; Rizzo et al.,, 2020), and PM classes (Bonfatti et al., 2020; Gallo et al., 2018).

The combination of RS and soil information has more to contribute for the mapping of geological features,
based on the relationship between soil physical attributes and PM (Blatnik et al., 2020). The challenge stands on
satellites capturing electromagnetic energy reflected from the Earth's surface, which can be affected by the physical
and chemical attributes of the ground (Baumgardner et al., 1986). Moreover, the reflected energy responds to the
upper few centimeters of the soil surface, presenting no direct effects of PM reflectance. However, soil attributes
such as clay, sand, Fe;Oj;, and TiO; ate directly affected by the PM and are also manifested on the spectral
reflectance (Dematte et al., 2009; Izawa et al., 2019; Silva et al., 2020).

Therefore, our hypotheses are that soil attributes from 0-20 cm layer and bare soil reflectance are related to
the soil PM, and that it is possible to upscale a geological map from national to regional extent using SySI and DSM
techniques. The objectives in this study were: i) evaluate the relationship between SySI and soil attributes mainly
affected by parent material in the Western Paulista Plateau; ii) predict PM classes using SySI, environmental variables,

and random forest modeling.

3.2. Material and methods

3.2.1. Study area

The study area is located at the Pereira Barreto municipality, Sio Paulo State, at the Western Paulista
Plateau (Fig.1). The area consists of a 247.7 ha agricultural site that is used for sugarcane production (Caldarelli and
Gilio, 2018). The area has a savanna climate (Aw) with wet summers and dry winters, according to the Képpen
climate classification (Alvares et al., 2013). The temperature ranges between 21.5 and 27.0 °C with an annual rainfall

of 1,100 millimeters (mm).
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Figure 1: Study area located at the Sdo Paulo State, Brazil. a. geological map from Paulista Institute of Technology
(IPT, 1981) covered by the soil collection points, separated into calibration and validation datasets. b. Detailed soil
map designed by a soil mapping specialist with the soil classification according to WRB (IUSS Working Group,
2014). c. Synthetic Soil Image (SYSI) developed by the GEOS3 method (Dematté et al., 2018).

Geology dates from higher Cretaceous (88 - 65 million years) and is generally composed of sedimentary
rocks of Bauru and Caiua groups (SR) (84%), most sandstones (57%), and basaltic spills of Serra Geral (SG)
formation (15%) (Fernandes et al., 2007). The study area comprises two geological formations: Santo Anasticio
(Caiua group), with large presence of sedimentary rocks, mainly sandstones, and SG, with strong presence of igneous

rocks like basalt (Fig. 1 a).

3.2.2. Soil data

First, we indicate a flow chart of activities applied in the work which will be described in detail on further

topics.
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Figure 2: Flow chart of methodology activities. Indicating the construction of digital soil maps and the attempts to
enhance detail on the geological map.

A conventional soil survey took place at the study area (Fig. 1b). The work was conducted by a team of soil
scientists guided by a specialist. The survey provided information about the soil-landscape relationship, soil samples,
and soil profile analysis according to the directions of the Brazilian Soil Classification system (dos Santos et al., 2018)
and the Brazilian Soil Survey Manual (Santos et al., 1995). We collected 1005 soil samples at 0 — 20 cm depth (Table
1) using traditional auger methods and analyzed 44 soil profiles to produce a final soil map on 1:20,000 scale (Fig.
1b).
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Table 1: Soil suborders according to the Brazilian System of Soil Classification(dos Santos et al., 2018) and
correspondent soil classes on the World Reference Base (IUSS Working Group, 2015). Soil parent material was
verified at the field.

Code  SiBCS WRB Parent

Material
CX1  Cambissolo Haplico Muito Argiloso Dystric Cambisol Basalt 10
CX2  Cambissolo Haplico Argiloso Dystric Cambisol Basalt 2
LV2  Latossolo Vermelho Argiloso férrico Rhodic Ferralsol Basalt 13
LV3  Latossolo Vermelho Médio Argiloso Rhodic Ferralsol Sandstone 392
LV4  Latossolo Vermelho Médio Arenoso Rhodic Ferralsol Sandstone 220
NV1 f'\'é'rtr‘i’ggo'o Vermelho - Muito - Argiloso oy ic Nitisol  Basalt 12
NV2  Nitossolo Vermelho Argiloso férrico Rhodic Nitisol Basalt 9
PV1  Argissolo Vermelho Muito Argiloso Rhodic Acrisol ~ Sandstone 5
PV2  Argissolo Vermelho Argiloso Rhodic Acrisol ~ Sandstone 37

PV3  Argissolo Vermelho Médio Argiloso Rhodic Acrisol ~ Sandstone 191
PV4  Argissolo Vermelho Médio Arenoso Rhodic Acrisol ~ Sandstone 92

RL2  Neossolo Litélico Argiloso Leptosol Basalt 12
RL3  Neossolo Litolico Médio Argiloso Leptosol Sandstone 4
RL4  Neossolo Litolico Médio Arenoso Leptosol Sandstone 2
RQ Neossolo Quartzarénico Arenosol Sandstone 4

The soil samples were submitted to physico-chemical analysis (Fig. 2a). They were oven-dried for 48h at
50°C, ground and sieved through a 2mm mesh. The densimeter method was performed to analyze the soil particle
size distribution using sodium hydroxide (0.1 mol L—1) and sodium hexametaphosphate (0.1 mol L.—1) as dispersing
agents (Camargo et al., 1986). Afterwards, the percentages of clay and sand were used to determine the soil texture
class, follow the system of United States Department of Agriculture (USDA) (Soil Survey Staff, 2010).

The area has predominantly been covered with soils originated from sandstones, (e.g. Ferralsols, Acrisols
and Arenosols) with high sand content (Fig. 1b). These soils are located at the higher landscape positions since the
sandstone was formed through sediment deposition over the basalt layer, which is found at lower positions. The SG
occurs close to drainage channels where the sandstone was weathered and eroded. The soil developed from basalt
contains high clay and Fe2O3 contents (e.g. Ferralsols, Nitisols, Leptosols and Cambisols) (Fig. 2b) (Campos et al.,
2012). Overall, the soil classes of the study site are medium texture Rhodic Ferralsols, on the flat hillslope surface
under sandstone alteration, whereas on downslope the same soil class has a clayey texture, due to gradually changes

to basalt alteration (Fig. 2b) (Garcia et al., 2018; Meireles et al., 2012).

3.2.2.1. External soil data

As the main goal in this research was to evaluate the identification of PM through soil analysis, we used an
external soil database that contained the quantification of Iron oxide (Fe2Os) and Titanium oxide (TiOz) (Fig. 2b).
The soil data available for the study area did not contain this information, but we decided to use this external
database due to the correlation between these oxides and the PM, and to investigate its presence in soils derived

from basalt and sandstone (Lu et al., 2008; Schwertmann and Taylor, 1989).
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Fe;O3 and TiO; contents were determined following the methodology proposed by Teixeira et al, (2017).
We used 485 soil samples to determine Fe2O3 through sulfuric digestion, which consists in a determination by atomic
absorption spectrometry in the sulfuric extract. We also used 291 soil samples to determine TiO> through sulfuric

extract by atomic absorption.

This external soil data is part of a larger soil database which has been tested in multiple soil studies
(Bellinaso et al., 2021; Mendes et al., 2021; Silvero et al.,, 2021). We used this information to fit a random forest
model representative for the study area. Although the FexO3; and TiO: samples are located in a different area, we

believe its use will provide benefits for our work. The modeling approach is fully covered in section 2.4.

3.2.3. Environmental variables

3.2.3.1. Terrain variables

To spatialize the soil information, we used a dataset of terrain variables (Table 2), which have shown their
importance on improvement of soil attributes prediction in previous studies (Guo et al.,, 2019; Hengl et al., 2017,
Poppiel et al., 2019a). We derived a digital elevation model (DEM) with 30m spatial resolution from the shuttle radar
topography mission (SRTM) satellite image with of 1 arc-second of global resolution (Slater et al., 2006). We used the
DEM to calculate more terrain attributes (Table 2) using the terrain analysis library in SAGA GIS (Conrad et al,,
2015) (Fig. 2c). These variables are often applied for soil studies since their relationship with soil distribution
(Florinsky, 2012; Mello et al., 2021; Ruhe, 1960).



Table 2: Environmental variables used as predictors for digital soil mapping of clay, sand, Fe2O3 and TiO».
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Code Attribute Description Unit Reference
. . (Zhang and
DEM Digital Elevation Elevation grid representing altitude m Montgomery,
Model 1994)
Vertical Distance to Altitude above t.he channel netwqu (Rennd et al.,
VDTCN in the same units as the elevation m
Channel Network 2008)
data
non- (Conrad et al.,
LSF LS Factor Slope length dimensional 2015)
Slope - a space curve defined for the .
SLOPE Slope set of nonspecial points on the Degree (Florinsky,
2012)
surface
. Indicator  of  soil  moisture .
Topographic Lo . non- (Pei et al,
TWI Wetness Index d1st.r1.but10n at different landscape dimensional 2010)
positions
Landsat Reflectance (Dematté et al.,
B1 Band 1 Blue (450-520 nm) factor 2018)
Landsat Reflectance (Dematté et al.,
B2 Band 2 Green (520-600 nm) factor 2018)
(Dematté et al.,
Landsat Reflectance
B3 Band 3 Red (630-690 nm) factor 2018)
B4 Landsat Near Infrared (NIR) Reflectance (Dematté et al.,
Band 4 (760-900 nm) factor 2018)
B Landsat Short Wave Infrared — 1 Reflectance (Dematté et al.,
Band 5 (1550-1750 nm) factor 2018)
B7 Landsat Short Wave Infrared — 2 (2080-2350 Reflectance (Dematté et al.,
Band 7 nm) factor 2018)

3.2.3.2. Bare soil image composite

Multi-temporal Landsat series were used in this study to predict soil attributes and to evaluate the weight of
the PM on bare soil reflectance (Fig. 2d). Soil surface reflectance provided by Landsat images offers a great tool to
identify and quantify soil attributes (Rogge et al., 2018; Shabou et al., 2015). However, the soil must be exposed to
express its characteristics, which hardly happens continuously at agricultural areas. To solve this issue, we used a
novel approach named Geospatial Soil Sensing System (GEOS3) to produce a continuous bare soil image over the
landscape (Dematté et al., 2018). We applied this method to a time-series of Landsat images using the Google Earth
Engine (GEE) (Gorelick et al., 2017). We used the Landsat 4 Thematic Mapper (TM) 9 (1982—-1993), Landsat 5 TM
(1984-2012), Landsat 7 Enhanced Thematic Mapper Plus (ETM+) (1999-2018) and the Landsat 8 Operational Land
Manager (OLI) (2013-2018). These methods use only Tier 1 or surface reflectance processed by the LEDAPS
(Landsat 4, 5, and 7) and LASRC (Landsat 8) algorithms (U.S.G.S., 2019a, 2019b).

The GEOS3 algorithm was produced in GEE to extract soil reflectance from the collection of historical
Landsat images and to aggregate the spatially bare soil fragments into a synthetic soil image (SySI), which is the
reflectance image of the bare soil composite (Safanelli et al., 2020). To identify the bare soil pixels from single
satellite images, a set of identification rules were used. They were based on spectral indices coupled with quality
assessment bands, which removed cloud, cloud shadow, inland water, snow, photosynthetic vegetation, and non-

photosynthetic vegetation (crop residues) (Safanelli et al., 2020). Each pixel was classified as soil based on the
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Normalized Difference Vegetation Index (NDVI), with a threshold between —0.15 and 0.20 to mask out green
vegetation, Normalized Burning Ratio (NBR2), with a —0.15 and 0.15 to mask out crop residues, difference between
bands 1 and 2 (B2 — B1) and bands 2 and 3 (B3 — B2) (Dematté et al., 2020, 2018). Afterwards, bare soil pixels were
used to calculate, pixel-by-pixel, the median values of topsoil reflectance for single bands and obtain the final
(Dematté et al., 2020, 2018a). The SySI had six spectral bands from blue to short-wave infrared regions at 30 m

resolution.

