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GENERAL ABSTRACT

The Midwest region in Brazil has the largest and most recent agricultural frontier in the

country, where there is no currently detailed soil information to support the land use

intensification. Producing large -extent digital soil maps is resource intensive. We aimed

to use pedometric techniques coupled with proximal and remote sensing data to

produce digital maps with 30 m resolution of key soil attribute s at topsoil and subsoll

for 851,000 km? of Midwest Brazil. For mapping key soil attributes we used multi -

resolution covariates based on Earth observatons: we produced composites of bare

topsoil reflectance and potential natural vegetation reflectance using Landsat time series,

which were coupled with terrain attributes, geologic and climate variables to capture

short and long-range soil spatial patterns. We acquired soil data from observations at

YNI YOwl YNt YWEOEwWt YNRYYWEOwpUOOUDOT Avniéhlare UT wbOUIT U
commonly used (as key criteria) for soil interpretations: clay, silt and sand, organic

matter, pH, aluminum and base saturation. We also determined both the soil color in

Munsell notation and the relative abundance of minerals in soil (hematite, goethite,

kaolinite, gibbsite and 2:1 clay minerals) from laborator ial reflectanceU x I EUUE wapt k Y NI Kk Y
nm). We fitted and validated optimal models for the spatial patterns of each soil attribute

at topsoil and subsoil using Random Forest regression and 16fold cross validation in R

software. We identified the covariates that were most relevant to describe the soil spatial

patterns in the study area. We mapped the spatial distribution of soil attributes at 30 m

UT UOOUUDPOOWI OUwWUT T wy NI YirfeahlsyuSihgthaudptirizad mpdélwy Y wE O wE |
and Google Earth Engine. Wemade publicly available for download (GeoTIFF)at 250 m

resolution the predicted soil maps of clay, silt and sand of the study area. We concluded

that physical and chemical soil attributes, as well as soil color and mineralogy derived

from spectra at multi ple depth intervals, can be mapped using Earth observations data

and machine learning methods with good performance.

Keywords : Soil Science, big data, data mining, machine learning, eboncputing
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RESUMO GERAL (PORTUGUESE)

A regido Centro-Oeste do Brasil tem a maior e mais recente fronteira agricola do pais,
onde atualmente ndo h& informacdes detalhadas sobre o solo para apoiar a intasificacao
do uso do solo. A producdo de mapas de solo digitais de grandes extensdes € intensia
em recursos. O principal objetivo desta pesquisa foi usar técnicas pedométricas
acopladas a dados de sensoriamento proximal e remoto para produzir mapas digitais
com resolucao de 30 m dos principais atributos do solo em superficie e subsuperficie
para 850.000 kn? do Centro-Oeste do Brasil. Para mapear os principais atributos do solo,
utilizamos covaridveis multi -resolucdo baseados em dados de observacdes da Terra:
produzimos imagens compostas de refletancia do solo exposto e de refletancia da
vegetacao ratural potencial usando séries temporais Landsat, que foram acoplados com
atributos do terreno, variadveis geoldgicas e climaticas para capturar padrbes espaciais
do solo de curto e longo alcance. Adquirimos dados do solo a partir de observagdes em
interval os de profundidade (enraizamento) de 0t20, 2660 e 60100 cm contendo
atributos do solo que sao comumente usados (como critério chave) para interpretacdes
do solo: argila, silte e areia, matéria organica, pH, saturacdo de bases e dealuminio.
Também determinamos a cor do solo em notacdo de Munsell e a abundancia relativa de
minerais no solo (hematita, goetita, caulinita, gibbsita e minerais de argila 2:1) a partir
de espectros de laboratério (358 2500 nm). Foram ajustados e validados modelos 6timos
para os padrdes espaciais de cada atributo do solo em superficie e subsuperficieusando
regressdo Random Forest e validagdo cruzada no software R. Identificamos as
covariaveis mais relevantes que descreveram os padrées espaciais do solo na area de
estudo. Mapeamos a distribuicdo espacial dos atributos do solo com resolucéo de 30 m
para os intervalos de profundidade de 0-20, 2060 e 60100 cm usando os modelos
otimizados e a plataforma Google Earth Engine. Disponibilizamos publicamente para
consulta (GeoTIFF), comresolucéo de 250 m, os mapas de solo preditos de argila, silte e
areia da area de estudo. Concluimos que atributosfisicos e quimicosdo solo, assim como
também a cor e a mineralogia do solo derivados de espectros de refletancia, obtidosem
multiplos in tervalos de profundidade, podem ser mapeados usando dados de
observacéo da Terra e métodos de aprendizagem de maquinas com bom desempenho.

Palavras-chave: Ciéncia do solo, big data, mineracdo de dados, aprendizado de maquina,
computacdo em nuvem.



1.INTRODUCTION

311 whOUEW?PUODPOO? wOPOI WwWOEQAaWEOOOOOWPOUEUOWI EUL
meaning, soil is the natural medium for the growth of land plants, whether or not it has
discernible soil horizons (SOIL SURVEY STAFF, 2014)Soil is a natural body comprised
of