3.2.4. Soil attribute modeling

We used the soil samples in the study area to extract the values of the environmental variables (Table 2).
This dataset was used to fit a random forest (RF) model, which had the sand and clay contents as dependent
variables, while the environmental information was the independent variables. We chose these two soil attributes due
to their relationship with the PM (sandstone and basalt) (Fig. 1a), which forms soils with different texture and

mineral composition (van Breemen and Buurman, 2002).

3.2.4.1. Random forest and resampling methods

The RF modeling approach has been extensively used for DSM works (Khaledian and Miller, 2020;
Lagacherie et al., 2019; Teng et al., 2018). We decided to use this algorithm because it has proven to be an efficient
method to predict soil attributes in different ranges of data, scale, soil variability, and also to extract the relationships
between soil and the landscape (Heung et al., 2014; Loiseau et al., 2019; Malone and Searle, 2021; Santra et al., 2017).
We did not test other machine learning algorithms since our goal was to focus on how RS data can improve PM
mapping.

Breiman (2001) explains that RF estimates a user-specified number of decision trees by randomly sampling
an existing dataset. However, at each node construction, a random sample of the dependent variables is used. The
resulting decision tree is used to estimate the out-of-bag error rate by predicting the value of the remaining
unsampled data and comparing with the known results (Gambill et al., 2016).

We tested four resampling methods to fit our calibration model, being the out-of-bag, bootstrap, ten-fold
cross-validation, and the repeated cross-validation. The model calibration process was performed using the RF
algorithm in the R package caret (Kuhn, 2008). For the out-of-bag and bootstrap calibration, we randomly
partitioned the data into calibration (70%) and validation (30%) subsets, following other DSM works (Fongaro et al.,
2018; Poppiel et al., 2019a). We also performed a descriptive statistics analysis on the calibration and validation
subsets. For cross-validation methods we used the complete soil dataset.

We compared the results of the model calibration and selected the best model based on the r-squared (R?),
root mean square error (RMSE), Ratio of Performance to InterQuartile distance (RPIQ), and bias (Hawkins et al.,

2003). Afterwards, we chose the best model and applied it to predict the soil attributes for the study area.

3.2.4.2. Application and validation of internal and external models

The calibration step was applied on the three soil datasets, the internal (clay and sand) and the external
(Fe2Os and TiOy). The internal model contained samples inside the study area (Fig. 1), which also contained the
parent material information. After testing the results of the four resampling methods, we selected the one with best

performance to predict sand and clay values in the study area.
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The external model was fitted with data from the Piracicaba region, and was applied at the study area (Fig.
2b). The use of external soil datasets was explored by Wetterlind and Stenberg (2010), which compared the
performance of prediction models using local and external soil data. The results pointed that the best scenario would
be the combination of local and external datasets, which was also addressed in other DSM works (Bellinaso et al.,
2021; Brown, 2007; Guy et al., 2015; Nawar and Mouazen, 2017; Sankey et al., 2008). We decided to test the external
model for the prediction of FexOj3; and TiO; at the study area, since we aimed to relate the PM with these two
attributes.

The validation of the digital maps of sand and clay was performed for all the tested resampling methods. In
the cases of out-of-bag and bootstrapping, the remaining 30% data was compared with the predicted maps. For the
methods using cross validation the complete dataset was applied, resulting in a single validation value. For the
validation of FexOj3 and TiO», we applied the RF model on the 30% remaining dataset, predicting new values. This

was considered as an external validation, since these datasets were external from the study area.

3.2.5. Exploratory statistical analysis

In this section we present the analyses regarding the distribution of soil texture, SySI, and PM classes. These
analyses aimed to evaluate how the different is the soil texture and satellite reflectance over basalt and sandstone,
according to the geology map provided by the Paulista Institute of Technology with scale of 1:500,000 (IPT, 1981)
(Fig. 1a).

3.2.5.1. Soil texture, SySl, and geological classes

We used the internal soil database evaluate the distribution of sand and clay values over sandstone and
basalt PM classes. The same process was applied to evaluate the distribution of SySI’s six bands over the two PM
classes. All the pixels inside the two PM classes were accounted in the analysis. These data were submitted to a
statistical test to evaluate the mean differences between the values over basalt and sandstone (Fig. 2 f).

To reduce the spatial dependency effect, we fitted a linear model using Generalized Least Squares (GLS)
(Dormann et al., 2007), and applied it to an analysis of variance (ANOVA) (p < 0.01), measuring the mean value
according with the geological classes (Fig. 2 f). We used the multcompView package (Graves et al., 2015) to perform

the mean comparison test in R software (R Core Team, 2013).

3.2.5.2. Bare soil spectral classification

Different studies stated the distinct spectral behavior of soils developed from sandstones and basaltic rocks
(Dematté et al., 2012, Dematté et al., 2015). Based on this assumption, and in the fact of the reference legacy geology
map used also presents only two classes (sandstones and basalt) for the study area, we performed a two-classes
supervised classification on the area.

Using ESRI ArcGIS 10.4, we collected SySI reflectance signatures of both geologies at the study area that
was considered pattern spectral signatures. Using the patterns information, we applied a two-classes maximum
likelihood supervised classification to reclassify the image in new two classes.

We performed a mean test of sand and clay content within the two new classes and calculated the accuracy
between the resulting map and the IPT geological map (IPT, 1981). Dobos et al. (2013) applied a similar approach
to map PM using satellite images (MODIS and SRTM).
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The analysis focused on the potential to indicate areas where the conventional map could be improved.
Field observations also gave the in-situ information about geology, allowing the link between field, spectra, attribute
analysis and the legacy map (Table 1). Finally, we were able to determine the inconsistencies on the generalized map

and improve it.

3.2.6. Soil parent material prediction

After a complete evaluation of the relationship between SySI and soil attributes, we went further to predict
PM classes using terrain and satellite information (Fig. 2f). The soil survey in the study area collected information
about the PM (Table 1), which allowed its use on the prediction of PM classes.

We used the field points with PM information to extract the reflectance values from SySI’s six bands and
the five terrain attributes (Table 2). We used the RF algorithm and tested the same resampling methods used on the
prediction of soil attributes. We did not apply the digital soil maps in this step for three reasons. The first is that they
are a product from the same covariables (Table 2), which would result in autocorrelation. The second reason is that
the digital soil maps contain error, which makes the use of the original data more adequate. The last reason is that we
aimed to promote the use of free environmental data, such as SySI and terrain variables, to improve legacy maps and
make quality information more accessible.

To validate the model, we analyzed the importance of each variable and calculated the accuracy and kappa
coefficients (Congalton and Green, 2019). The final map was compared with the geology legacy map (1:500,000) and

with the digital maps of soil attributes in order to identify transitional zones between the two classes.

3.3. Results and discussion
3.3.1. Exploratory analysis

3.3.1.1. Descriptive statistics of soil attributes

The analysis helped to understand the soil texture distribution over the study area at 0 — 20 cm depth (Table
3). In general, surface horizons were sandy loam. This is a result of an expressive presence of sandstone at the higher
landscape positions (Fig. 1). Although there are different soil types in the area (Fig. 1b), clayey surface horizons are
minority and are located at the lower altitudes where the basalt presence is stronger (Fig. 1c). Moreover, clay
provided higher variability (higher CV), which shows its distribution is more heterogeneous than sand particles.

Having sandy loam soils as dominant would prevent the study of geological transitions.
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Table 3: Descriptive statistics of sand, clay, Fe2O3 and TiO; separated in calibration and validation datasets for
digital soil mapping.

n Min. Median Max. Mean SD CV (%)

Calibration

Clay (g kg}) 688 45 180 705 203.3 92.4 45
Sand (gkg') 688 111 7605 945 7298 122.0 17
Fe:Os (gkgt) 361 0.8 248 2520 604 650  107.6
TiO2 (g kg-1) 216 1.1 7.5 53.7 15.6 15.0 96.1
Validation

Clay (g kg™ 295 60 180 585 2022 948 47
Sand (gkgl) 295 231 762 918 7309 1256 17
FeO3 (gkgh) 121 3.6 382 2470 643 61.8 96.2
TiO2 (gkg-1) 72 1.4 6.7 58.7 15.5 16.0 1035

n: number of observations; min: minimum value; max: maximum value; SD: standard deviation; CV: coefficient of
variation.

3.3.1.2. Sand, clay, and SySlI distribution

The mean comparison test shows clay and sand contents as well as spectra over basalt and sandstone (Fig.
3a,c). In general, soil texture and SySI values were all statistically different for each geological class, which points to

the PM influence on soil formation (Birkeland, 1984; Schaetzl and Anderson, 2005).
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Figure 3: Multi comparison test performed to evaluate the mean difference between lithologies related to soil
texture and SYSI bands. The Tukey test was performed with 0.05 of significance level. The test showed significant
differences between geological formations for all the variables applied.
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The mean clay values of points over basalt were low (268 g kg-1) (Fig. 3). This value over basalt (268 g kg!)
was not expected, since mafic igneous rocks have low silica and high ferromagnesian minerals content (Meschede
and Warr, 2019; Waroszewski et al, 2019). These minerals, after weathering and pedogenesis in tropical
environments, result in the formation of oxidic clayey minerals (Schwertmann, 1988) and clay soil texture (Neel et al.,
2007). These results are corroborated by (He et al., 2008), who found clayey to very clayey texture in basalt-derived
soils attributing it to the mineralogy of the rock's constituent.

The low average value of clay over basalt (Fig. 3) could be explained by different process, such as
landscape dynamics where erosion in the upper landscape positions (sandstone) and deposition in the lower (basalt).
The interruption of pedogeochemistry activity by geomorphic processes, hampering mineral formation during basalt
weathering (Waroszewski et al., 2019). Finally, clay accumulation processes that can result in textural differentiation
in some soil classes (Breemen and Buurman, 2002). In addition, many of the collection points are located in
transition areas between basalt and sandstone (Fig 1a). These observations, plus the low scale of the geological map,
may cause a poor representation of reality.

The sandy texture of soils over the sandstone lithological compartment can be explained by the mineralogy
of the Santo Anastdcio formation, which predominates high levels of silica and mineral-poor cementing (Stradioto and
Chang, 2020; Suguio et al., 1984). The predominance of sand over sandstone lithology indicates the influence of the
PM for soil physical attributes. A similar result was found by Araujo et al. (2017), indicating that soil texture and
mineralogy vary considerably over different PM. Camara et al. (2017) explained that the soil texture heterogeneity is
controlled by the lithology.

Soil reflectance extracted from satellite has been used to identify different minerals in soils (Dematté et al.,
2007; Poppiel et al., 2019b). Opaque minerals, often derived from mafic rocks, tend to absorb energy and express a
lower reflectance, while quartz minerals reflect most of the transmitted energy (Formaggio et al., 1996; Bellinaso et
al., 2010).

The six SySI bands showed significant differences in terms of geology, even with the map’s coatse
resolution (Fig. 3). Bands one, two and three, inside the visible (VIS) spectral range are red, green and blue (RGB)
and are often approached in the literature related to soil mineralogy and organic matter (Dematté et al., 2007;
Madeira Netto, 1996). The result shows the mean reflectance on sandstone derived soils was higher for these three
bands (Fig. 3). Band four represents the near infrared region (NIR) which is often related to vegetation
characteristics ( Dematté et al., 2007; Boettinger et al., 2008).

Bands five and six represent the short wave infrared (SWIR) and are related to soil texture due to the
expression of phyllosilicates, quartz, and gibbsite (Boettinger et al., 2008; Janik et al., 2007). The variation observed

on these two spectral ranges was more expressive than the others (Fig. 3).

3.3.1.3. Sand, clay, and SySlI distribution
The darker color in Figure 4 is a result of more opaque minerals, derived from mafic rocks, which decreases
the reflectance. The blue line shows the geological transition from the geology map (IPT, 1981) and the soil

reflectance suggests an overestimation of the basalt area (Fig. 4).
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Figure 4: Three spectral patterns derived from SYSI. a. high clay content soils with low reflectance intensity and
high sand content soils with high reflectance intensity.

Soils originated from basalt with expressive clay content (>35 %), often contain Fe oxides and are able to
retain water (Silva et al., 2020). All these aspects influence the spectral reflectance decreasing its intensity in soils due
to the presence of opaque mineral (Fig 4a). Sandy soils have low clay content (<15 %), primary minerals like feldspar
and quartz, which contribute to a low water retention(Saxton et al., 1980).

We zoomed some areas to compare the geological transition and the reflectance values (Fig. 4). The RGB
region showed lower intensity for basalt derived soils, indicating darker soils with high clay and oxides content (Fig.
4b) while soils with lower clay content and intense presence of quartz express higher reflectance (Fig. 4a). The
spectral signatures in the study area is similar to the results found by Gallo et al. (2018) who studied diabase, siltstone
and sandstone which the mean reflectance was different for all according to Tukey test (p < 0.05).

After performing the supervised classification on SySI, we observed that two distinct classes were formed
(Fig. 5). The spectral signatures produced two classes (1 and 2), similar to the geology map (Fig. 5a). As expected, the
sand content was higher in class 2, while the clay content was higher in class 1 (Fig. 5b). We also performed a
comparison between the two new classes with the geology classes from the legacy map (IPT, 1981) reaching 81% of

accuracy (Fig. 5).
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Figure 5: SYSI classification compared to geology and soil texture. a. SYSI’s supervised classification using spectral
signatures from basalt and sandstone areas. The points were classified based on the geological map. b. Multi
comparison test between soil texture and the supervised classification.

This discrepancy was appointed by Gallo et al. (2018) and (Bonfatti et al., 2020) which compared the mean
reflectance in soils developed from different PM and found a significant differences between igneous and
sedimentary rocks. These results confirm the potential to use bare soil reflectance to detect the soil’s parent material
and show that surface processes, such as erosion, do not compromise the analysis. Poppiel et al. (2019b) and Gray et
al. (20106) evaluated the variation of soil attributes over different parent materials and reached the conclusion that
physical and chemical attributes are considerably different over discrepant geologies and can be used as an indicator

of PM.

3.3.2. Model evaluation

3.3.2.1 Sand and clay prediction (internal model)

The use of multitemporal satellite information for environmental analysis is a powerful way to access and
monitor natural resources (Charrua et al., 2021; Varin et al., 2021; Vivekananda et al., 2021). SySI has proved to aid
significant improvement on DSM, especially regarding soil texture (Bellinaso et al., 2021; Dematté et al., 2018).
However, its application on PM mapping is still challenging, since satellites only retrieve surface spectra (Vrieling,
2000). In this section we present digital maps of four soil attributes and compare them with a geology map, in order

to demonstrate SySI’s potential to map attributes associated with the PM.
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After testing four resampling methods, we analyzed the results based on the coefficients of determination
and errors (Table 4). We partitioned the dataset on 70% calibration and 30% validation for the use of out-of-bag and
bootstrapping resampling methods. Although they had an overall low bias, their results were inferior to the cross-
validation methods (Table 4). The ten-fold cross-validation was slightly better than the repeated cross-validation,
with R* of 0.53 for clay, and 0.54 for sand prediction (Table 4). The RMSE and RPIQ were also similar in both

cross-validation methods, which did not compromise the model performance.

Table 4: Evaluation of model predictions for sand and clay contents using the internal soil dataset. Tests of four
resampling methods for calibrating and validating the model.

Attribute Calibration Validation
R?> RMSE RPIQ bias R? RMSE RPIQ bias
boot 052 675 1.18 0.1 0.44 66.3 053 -1.52
oob 054 638 13 -0.25 0.44  65.87 0.53 -2.83

Clay

(g kg™ 1(:(\)/ ] ) ] - 053 840 035 -15
ep - - - - 049 666 035 -15
boot 053 862 215 049 044 863 088 221
g 00D 056 827 217 003 044 8723 087 303
(g kg 1C(\)/ S 054 839 019 307
ep - - - - 053 871 018 212

R% r-squared; RMSE: rooth mean squared error; RPIQ: Ratio of Performance to InterQuartile distance; boot:
bootstrapping; oob: out-of-bag; 10-cv: ten-fold cross-validation; rep: repeated cross-validation.

The results indicated that ten-fold cross-validation was the best model for the prediction of clay and sand.
Thus, we applied this model in the study area and produced the digital map of these attributes (Fig. 6).

These maps contribute for the application of SySI to infer the PM, since the soil texture is mainly affected
by the rock and the soil formation processes that occur (Breemen and Buurman, 2002). For instance, basalt and
diabase from Serra Geral formation produce several ferromagnesian minerals (Mullins, 1977) that undergoes intense
weathering in a tropical environment, forming silicate and oxidic clay minerals and soils with a clayey to very clayey
texture and red/datk color (De Jong et al, 2000; Schwertmann, 1988). The sandstone of the Santo Anasticio
formation, has high levels of silica and low levels of primary minerals susceptible to pedogenesis of clay after
weathering (Suguio et al., 1984). Thus, the formation of sandy to medium sandy soils predominates over sandstones,
as found by (Campos et al., 2007). It is clear that soil spectra are much affected by these opaque minerals (Fig. 4b)

raising the argument of a correct PM classification studying the soil.
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Figure 6: Digital soil maps of soil attributes using random forest. a. sand, b. clay, c. Fe2Oj3 and TiO».

However, sandstones from the Santo Anastacio Formation have high levels of silica and low levels of
ferromagnesian minerals. As a result, sand formation is more favorable than clay. Therefore, these minerals tend to
form soils with sandy texture and lighter color (Campos et al., 2007). These physical attributes will influence soil

directly and will also affect the spectral reflectance increasing its values (Fig 4).

3.3.2.2 Fe203 and TiO2 prediction (external model)

The model performance for Fe;O3 and TiO; prediction was generally better than clay and sand (Table 5).
The calibration coefficients for out-of-bag and bootstrapping were overly optimistic with R? of 0.93 (Fe2O3) and 0.92
(TiO»), and a strong decrease on validation with R* 0.64 (Fe;O3) and 0.69 (TiO2) (Table 5). The cross-validation
resampling methods proved to be more efficient on the prediction of these attributes, specifically the repeated cross-

validation, with producing R? of 0.71 (Fe2O3) and 0.74 (TiO2), and RMSE of 36.9 (Fe2O3) and 7.9 (TiOy) (Table 5).
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Table 5: Evaluation of model predictions for Fe203 and TiO2 contents using the external soil dataset. Tests of four
resampling methods for calibrating and validating the model.

Attribute Calibration Validation
R?> RMSE RPIQ bias R? RMSE RPIQ bias
boot 0.93 17.92 0.51 0.27 0.64 38.96 0.25 0.15
Fe203 oob 093 179 051 0.06 0.64  39.03 0.25 0.13
(kg?) 10-cv - - - - 0.67 35.9 0.27 1.2
rep - - - - 0.71 36.9 0.61 0.71
boot 0.92 4.4 054 0.03 0.69 8.12 0.27 0.13
TiO2 oob 092 439 054 0.04 0.69 8.16 0.27 0.1
(gkg-1) 10-cv - - - - 0.63 9.16 0.25 151
rep - - - - 0.74 7.9 0.62 -0.07

R? r-squared; RMSE: rooth mean squared error; RPIQ: Ratio of Performance to InterQuartile distance; boot:
bootstrapping; oob: out-of-bag; 10-cv: ten-fold cross-validation; rep: repeated cross-validation.

The FexOs and TiO; predictions used an external soil dataset, which prevented the validation process.
Dematté et al. (2018) and Bellinaso et al. (2021) used this approach for clay quantification and demonstrated the
potential of this method specially when applied in multitemporal bare soil images. Fe;O3; and TiOz maps are
important for an exploratory analyses, because soils from Sao Paulo state, developed from a mafic rocks will have
higher contents, if compared with soils derived from a sedimentary rock, such as sandstone (Schaetzl and Anderson,
2005; Breemen and Buurman, 2002).

The digital maps of clay, sand, Fe2O3 and TiO: content presented strong contrast between high and low
landscape positions (Fig. 6). The higher positions have a stronger influence of sedimentary rocks from Santo
Anastacio formation. As the altitude of landscape decreases, the drainage pathways are more evident and higher clay
contents are more evident and higher Fe2Os and TiO: contents are exposed (Fig. 6b). This process suggests
geomorphological activity, which a steep landscape favors surface erosion, lowering the landscape and uncovering
older rocks that had previously been covered by younger ones. In this case, the exposed rocks close to the drainage
valleys were from Serra Geral formation, favoring the formation of iron oxides in soils (Ker et al., 2015).

Furthermore, there is presence of magnetite and ilmenite in the sand fraction, opaque minerals. On the
other hand, sandstones from the Santo Anasticio Formation have high levels of silica and low of ferromagnesian
minerals. The quartz presence results soils with lighter color (Campos et al., 2007) and increase reflectance values
(Fig 4).

The FexO3 concentration in soils (Fig. 6¢) is related to the PM, weathering and pedogenetic processes of
accumulation and removal (Ker et al., 2015). In fact, PM stands out as the main supplier for FesOs formation
(Carvalho Filho et al., 2015; Schwertmann, 1993). Silva et al. (2020) worked with soils from Western Paulista Plateau
and found higher Fe,Oj3 in soils developed from basalt rocks from Serra Geral formation and the minor values were
found in sandy soils derived from sandstones.

Cunha et al. (2005) studied soils derived from the same geological formations and found a pattern similar to
the encountered in this study, with soils developed from sandstones in higher landscape positions, while in lower
positions the basalt is affecting the soil formation. Soils developed from sandstone contained low Fe2O3 contents
and as the altitude decreased, clay content became higher and soils showed an eutrophic character (Cunha et al.,

2005). At valley positions soils were ferric and clayey, indicating a strong influence of basalt. The clay (Fig. 6b) and
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the Fe;O3 (Fig. 6¢) maps highlight the same pattern in which there is a progressive increase of these attributes as the
landscape is steepened.

TiOzis a mineral inherited from igneous and metamorphic rocks and appears normally in low concentration
in soils with heavy minerals due to its resistance to weathering. However, some soils that are very weathered, leachate
and derived from mafic rocks might have a higher accumulation of these oxides compared to temperate soils (Ker et
al., 2015). Similar to our results, Nogueira et al. (2018) found a negative correlation between TiO; and sand contents
of soils at the Sdo Paulo State.

The mafic rocks from Serra Geral formation, tend to be rich in TiO, as result of their own natural
formation (crystallization from liquids at 1000°C in the deep crust) (Green and Pearson, 1986). This rock is highly
weathered, when exposed to natural conditions, remaining only TiO rich minerals (e.g. Zircon, Titanomagnetite and
Titanomaghemite), which are resistant to weathering. Schaefer et al. (2008) explained that for amphibolite (or

dolerite), tholeiitic basalt and diabase, Ti or Al are the main isomorphic substituents in the Fe oxides.

3.3.3. Soil parent material prediction

The exploratory analysis suggested that the soil physical attributes are significantly different over basalt and
sandstone (Fig. 3). The literature also points to a series of pedogenetic processes affecting the contents of sand, clay,
Fe;03, and TiO; (Cunha et al., 2005; Silva et al., 2020). In this regard, SySI has proved the potential to predict soil
attributes associated to the PM. Therefore, we moved forward and applied SySI for the prediction of PM classes.

The discrepant geological formations and the only two PM classes in the study area positively influenced
the prediction performance of the model (Table 6). We also tested the four resampling methods linked with RF, the
same used for the DSM step. In this case the cross-validation methods had significant lower performance, favoring
the use of the partitioned datasets. The best model used bootstrapping, resulting in 0.85 of accuracy and 0.49 of

kappa coefficient for calibration, and 0.75 of accuracy and 0.40 of kappa coefficient for validation (Table 06).

Table 6: Evaluation of model performance and resampling method for the prediction of parent material classes.

Attribute Calibration Validation
Acc®  Kappa Acc®  Kappa
boot 0.85 0.49 0.75 0.40
PM oob 091 0.63 0.57 0.23
Classes' 10-cv - - 026  0.03
rep - - 0.27 0.04

! Parent material classes; 2 prediction accuracy; boot: bootstrapping; oob: out-of-bag; 10-cv: ten-fold cross-validation;
rep: repeated cross-validation.

Although the low number of classes improved the model performance, other works presented strong
results applying a similar strategy in more complex areas (Bonfatti et al., 2020; Gray et al., 2016; Kassai and Sisak,
2018). Mancini et al. (2020) used a proximal sensing to classify 12 PM classes using x-ray fluorescence information of
soils. Based on these results and after exploring the differences in soil texture, mineralogy and satellite reflectance
over basalt and sandstone, we confirmed that the environmental vatiables (Table 2) could be used to determine the
PM through DSM techniques.

Although there was available soil analysis, we used SySI and a set of terrain variables to fit the RF model.

SySI bands had the highest contribution followed by elevation data (Fig. 7). The variables importance graphic
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indicates the strong input of bate soil reflectance, which proves that the bare soil reflectance is capable to identify
soil variation and, consequently, parent material (Fig. 7). The digital elevation model was the most important terrain
variable on the model (Fig. 7). The performance of the other terrain variables was similar to the results presented by

Heung et al. (2014), which used terrain information to predict nine geological classes.
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Figure 7: Variables importance on the prediction of the soil’s parent material using random forest machine learning
algorithm. SySI_1: SySI’s band 1, SySI_2: SySI’s band 2, SySI_3: SySI’s band 3, SySI_4: SySI’s band 4, SySI_5: SySI’s

band 5, SySI_7: SySI’s band 7, DEM: digital elevation model, LSFAC: LS factor, SLOPE: terrain slope, VDTCN:
vertical distance to channel network, TW1I: topographic wetness index.

As stated by Fongaro et al. (2018), SySI’s bands 4 (NIR), 5 (SWIR1), and 7 (SWIR2) respond to iron oxides,
quartz, and moisture contents, explaining their good performance on the model prediction (Fig. 7). Hematite,
kaolinite, and gibbsite contents are higher in clayey soils, decreasing and flattening the spectral curve, while higher
contents of quartz increases the reflectance across the spectrum (Dematté et al., 2018).

The application of modern DSM techniques to predict PM classes is an update of traditional studies on
landforms and bedrock distribution (Brevik and Miller, 2015). The eatly applications of soil knowledge on geological
studies guided field surveys on the recognition of different geological formations and to fill gaps between existing
geology maps (Rodgers, 1953; Thorp, 1949). Although soil maps were used to provide extra data, it was an important
tool in periods where information was not easily accessible and available (Birkeland, 1999; Lindholm, 1994;
Prokopovich, 1984).

Recent use of soil data brought more applications for geological studies (Dobos et al., 2013; Florea et al.,
2015). Miller and Burras (2015) obtained good agreement of surficial geology maps derived from Soil Survey maps

with surficial geology maps. Jang et al. (2021) used soil texture maps, topographic data, gamma-ray data, and
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multitemporal bare soil image, classified into clusters to generate a PM map for a 1700 km? region in Australia.
Richter et al. (2019) combined expert knowledge with quantitative digital terrain attributes, and digital soil mapping
to predict PM classes, reaching an overall accuracy of 0.79 among pedisediment and residuum. Lacoste et al. (2011)
also used machine learning to predict 20 PM classes, reaching 0.78 of kappa coefficient, and suggesting the method’s
application for other environmental studies.

The predicted map had similarities with SySI itself, clay, sand, Fe2Os, TiO», and the supervised classification
maps (Fig. 8). This result is in agreement with our hypothesis, since there is a strong relationship between the
contents of these attributes, spectral behavior, and PM (Dobos et al., 2013; Kassai and Sisak, 2018). The predicted
map also highlights the overestimation of basalt areas in the legacy map with 1:500,000 scale (IPT, 1981) (Fig. 8b).
Besides the clayey soils in the lower landscape positions, some areas maintain the sandy surface horizon from upper
to lower parts (Fig. 8b). This high sand content is detected by SySI with higher reflectance values (Fig. 4) but it might
add an error to the analysis. The sandy surface horizons can be formed from sediment deposition from upper

positions and not represent correctly the PM.
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Figure 8: Soil parent material prediction using random forest. a. digital map of parent material classes with geological
transition from a 1:500,000 geological map (IPT, 1981); b. highlight on the differences in parent matetial transition
between the conventional and the digital map; c. sandstone rock observed in a soil profile; d. basalt rock observed in
a Cambisol profile and e. area proportions between the conventional and digital maps.

Campos et al. (2012, 2007) in works carried out in the same region, described the pattern of increasing clay
content from the surface from the highest to the lowest parts of the relief, following the transition from PM
sandstone to basalt. The same authors highlighted the occurrence of a transition zone where the soils were
influenced by the two materials in their formation.

The high accuracy and kappa coefficients indicate that soil information can be used to predict the PM,
offering new applications for soil surveys and DSM techniques. The improvement in PM delineation can help on
multiple agricultural practices and in land conservation. In this case, we had a decrease in basalt areas from 23 to
12% (Fig. 8e), an important information for land use planning. The sandstone areas increased from 76 to 87% (Fig.
8¢), showing a stronger role on soil formation around the study area. Land use planning would be different in these

two scenarios and a more adequate one could be developed from this technique.
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3.4. Conclusions

The digital soil mapping techniques are advancing towards the assessment of geological information with
focus on the PM. This fast way to classify SySI showed a potential to identify different geological formations through
soil. Using a more detailed geological map would bring even more possibilities to identify better transitional areas
and geological polygons.

The surface reflectance was indicative of soil PM due to their relationship with soil formation and
attributes. The textural and mineralogical aspects of soils tended to differ from mafic and sedimentary rocks,
affecting directly the reflectance. Specifically, the greater presence of quartz and greater sand content in soils
developed from sandstones and the greater presence of opaque minerals (magnetite, ilmenite and titanomagnetite)
and greater sand content in soils developed from basalt. Satellite images worked as proxies to infer the PM, since
they retrieve surface reflectance.

The environmental variables worked satisfactorily to indicate lithological transitions as a result of the
textural and mineral distribution over the landscape and the effects in surface reflectance. In areas where geological
maps have low scale, the automated method using environmental variables offers a great advance in saving surveying
time and costs, due to its capability to accurately identification of the transitions.

The prediction of PM classes by bare soil reflectance (SySl), terrain attributes and soil data proved to be
efficient and accurate. This approach can improve a set of land use decisions if the procedures and variables applied

are adequate and the use of the machine learning is correct.
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4. USING REMOTE SENSING TOOLS TO IDENTIFY HYDROMORPHIC SOILS HIDDEN UNDER
AGRICULTURE AND IGNORED BY ENVIRONMENTAL REGULATION

Abstract

The need to secure food and water for the world’s population increased over the past decades, having soil
as a major natural resource to achieve this goal. However, the advance of soil degradation requires advanced
monitoring techniques to access soil data. We evaluated multitemporal bare soil image reflectance at various
locations to verify the occutrence of hydromorphism, predicted hydromorphic soils for a large area, and analyzed
their distribution. The hydromorphic soils did not present the typical concavity features of Fe oxides in the region of
the 900 nm band and the typical hematite amplitude located between 520 and 580 nm. Slope and SySI band 1
contributed the most for the prediction model with 98 and 69%, respectively. The optimal model was random forest
with cross validation, reaching accuracy of 0.92 and Kappa of 0.77. Hydromorphic soils were generally predicted at
concave and flat landforms, at the summit or footslope positions. Mato Grosso do Sul had 28% of the area analyzed
in this study classified as hydromorphic, while Sdo Paulo had 6%. Soybean and pasture areas had up to 14.9% of
hydromorphic soils. Finally, SySI was able to map hydromorphic soils, a powerful tool to improve monitoring at
agricultural areas.

Keywords: Remote sensing; Digital soil mapping; SySI; Hydromorphic soils; Machine learning

4.1. Introduction

Over the past decades multiple environmental challenges were addressed in international conventions and
worldwide initiatives for sustainable development (CEC, 2006; Wu and Clark, 2016). The need to provide food and
water for the world’s population while minimizing the impact on climate raised awareness on the effort to achieve
Food Security, Water Security, Energy Security, Climate Change Abatement, Biodiversity Protection and Ecosystem
Service Delivery (Bouma and McBratney, 2013; Godfray et al, 2010; McBratney et al, 2014). In this regard,
McBratney et al. (2014) addressed that soil has an important role on the achievement of such goals, but so far has
been poorly applied in models to investigate these global challenges. The lack of soil knowledge and the advance of
soil degradation caused by agriculture pose a threat as population is estimated to be 9 billion by the middle of the 215t
century (Baker, 1994; Lal and Stewart, 2010).

Soil is a natural body comprised of solids (minerals and organic matter), liquid, and gases that is formed
through the interaction of five natural factors (climate, organisms, relief, parent material, and time) (Dokuchaev,
1883; Jenny, 1994). Soil formation varies according to the activity of each forming factor, and each soil will have a
contribution for the environment and ecosystem regulation (Banwart et al., 2011; Chorover et al., 2007). In this
regard, hydromorphic soils stand out as a regulator of hydrological and biogeochemical cycles with fauna and flora
(Mitsch et al., 2015). These soils are connected with the water table and represent a supplier for water recharge,
nutrients, and sediments for riverine ecosystems (Lehrback et al., 2016; Santana and Barroso, 2014).

Hydromorphic soils are a result of prolonged water saturation and seasonal alternation between water
logging and drainage, which promote anoxic conditions for at least part of the year (Buol and Rebertus, 1988;
Duchaufour, 1982; van Breemen and Buurman, 1998). The permanent or periodic saturation of the soil is caused by
the groundwater or from above (rain or irrigation) (Buol et al., 2011; van Breemen and Buurman, 1998). When the
soil pores are filled with water, gas diffusion becomes very slow, decreasing the supply of Oz (van Breemen and
Buurman, 1998). This lack of oxygen favors the activity of anaerobic micro-organisms on the reduction of oxidized
soil components, such as Fe**, Mn3*, and Mn**, into Fe?* and Mn?* (Bedard-Haughn, 2011; Buol and Rebertus,

1988; Ozcan et al.,, 2018). As a result, the zones where these oxides were reduced become a non-mottled and greyish
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soil (chroma < 2) due to the permanent water saturation, and are classified as gley soils (Buol et al., 2011; Pavlovi¢ et
al., 2017; Schaetzl and Anderson, 2005). The water saturation occurs due to their landscape position at poorly
drained floodplains and flat surfaces with constant influence of the water table, causing the gley phenomena (dos
Santos et al., 2018; Ker et al., 2015).

Although hydromorphic soils are fragile and important for the environment, the agricultural expansion
scenario represent an environmental pressure for these ecosystems (Gebresllassie et al., 2014; Tilman, 1999; Zou et
al,, 2018). Multiple studies presented ground water contamination through agricultural activities involving fertilizers,
pesticides, and other chemical agents, implying the fragility of such ecosystems and the impact of unregulated
anthropic activities (Bera et al., 2021; Goss et al., 1998; Miller, 1972; Nath et al., 2021; Ritter, 1990; Yang et al., 2021).
According to the Brazilian Forestry Code, the margin areas of a river, lake, and water source must be preserved with
the natural vegetation (Piedade et al., 2012; Sparovek et al., 2011). However, the areas to be preserved start counting
from the riverbed at the drought season, which end up excluding potential wetland soils that will only be affected
during the flood season. These soils will naturally be included in agricultural sites at risk of getting contaminated,
since they are difficult to map and ignored by environmental regulations.

The definition of these seasonally saturated soils differs in soil classification systems, considering different
depths for redoximorphic activity, duration of the saturated condition, color, and others (Table 1). Thus, the
identification and mapping of such soils is fundamental for the conservation of water resources. However, there is a
challenge on identifying and mapping theses soils over large ateas. They often represent a small percentage among

other soil types, which hampers their mapping (Mello et al., 2021b).

Table 1: Different terminologies and descriptions for soils with hydromorphic activity.

Terminology Description Source

Mineral soils with Gley horizon within the first 50 cm from the

surface, or between 50 and 150 cm deep. The Gley horizon must (dos Santos et al.,
be under a shallow surface horizon insufficient to be classified as 2018)
Organosols.

Gleissolos

A wetland soil (hydric soil) that unless drained is saturated with
groundwater for long enough to develop a characteristic gleyic

Gleysols color pattern. layer = 25 cm thick, and starting < 40 cm from the
mineral soil surface, that has gleyic properties throughout and
reducing conditions in some parts of every sublayer.

(IUSS  Working
Group, 2015)

Aquic conditions and sulfidic materials within 50 cm of the mineral

Entisols, soil surface; Permanent saturation with water and a reduced matrix

Inceptsols, in all horizons below 25 cm from the mineral soil surface; In a layer (Staff, 2010)
Mollisols (Aqu- above a densic, lithic, or paralithic contact or in a layer at a depth ’
suborders) between 40 and 50 cm below the mineral soil surface, whichever is

shallower, aquic conditions for some time in normal years.

Areas where water covers the soil, or is present either at or near the
Wetlands surface of the soil all year or for varying periods of time during the
year, including during the growing season.

(Kadlec and
Wallace, 2008)

Therefore, we established the following goals to proceed with this study: (i) evaluate and analyze

multitemporal bare soil image reflectance at various locations to verify the occurrence of hydromorphism; ii)
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combine satellite and relief data with a machine learning algorithm to classify hydromorphic soils for a large area; iii)

analyze the hydromorphic locations regarding the federal states and land use/cover types.

4.2. Material and methods

4.2.1. Study area

This study was conducted in an 863,577.9 km? area located across the southeast and mid-west regions of
Brazil (Fig. 1). The region comprises tropical and subtropical climates classified as Aw (Savanna), Cwb (Subtropical
highlands), Cfa, and Cwa (Humid subtropical) according to the Képpen climate classification (Alvares et al., 2013).
The rainfall varies between 1000 to 2200 mm year! and the mean annual temperature varies between 18 to 24 °C

(Alvares et al., 2013).
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Figure 1. Study area located between the southeast and mid-west regions of Brazil. The map shows the point
locations where soils were identified as hydromorphic and non-hydromorphic, depending on their conditions
analyzed in the field and through remote sensing.

4.2.2. Soil dataset

In order to gather a large amount of data regarding hydromorphic soils, we combined three soil datasets
from open and closed soil inventories in Brazil. The first soil dataset is private and was provided by the
Geotechnologies in Soil Science Group (GeoSS), which has developed a series of soil studies in many regions of

Brazil, especially in the Sdo Paulo state (Dematté et al., 2019). The second soil dataset is an open source database
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organized by Cooper et al. (2005), which obtained soil information from the Radambrasil project (Radambrasil,
1973) and other regional surveys. The last soil dataset used was provided by Samuel-Rosa et al. (2020), which
assessed legacy soil observations from multiple private studies in Brazil, and made it available for download online.
These two open source datasets were filtered and only the samples at 0 — 20 cm depth that contained a soil class and

spatial coordinates were selected.

Table 2: Soil dataset orders according to the World Reference Base — WRB (IUSS Working Group, 2015) and the
corresponding classes in the Soil Taxonomy (Soil Science Division Staff, 2017) and Brazilian Soil Classification
System (dos Santos et al., 2018).

Code WRB Soil Taxonomy SiBCS Observations
Ac Acrisol Ultisols Argissolo 4313
Cx Cambisol Inceptisols Cambissolo 884
Ch Chernozems Molisols Chernossolo 190
Pz Podzols Spodosols Espodossolo 11
Gx Gleysols Entisols Gleissolo 528
Fe Ferralsol Oxisols Latossolo 9157
Lv Luvisols Aridisols Luvissolo 6
Lp ;28?:;?5’ Arenosols, Entisols Neossolo 2151
Ni Nitisols Ultisols Nitossolo 232
Ps Planosols Alfisols Planossolo 351
Total 17823

Most of these soil samples were acquired from traditional soil surveys, which consist of a soil specialist
using conventional methods of soil surveying and mapping to select the sampling locations based on
pedogeomorphological relationships (Santos et al., 1995). After combining the three datasets, we excluded the
Gleysols and Planosols observations in order to gather only not hydromorphic soils, since their morphology is not

affected by water saturation through the course of a year (Ker et al., 2015).

The hydromorphic soil observations were acquired from field works and remote sensing analysis. First, we
identified soils in the field with water accumulation below 40 cm depth. These locations were often inside croplands
and not classified as Gleysols or Planosols in legacy pedological maps (dos Santos et al., 2011). Afterwards, we
combined the field observations with satellite image analysis to determine all these points, which were classified as
hydromorphic. The final soil dataset had the spatial coordinates and the class determined as hydromorphic and not

hydromorphic.
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4.2.3. Environmental information

4.2.3.1. Synthetic soil image (SySl)

We implemented the Geospatial Soil Sensing System (GEOS3) (Dematté et al., 2018) to a time-series of
Landsat images using the Google Earth Engine (GEE) platform (Gorelick et al.,, 2017) in order to generate a 30
meter spatial resolution Synthetic Soil Image (SySI). We used the Landsat 4 Thematic Mapper (TM) (1982—1993),
Landsat 5 TM (1984-2012), Landsat 7 Enhanced Thematic Mapper Plus (ETM +) (1999-2018) and the Landsat 8
Operational Land Manager (OLI) (2013-2018). These methods used only Tier 1 or surface reflectance processed by
the LEDAPS (Landsat 4, 5, and 7) (U.S.G.S., 2019a) and LASRC (Landsat 8) algorithms (U.S.G.S., 2019b).

Table 3: Environmental variables used as predictors for the digital soil mapping (DSM).

Class  Attribute Description Unit Reference
Terrain - DEM  Elevation meter (-\IC-JA;‘GEIIEI'
afanelli et

SLO Slope degree al., 2020)

NRT Northernness ND

EST Easternness ND

HCV Horizontal Curvature meter

VCV Vertical Curvature meter

SID Shape Index ND
Rempte Bl Landsat Band 1 — Blue Ref. factor GEOS3A
Sensing (Dematté et

B2 Landsat Band 2 — Green Ref. factor al., 2018)

B3 Landsat Band 3 — Red Ref. factor

B4 Landsat Band 4 — Near Ref. factor

Infrared
B5 Landsat Band 5 — SWIR1 Ref. factor
B7 Landsat Band 7 — SWIR2 Ref. factor

ND: dimensionless.

The GEOS3 algorithm extracts soil information from the collection of Landsat images and aggregates the
spatially bare soil fragments into a synthetic soil image, which is the reflectance image of the bare soil composite
(Fongaro et al., 2018). The bare soil pixels are identified on single satellite images through a set of identification rules.
The rules were based on spectral indices coupled with quality assessment bands, which removed cloud, cloud
shadow, inland water, photosynthetic vegetation, and non-photosynthetic vegetation (crop residues) (Safanelli et al.,
2020). The pixels were classified as soil based on the Normalized Difference Vegetation Index (NDVI), with a
threshold between — 0.15 and 0.20 to mask out green vegetation, Normalized Burning Ratio (NBR2), with a — 0.15
and 0.15 to mask out crop residues, difference between bands 1 and 2 (B2 — B1) and bands 2 and 3 (B3 — B2)
(Dematté et al., 2020, 2018).



80

Afterwards, the bare soil pixels were applied to calculate, pixel-by-pixel, the median values of topsoil
reflectance for single bands and obtain the final reflectance value (Dematté et al., 2018). The SySI had six spectral

bands from blue to short-wave infrared regions at 30 m resolution (Table 3).

4.2.3.2. Terrain covariates

The terrain data was selected to compose the set of environmental variables due to its relevance as a soil
forming factor (Dokuchaev, 1883; Jenny, 1994). Moreover, hydromorphic soils tend to occupy specific landscape
positions (Bedard-Haughn and Pennock, 2002), indicating that terrain covariates are likely to contribute on the
mapping of these soils.

We used the Terrain Analysis in Google Earth Engine (TAGEE) package in GEE to calculate a set of
terrain spatial data (Safanelli et al., 2020b). The method uses the Shuttle Radar Topography Mission (SRTM) digital
elevation model (DEM) with a spatial resolution of 30 x 30 m to calculate multiple topographic variables (Table 3).
With a 3x3 moving window rolling across the DEM, the first and second partial derivatives of terrain were calculated

to estimate flux and form attributes (Safanelli et al., 2020b).

4.2.4. Statistical and spectral analysis

We combined the soil dataset with the environmental variables to perform a statistical analysis. The soil
locations were separated by class (hydromorphic and not hydromorphic) and explored through a boxplot graphic to
see the distribution of these soils according to the environmental information. The graphic was performed using the
“goplot” package (Wickham, 2011) in R ((R Core Team, 2013).

When SySI was displayed in true color composition (red, green, blue), it was possible to visually identify a
change in hue and intensity of colors (Fig. 4a,b). This pattern is normally observed next to drainage channels and
close to the water sources (Fig. 6b). Based on the geographical position and the differences in SySI’s colors at these
locations, soil moisture could be the cause for the abrupt change in the spectral response (Lobell and Asner, 2002;
Weidong et al., 2002). However, we selected soil field samples with laboratory spectral analysis to quantitatively
analyze the observed features.

With the objective of supporting and evaluating the applicability of the use of SySI in the identification of
hydromorphic soils, an analysis of spectral signatures collected in the laboratory of hydromorphic soils was carried
out, using the methodology proposed by Dematté et al. (2014). We used spectral information of soils with
hydromorphic features, obtained by Dematté et al. (2017), Marques et al. (2019), and Dematté et al. (2019).
Furthermore, we convolved the same dates for the SySI bands (Ben-Dor and Banin, 1995; Dematté et al., 2018), in
order to evaluate the SySI spectral signature of these same soils.

Finally, for a better understanding of the spectral differences of hydromorphic and not hydromorphic class
soils, we used the database of Dematté et al. (2019) and the areas classified as hydromorphic and not hydromorphic
to select nearby points for application of the second derivative of the Kubelka-Munk function, as a way to verify
changes in the amounts of iron oxides (Scheinost et al., 1998). The application of the second derivative aims to
highlight smooth spectral changes not perceptible in the raw spectral signature (Poppiel et al., 2019). Soil samples in
the same toposequence, classified as hydromorphic and not hydromorphic, were compared by the second derivative
of the Kubelka Munk function of spectral laboratory data. The procedures for acquiring the hyperspectral data of the
samples used, such as the type of sensor, its spectral resolution and geometric configurations used can be obtained in

Dematté et al. (2019).
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4.2.5. Random forest classification

The random forest (RF) algorithm was selected to perform the hydromorphic soils mapping, since its
relevance in DSM (Khaledian and Miller, 2020; Taghizadeh-Mehrjardi et al., 2020; Teng et al., 2018; Zeraatpisheh et
al,, 2019). RF estimates a user-specified number of decision trees by randomly sampling an existing dataset (Breiman,
2001). However, at each node construction, a random sample of the dependent variables is used. The resulting
decision tree is used to estimate the out-of-bag error rate by predicting the value of the remaining unsampled data

and comparing with the known results (Gambill et al., 2016).

4.2.5.1 Model tuning and calibration

We used the soil observations to extract the environmental variables’ values at each point using the “Extract
multi values to point” function in ESRI ArcGIS 10.4. The dataset was used to calibrate a random forest model and
to test different sets of hyperparameters using the caret package in R software (Kuhn, 2008). We performed a grid
search to select the optimal hyperparameters, which were the maximum depth (150), maximum features (3),
minimum samples leaf (1), minimum samples split (10), and number of trees (300). These parameters regulate the
number of variables that can be randomly sampled in each split of the trees, the tree depth by setting the minimal
number of samples for the terminal nodes, and the number of trees (Probst et al., 2019).

In order to calibrate the RF model, we tested three resampling methods coupled with the RF model using
the caret package in R software (Kuhn, 2008). The first test used k-fold cross-validation (CV) method to fit the
prediction models. CV is a resampling method used to fix optimistic results of the predictive effectiveness of
regression equations (Mosier, 1951). The method randomly divided the data in k groups, using k - 1 groups to fit a
model, and one for validation (Browne, 2000; Tibshirani and Efron, 1993). The procedure is repeated k times, always
leaving one group out of the calibration dataset (Hawkins et al., 2003). Afterwards, the results are summarized with
the mean of the model scores. We used the 10-fold CV to fit the RF model, compute the prediction performance,
and apply it to the environmental variables to predict the classes for the study area.

The second method was the bootstrapping, which is a data resampling technique for estimating the
statistical parameters of an unknown distribution and a robust method for optimal model selection (Efron, 1992;
Shao, 1996). Bootstrapping technique randomly chooses n samples with replacement, so the same sample can be
chosen multiple times. This process is repeated t times and the predictive performance of the validation set of those
repeats are recorded and averaged as the final estimation of generalization performance of the model. We randomly
partitioned the data as a training set (70%) and the validation set (30%). We also tested the out-of-bag resampling

method which is a method of measuring the prediction error of random forests (Bischl et al., 2012).

4.2.5.2 Model performance and variables importance

The prediction performance of the data was accessed using the three default parameters of caret for
classification models, being the number of randomly selected predictors (mtry), accuracy, and kappa coefficient. The
mtry regulates the number of variables that can be randomly sampled in each split of the trees, which resulted in 2,
20, and 39. We used 300 trees for stable variable estimates.

As many environmental information were used as covariables to fit the RF model, we analyzed the
variables’ importance through the mean decrease Gini index. The analysis helped indicating how was the

contribution of the terrain, climate, and remote sensing variables.
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4.2.6. Spatial prediction and model validation

After testing the resampling methods and fitting the RF model, we selected the optimal model and used its
parameters to predict the hydromorphic and not hydromorphic classes across the study area with the raster package
in R software (Hijmans et al., 2013). The resulting binary map was exported and opened in ArcGIS 10.4. for further
analysis.

We used the full dataset to perform the CV and randomly partitioned the dataset into calibration (70%) and
validation (30%) datasets to perform the bootstrapping and out-of-bag resampling methods. We also calculated a
confusion matrix for the optimal model and analyzed the errors of inclusion (commission errors), errors of exclusion
(omission errors), user accuracy (UA), producer accuracy (PA), and global accuracy (GA) (Congalton and Green,
2019; Poppiel et al., 2019).

We also evaluated the areas mapped as hydromorphic according to their relief position (infiltration or
surface runoff environment), proximity to the channel network or water source, and according to the pattern
registered by SySI. We selected an area to analyze the distribution of hydromorphic soils across a toposequence,
based on the soil-landscape relationship rules (Milne, 1935; Ruhe, 1960) and the channel network patterns (Shreve,
1967; Strahler, 1952).

4.2.7. Spatial prediction and model validation

With the digital map of hydromorphic soils, we were able to analyze the current land use situation of these
soils. First, we masked the pixels classified as hydromorphic and exported them to a new raster in ESRI ArcGIS
10.4. The new raster was plotted over a land use and landcover map from the MapBiomas project. MapBiomas is a
governmental initiative aimed to reconstruct annual land use and land cover information between 1985 and 2017 for
Brazil based on random forest applied to Landsat archive using Google Earth Engine (Souza et al., 2020). The
dataset is available for download at their repository in GEE and at their website (https://mapbiomas.otg/) (Souza et
al., 2020).

Finally, we quantified the areas of hydromorphic soils and identified the land uses at the areas. We also
computed the total areas of hydromorphic soils for each federal state included in the study area (Fig. 1). The result

was presented in a table with the total area of hydromorphic soils for each land use class and federal state.

4.3. Results

4.3.1. Statistical and spectral analysis

As the soil dataset has more observations of not hydromorphic soils, their values are noticeable across the
whole TAGEE variables range (Fig. 2). The hydromorphic soils showed distinct patterns for the slope, horizontal
curvature, shape index, and for the SySI bands (Fig. 2). The slope boxplot indicates that hydromorphic soils are
commonly located at flat and more stable surfaces with more gentle slopes, while not hydromorphic soils are
distributed across the landscape regardless of the slope (Fig. 2). The horizontal curvature and shape index presented
negative values for hydromorphic soils, which indicate that these soils are often located at concave landforms
favoring water accumulation (Florinsky, 2012) (Fig. 2). The vertical curvature also presented a tendency to negative
values, a case of landforms with relative deceleration of gravity-driven substance flows, or a stable and flat landform

(Florinsky, 2012) (Fig. 2).
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Figure 2: TAGEE and SySI values distribution according to the soil classification as H: hydromorphic and NH: not
hydromorphic. DEM: digital elevation model; SLP: slope; NRT: northernness; EST: easternness; HCV: horizontal
curvature; VCV: vertical curvature; SID: shape index; B1 to B7 refers to the Landsat bands used in SySI.
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The elevation, northernness, and easternness have similar patterns for hydromorphic and not
hydromorphic soils (Fig. 2). The boxplot indicates that the geographical position and altitude are not as relevant as
the terrain landforms in order to promote the conditions for a hydromorphic soil formation.

The spectra were higher at the hydromorphic soils for all SySI bands, contrary to what is expected from
soils with high levels of humidity for most part of the year (Staff, 2010) (Fig. 2). However, satellite spectra retrieves
only a few centimeters below the surface, not necessarily being affected by the soil moisture (Chabrillat et al., 2019).
Nonetheless, hydromorphism lowers the formation of Fe oxides and oxyhydroxides due to redoximorphic
environment, promoting higher levels of sand and 2:1 clay minerals which increases the reflectance factor (Lobell

and Asner, 2002).

4.3.1.1 Spectral Characterization of hydromorphic soils

After observing the features in SySI that suggested the occurrence of hydromorphism, we selected ten
samples of hydromorphic soils (Gleysols and Planosols) previously classified in the studies of Dematté et al. (2017),
Dematté et al. (2019), and Marques et al. (2019) for spectral analysis (Fig. 3). The main characteristic observed was
the absence of a concave feature in the region of 900 nm, typical of the presence of iron oxyhydroxides (Rossel and
Behrens, 2010; Sherman and Waite, 1985). There is also an attenuation of features caused by the presence of organic
matter in the soil between 350 and 1300 nm, with some of the curves showing a concave-rectilinear pattern between
these bands (Fig. 3a). In addition, some samples showed a small convex feature between 350 and 450 nm. Therefore,
the main spectral signature characteristics of hydromorphic soils were observed in the range from 350 to 1350 nm

(Fig. 3a).
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Figure 3: Laboratory topsoil spectra from A horizon of hydromorphic soils provided by (Dematté et al., 2017;
Marques et al, 2019). a. Vis-NIR-SWIR spectra with low presence of iron oxides; b. the spectral curves were
convolved into the Landsat/TM bands to analyze the satellite spectral behavior.

Regarding the convolved spectral signatures, a concave-rectilinear pattern was observed between SySI
bands B1 to B4 (Fig. 3b), indicating that part of the characteristics presented in the spectral signatures of laboratory
data are reflected in the SySI signatures, as, for instance, the attenuation caused by organic matter and absence of

iron oxides.
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4.3.1.2 Spectral Characterization of hydromorphic soils

Two sites were chosen to illustrate the spectral differentiation between hydromorphic and not
hydromorphic soils (Fig. 4). The first site is a toposequence with clayey soils (Fig. 4a) not hydromorphic (highest
position on the ground) and hydromorphic (lowest position on the ground). And a second site (Fig. 4b), with sandy

soils following the same terrain arrangement described for clayey soils.
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Figure 4: Laboratory and satellite topsoil spectra from locations with the hydromorphic feature found in SySI. a. soil
field samples with laboratory spectra collected in a clayey area, one sample within the hydromorphic locations in SySI
and one sample outside; b. soil field samples with laboratory spectra collected in a sandy area, one sample within the
hydromorphic locations in SySI and one sample outside; c. laboratory spectra showing low iron oxides; d. SySI
spectra collected at the same field locations; e. 274 derivative of the spectra to highlight the lower features of iron
oxides at the hydromorphic locations.

In both situations, the laboratory data (Fig 4c) show that: hydromorphic soils have greater reflectance than
not hydromorphic ones, hydromorphic soils do not present the typical concavity feature of the presence of iron
oxides in the region of the 900 nm band, as expected. The absence of iron oxides can also be confirmed by the
absence of the typical hematite amplitude located between 520 and 580 nm in the second derivative of the Kubelka-
Munk function (Fig. 4d). It is possible to verify that the hydromorphic soil samples present only a slight peak around
560 nm, but not an absorption at 525 nm. For sandy soils, a higher reflectance between 350 and 450 nm stands out.

For SySI spectral signatures at the same locations, it is possible to verify a higher reflectance for
hydromorphic soils (Fig. 4d), and a slightly more concave shape between B1 and B4. Therefore, it is concluded that
there is a basis for spectral behavior that allows the use of SySI as a predictor variable to differentiate areas with

hydromorphic and not hydromorphic soils.
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4.3.2. Model assessments

We tested three resampling methods to fit the RF model in order to predict the hydromorphic soil classes
across the study area (Table 4). Overall, the combination of terrain (TAGEE) and SySI covariates had the highest
accuracy for all resampling methods (0.92 and 0.91) (Table 4). Out-of-bag and bootstrapping methods had very

similar results for calibration and validation, always varying 0.01 for each coefficient.

Table 4: Performance metrics of the prediction models for hydromorphic soils. Tests of different resampling
methods available in R package caret (Kuhn, 2008).

Covariates®

Soil  Model' Metrics? :
Terrain SySlI  All

mtry 4 2 7
RF cv Acc 0.85 0.88 0.92
Kappa 0.47 0.63 0.77
Calibration
mtry 2 2 13
Acc 0.85 0.88 0.92
Kappa 0.47 0.60 0.75
% RF oob Validation
@) Acc 0.85 0.88 0.91
2 Kappa 0.49 061 0.72
= Sens 0.70 0.78 0.85
g Spec 0.87 0.89 0.92
S Calibration
f‘ mtry 4 2 7
Acc 0.84 0.87 0.91
Kappa 0.46 0.58 0.73
RF boot Validation
Acc 0.85 0.88 0.91
Kappa 0.50 0.60 0.72
Sens 0.71 0.78 0.84
Spec 0.87 0.89 0.92

! Type of resampling methods tested, where RF: random forest model; cv: cross validation; oob: out-of-bag; and
boot: bootstrapping. 2 Metrics used to evaluate the prediction performance, where mtry: hyperparameter that
regulates the number of variables that can be randomly sampled in each split of the trees; Acc: Accuracy; Kappa
coefficient; Sens: model sensitivity; and Spec: model specificity. 3 Type of data included in the model, where Terrain:
TAGEE data; SySI: the six bands from SySI; and All: combination of TAGEE and SySI data.

The models containing only terrain covariates had good accuracies ranging from 0.84 to 0.85, but low
Kappa coefficients ranging from 0.46 to 0.50 (Table 4). SySI performed better than the terrain covariates, with
accuracies ranging from 0.87 to 0.88, and Kappa coefficients ranging from 0.58 to 0.63 (Table 4). Finally, the optimal

model was achieved with terrain and SySI variables, using RF with CV as the resampling method (Table 4).
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Table 5: Confusion matrix regarding the predicted classes of hydromorphic soils for the study area.

Cl ialll Total UA OE CE
ass H NH ota
2 H 1027 299 1326 77% 23% 13%
(]
E NH 148 5059 5207 9% 3% 6%
Total 1175 5358 6533
PA 87% 94% 6086

UA: user accuracy; OE omission error; CE: commission error; PA: producer accuracy. Bold represents the sum of
the major diagonal (The total correctly classified soil classes).

The confusion matrix represents the RF model with CV, reaching a PA of 87% for the hydromorphic and
94% for the not hydromorphic class (Table 5). The model was able to correctly classify 6086 out of 6533 soil
observations displaced across the study area. The prediction performance corroborates with the previous analyses

which highlighted the terrain covariates as a major information to differentiate the location of hydromorphic soils.

4.3.3. Variables’ importance

After fitting the RF model to predict hydromorphic soils, we evaluated the importance of each
environmental variable (Fig. 5). The slope was the most important covariate for the model prediction, contributing
with almost 100% (Fig. 5). This result is corroborated by the boxplot analysis, showing that hydromorphic soils are

normally located in specific landforms (Fig. 2).
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Figure 5: Graphics of Variables’ importance for the prediction of hydromorphic soils with random forest (RF)
model. The variables are separated by relief and satellite classes.

SySI had similar contribution for bands 2, 3, 4, 6, and 7, while band 1 had the second highest contribution
for the model with 69% (Fig. 5). Although the soils affected by hydromorphism were identified by SySI, the terrain
covariates had strong contribution for the prediction model (Fig. 5). This pattern reinforces the importance of relief
for soil modelling even at large scales.

Contrary to the boxplot analysis, the elevation data had high conttibution for the model prediction (Fig. 5).
The elevation (altitude) was not significantly different between hydromorphic and not hydromorphic soils according
to the boxplot analysis (Fig. 2). However, it had 38% of importance for classifying areas with hydromorphism, which
highlights the relevance of relief for soil modelling.

The horizontal curvature, which indicates concave and convex landforms, had 29% of importance (Fig. 5).

This covariate was more important than five SySI bands, indicating the specific terrain condition in which these soils
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are formed. The remaining terrain covariates showed low contribution to the prediction model, confirming that

hydromorphic soils are not related to geographical position as well as the local landform (Fig. 5).

4.3.4. Digital soil mapping (DSM)

After fitting the RF prediction model with cross validation, we applied it to the raster covariates and
classified the pixels as hydromorphic and not hydromorphic soils. The result was a binary raster map in which one
class represented soils with hydromorphic conditions and the other class represented regular soils (Fig. 6a). The
hydromorphic class was not regularly distributed across the study area, indicating a possible restriction to the
formation of these soils. The restriction factor can be related to topographic position, climate, annual mean

precipitation (water availability), and others.
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Figure 6: Results of the modelling and the relief pattern of areas classified as hydromorphic. a. Predicted map of
hydromorphic soils for the study area; b. indication of SySI as a tool to identify hidden hydromorphic soils; c.
toposequence extracted from area (i) indicating the relief positions of hydromorphic soils, the geology and soil
classes IBGE, 2019).

We selected four locations to obsetve and analyze the areas classified as hydromorphic soils (Fig. 6b). The
analysis showed soils with hydromorphic conditions at different landscape positions, but it was not possible to

identify these soils using only the Landsat images in true color composition (Fig. 6b). We also displayed the SySI
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images in RGB 543 composite with visual enhancement for the same locations (Dematté et al., 2018). It was possible
to identify some bright and darker features in the images, showing differences in the reflectance factor (Fig. 6b).

However, the SySI in RGB 321 composite was the best band composition to visually identify the features
regarding hydromorphism (Fig. 6b). The differences in the reflectance factor usually indicates textural variation, Fe
oxides presence, higher organic carbon content, soil moisture, and others (Mello et al., 2021; Mendes et al., 2022;
Naimi et al., 2021; Silvero et al.,, 2021). In this case, the locations presented bright and dark pixels regarding
hydromorphic soils, depending on the landscape position and landform (Fig. 6b). Figure 6bi presented three possible
hydromorphic soils, one surrounding a channel’s water source enhancing the possible area of Gleysols. In the same
location there is an intermittent channel of second order (Strahler, 1957), which is an overland flow path. Finally, a
closed depression with concave landform that functions as an accumulation zone (Fig. 6bi).

Figure Obii represents a footslope, a flat landform next to a thalweg and normally influenced by
groundwater level fluctuations (Schaetzl and Anderson, 2005). The Landsat 321 RGB composite shows an area with
lower reflectance intensity at the footslope, indicating a possible Gleysol (Fig. 6bii). Figure 6biii and biv show a flat
are at the summit and an overland flow path with the same features of lower reflectance intensity. These areas are
displaced across the landscape, retaining water within the soil due to landforms or a soil characteristic that hampers
water infiltration (Mello et al., 2021b).

We selected a location within the study area to explore the distribution of hydromorphic soils (Fig. 6bi). We
plotted the relief profile in a toposequence to evaluate how the relief contributes for the formation of a
hydromorphic soil (Fig. 6¢). Although the predicted map proved how SySI was capable to classify the pixels as
hydromorphic, the formation of these soils is also dependent on the landforms as demonstrated previously in the
slope and horizontal curvature boxplots (Fig. 2).

The toposequence showed a hydromorphic soil located over a Ferralsol at the summit position (Fig. 6¢).
The hydromorphism is a clear product of the concave landform, which orientates the overland water flow to the
same direction, forming a water accumulation zone. The other hydromorphic soil is located next to the flow channel
at the footslope, over a Gleysol, and affected by groundwater level fluctuation (Fig. 6¢). The soil map was able to
identify the hydromorphic soil at the footslope but not the one at the summit, since the map is a legacy data with a
coarse scale of 1:250.000 (Fig. 6¢).

The hydromorphic soils occurred over two soil types, a Ferralsol and a Gleysol (Fig. 6¢). The Ferralsols are
weathered soils normally located at flat surfaces, which favor water infiltration and prevent the formation of drainage
channels (Buol et al., 2011). The Ferralsol was also located at the hillslope with convex surface, favoring surface
runoff and drainage channel formation (Fig. 6¢). The Gleysols are normally located at lower relief positions that
constantly receives and accumulates sediment and water, favoring redoximorphic activity in the soils (Schaetzl and

Anderson, 2005).

4.4. Discussion

4.4.1. SySlI reflectance of hydromorphic soils

The features observed in SySI were often near drainage network systems, which are zones normally affected
by groundwater level fluctuations and that concentrate the drained water from upper positions of the watershed
(Ahmadi and Sedghamiz, 2007; Jan et al., 2007). This observation suggested the influence of soil moisture in the

reflectance response, causing differences in color intensity similar to the features found by Haubrock et al. (2008).
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The soil moisture content affects the albedo, decreasing the reflectance factor throughout the spectral range
(Chabrillat et al., 2019).

However, the spectral analysis of the soil locations with the SySI hydromorphic feature showed higher
reflectance than the nearby locations without the SySI feature (Fig. 4). This was caused by a low presence of Fe
oxides and higher contents of quartz (sand and silt fractions) in the soil surface, a result from permanent or periodic
saturation of the soil by water (Duchaufour, 1982). The satellite reflectance only retrieves information about the
surface, although it can be related to subsurface characteristics (Bonfatti et al., 2020; Gallo et al., 2018; Mello et al.,
2021a; Mendes et al., 2019). The surface of Gleysols (Hydromorphic) are not necessarily wet, contrary to the
subsurface where water saturation promotes anoxic conditions (Ker et al., 2015). Nonetheless, the surface mineral
and textural properties can be affected by the water saturation from below (groundwater) or from above (rain or
irrigation water) and removal or reduction of Fe3+ to Fe2+ (van Breemen and Buurman, 2002).

Thus, we were able to confirm the occurrence of hydromorphism at the locations with the SySI feature
(Fig. 1). The Vis-NIR-SWIR laboratory analysis showed the absence of Fe oxides (oxides and oxyhydroxides)
features in the region of 900 nm (Fig. 4). In both clayey and sandy soils, the Fe oxides features were present in the
nearby soil locations, but not in the site with the hydromorphic feature observed in SySI (Fig. 4a,b).

The use of satellite spectra to predict hydromorphic soils proved to be an efficient and robust tool, with
accuracy similar to Rapinel et al. (2019), that reached 82% of accuracy on the attempt to map multiple classes of
wetlands through the combination of satellite, radar, and terrain information, and field locations classified as
hydromorphic and non-hydromorphic soils. Whyte et al. (2018) also reached similar results for predicting different
land use classes, 83.3% of accuracy, using satellite, radar, and terrain information. Although remote sensed data has
been used to predict wetlands, SySI offers an approach without radar information that can classify areas with
indication of hydromorphism, an advance over multiple studies regarding the mapping of hydromorphic soils

(Chaplot et al., 2003, 2000; Pennock et al., 2014; Thompson et al., 1997).

4.4.2. Effects of environmental variables on hydromorphic soil prediction

SySI reflectance was determinant for the identification and classification of hydromorphic soils. SySi has
been used as a covariate to predict multiple soil attributes (Bonfatti et al., 2020; Gallo et al., 2018; Mello et al., 2022;
Naimi et al., 2021; L. J. Safanelli et al., 2020; Silvero et al., 2021). However, SySI was not used for the identification
of soils affected by hydromorphism. After analyzing the laboratory Vis-NIR-SWIR spectra of gleysols and planosols,
it was possible to affirm that the satellite spectra had features related to hydromorphic soils (Fig. 3 and 4). The
modelling tests using SySI alone had results comparable to other works that mapped wetlands and hydromorphic
soils (Lee et al., 2019; Rapinel et al., 2019; Whyte et al., 2018), proving the efficiency of the tool (Table 4).

The terrain covariates derived from TAGEE also had major importance for the prediction performance
(Table 4). The statistical analysis also showed that the slope and horizontal curvature were significantly different for
hydromorphic soils, even at a large scale framework (Fig. 2). The relief is a soil forming factor, determines the water
flow direction, and the groundwater height (Schaetzl, ] Randall and Anderson, 2005; van Breemen and Buurman,
2002). The formation of a hydromorphic soil relief on the types of landforms with long flat floodplains, with
predominance of alluvial and colluvial deposits (Miller and Juilleret, 2020), closed depressions where water
concentrates, and concave landforms across the landscape (Milne, 1935; Ruhe, 1960; Schaetzl and Anderson, 2005).

Curmi et al. (1998) also pointed that topography determines the position of hydromorphic soils, where well drained
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and hydromorphic soils are positioned at different landforms and separated by a transition zone whose extension
depends on the slope.

The study area represented a large portion of southeast, mid-west, and southern regions of Brazil (Fig. 1).
We used terrain information with 30x30 m of spatial resolution, a large scale information for a large study area. The
model improvement and the relevance of relief on the formation of hydromorphic soils indicate that more terrain

data should be considered for the classification and monitoring of hydromorphic soils.

4.4.3. Environmental pressures on hydromorphic soils

The hydromorphic soils identified by the suggested protocol (e.g. Gleysols, and Planosols) have multiple
environmental functions, such as protecting living organisms, determine the flood amplitude, serves as a nutrient
recycling and transfer environment, and works as a water recharge source for drainage channels (Junk, 2002; Magha
et al,, 2021; Maltby, 1991). The use of these soils for agricultural purposes promotes an environmental pressure and
requires careful management practices, since it can produce morphological alterations, alterations in the landscape
(Buol et al., 2011).

According to the Brazilian Forest Code (Ahrens, 2003), riverbeds up to 10 m of width require a permanent
preservation area (PPA) of 30 m on both sides of the channel. The code also establishes a PPA of 50 m for the water
source, in order to protect these natural resources from pollution, silting, and other risks (Sparovek et al., 2011).
However, the technique explored in this work showed cases where intermittent rivers and water sources were not
protected, or the protected area did not represent the actual resource that needed to be preserved (Fig. 7). The SySI
RGB 321 composite with visual enhancement indicated many intermittent channels and water sources unpreserved

and explore for agricultural purposes (Fig. 7a, b).
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Figure 7: Example of hydromorphic soils within an agricultural site. a. the supposed water source is protected with
vegetation; b. SySI identifies abrupt difference in reflectance indicating hydromorphic conditions; ¢ and d. Landsat
true color in 2014 and 2017 with exposed soil showing accumulation of water in the actual water source.
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Figure 7a shows an agricultural site with a PPA surrounding the channels and the water source. Observing
the Landsat RGB true color composite, there is hydromorphic soils and no apparent irregularities at the site.
However, figure 7b show a prolonged area with soils with hydric conditions, suggesting that a larger area should be
preserved. The hydromorphic soil is hidden under an agricultural area in contact with chemical fertilizers and
pesticides, common for management practices. Vlasenko (2009) found many waterlogged lands in agricultural areas
using aerial photographs. The author also related the development of hydromorphic sites due to changes in the
physiographical features of the territory, the development of subsidence, the appearance of new depressions, and the
expansion of the existing ones (Vlasenko, 2009).

Agricultural practices over hydromorphic soils can accelerate nutrient loss, affect particle aggregation,
distribution and mineralogy of Fe oxides between particle-size fractions, and the interaction with organic matter
stabilization (Giannetta et al., 2022; Shaheen et al., 2022). Hydromorphic soils also increase soil organic carbon
reserves, which potentially improves water infiltration and minimizes runoff, which supplies the water table (da
Silveira et al., 2022; Likhanova et al., 2022).

Two Landsat images from the same area in 2014 and 2017 indicate water accumulation in a different
position of the PPA (Fig. 7c,d). The images indicate a different location for the water source and an intermittent
channel connecting with the actual PPA at the site. The technique identified these soils and showed that multiple

hydromorphic areas are located at agricultural sites, promoting degradation (Table 5).

Table 6: Predicted areas of hydromorphic soils for the study area analyzed by federal states and land use
classifications according to Souza et al. (2020).

Area (km?)
TA

Study Area (km?) NH H H (%)

735953,8 629605,7 106348,2 14,5
States PA (%) NH H H (%)
Federal District 89.4 3074.2 2077.5 40.3
Goias 57.9 162072.2 35116.5 17.8
Minas Gerais 22.8 112925.2 20646.0 155
peto Grosso do 448 137812.8 22293.0 13.9
Mato Grosso 5.8 37488.6 14617.5 28.1
Parana 19.9 37065.8 2646.1 6.7
Séo Paulo 59.7 139166.9 8951.4 6.0

TA

Land Use (km?) NH H H (%)
Sugar cane 86872.4 84209.1 2663.3 3.1
Soybean 113553.9 97037.2 16516.7 145
Forest Plantation 19771.9 17728.0 2043.8 10.3
Pasture 267460.2 227509.8 39950.3 14.9
Temporary Crop 11439.8 10015.0 1424.8 125
Perennial Corp 5345.4 4926.1 419.3 7.8

TA: total area of each land use class; PA: percentage area of each state included in the analysis; NH: not
hydromorphic soil; H: hydromorphic soil.
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Although the Brazilian Forest Code is a federal law applied for all states of the federation and any
agricultural activity, there is a large difference between the percentages of hydromorphic soils by state and land use
(Table 5). Furthermore, SySI information regards soils that were exposed at least one time through the Landsat TM
time series (Dematté et al., 2018), which are predominantly agricultural soils.

The Sio Paulo state had only 6% of its area classified as hydromorphic, while Mato Grosso do Sul, Minas
Gerais, and Goias had up to 17.8% (Table 5). Mato Grosso had only 5.8% of its area included in this work, by had
28% classified as hydromorphic. These differences in hydromorphic areas require further investigations on the
correct application Forest Code, since these states represent a large part of the Brazilian agriculture IBGE, 2011).

The sugar cane areas had 3.1% of hydromorphic areas, an indication of adequate application of PPAs for a
major agricultural activity in the country (Bordonal et al., 2018). Cherubin et al. (2016) explained that sugar cane
expansion reintegrates degraded pasturelands into a more productive system, improving soil quality. On the other
hand, pastures across the study area had 14.9% of hydromorphic areas, enhancing the risks of contamination since
this land use is normally degraded due to due to low grass productivity and inadequate grazing management
(Bordonal et al., 2018, 2017; Oliveira et al., 2016). Although sugar cane activity also impacts the environment, there is
a smaller presence of hydromorphic soils, indicating a better management and application of PPA’s law (Ahrens,
2003).

The soybean areas also had around 14% of areas classified as hydromorphic, followed by forest plantation
and temporary crops with 10 and 12%, respectively (Table 5). Soybean is the predominant crop system in the states
of Mato Grosso, Mato Grosso do Sul, and Goids (Bonato and Dall’Agnol, 2022), which were the states with higher
percentage of hydromorphic soils (Table 5). Sugar cane is the predominant agticultural system in Sio Paulo state
(Bordonal et al., 2018), which explains the lower occurrence of hydromorphic soils. This result highlights the need to
verify if the PPAs represent all the drainage network and further natural resources that need preservation.

The observed differences in hydromorphic soils regarding federal states and land use suggest a further
investigation on the application of the Brazilian Forest Code. Multiple initiatives discussed the real benefits and
limitations of the defined areas of preservation, discussing whether they should be larger in order to preserve natural
resources (A. et al., 2017; da Silva et al., 2017; Stickler et al., 2013). However, this technique was able to identify
multiple channel networks (intermittent and perennial) and water sources inside agricultural sites (Fig. 6 and 7).
Finally, more remote sensing tools must be applied to monitor the control natural resources, which should be
preserved and well managed in order to avoid future degradation (Goldshleger et al., 2010; Shoshany et al., 2013;
Zizala et al., 2019).

4.5. Conclusions

In this study, we reached the following conclusions: i) The observed features in SySI were confirmed as
hydromorphic soils through Vis-NIR-SWIR laboratory spectral analysis, allowing its use for land classification and
mapping; ii) The relief covariates regarding curvature and slope were important to improve the prediction
performance along with SySI to classify hydromorphic soils; iii) The catchment and accumulation areas were
underestimated by land owners at multiple locations, resulting in unprotected channel network and water soutces; iv)
Sio Paulo state, known for its high sugar cane production, had the lowest area percentage for hydromorphic soils,
while Mato Grosso, Goias, Mato Grosso do Sul, e Minas Gerais had up to 28% of hydromorphic soil areas; v) Sugar
cane showed the lowest percentage of hydromorphic soils, while soybean, pasture, and temporary crops had up to

14.9%, showing the imbalance on the monitoring and application of the Brazilian Forest Code.
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Finally, SySI proved to be a robust tool on the identification and mapping of hydromorphic soils for

agricultural areas, enhancing the possibilities to use remote sensing information to improve the monitoring of

agricultural areas.
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5. GENERAL DISCUSSIONS AND CONCLUSIONS

After exploring the multiple possibilities of DSM and applying its techniques for multiple purposes, a few
general conclusions were reached regarding the three chapters presented in this thesis, as follows: a. DSM do not
intend to eliminate traditional soil knowledge and methods of soil survey, but improve soil mapping by reducing cost
and time, decrease the dependence of qualitative interpretations and use quantitative analysis, and by applying large
scale geospatial data to make predictions of soil attributes or classes; b. although DSM deals with soil spatial
variability using quantitative and nummerical analysis, the interpretation of the results should consider a conventional
soil knowledge, following the soil-landscape relationship sules; c. DSM is a fundamental tool to improve the scale
and quality of soil inventories, make more soil data available for the public, and slower soil degradation, which are
determinant for food security.

Furthermore, the three chapters regarding this research produced other specific conclusions, listed as
follows: for the second chapter, a. drainage network information had great importance on soil predictions; b.
multitemporal satellite bare images, established in this work as a synthetic soil image (SySI) was a powerful tool for
the prediction of clay, sand, and soil organic carbon contents; and c. despite the importance of traditionally used
terrain variables (i.e., slope, aspect, and others), the confluence angle and channel sinuosity presented greater
significance on the attribute’s quantification. The final conclusion is that more studies regarding the relationship
between channel sinuosity and soils should be performed. For a tropical region, with complex lithological and
pedological characteristics, random forest and Cubist models performed similarly, producing good results for soil
attribute mapping. The conclusions for the third chapter were as follows: a. the surface reflectance was indicative of
soil parent material due to their relationship with soil formation and attributes; b. the textural and mineralogical
aspects of soils tended to differ from mafic and sedimentary rocks, affecting directly the reflectance; c. satellite
images worked as proxies to infer the parent material, since they retrieve surface reflectance. The final conclusions
were that in areas where geological maps have low scale, the automated method using environmental variables offers
a great advance in saving surveying time and costs, due to its capability to accurately identification of the transitions.
The prediction of parent material classes by bare soil reflectance (SySI), terrain attributes and soil data proved to be
efficient and accurate. The fourth chapter reached the following conclusions: a. the observed features in SySI were
confirmed as hydromorphic soils through Vis-NIR-SWIR laboratory spectral analysis, allowing its use for land
classification and mapping; b. the relief covariates regarding curvature and slope were important to improve the
prediction performance along with SySI to classify hydromorphic soils; c. the catchment and accumulation areas
were underestimated by land owners at multiple locations, resulting in unprotected channel network and water
sources. Finally, SySI proved to be a robust tool on the identification and mapping of hydromorphic soils for
agricultural areas, enhancing the possibilities to use remote sensing information to improve the monitoring of

agricultural areas.



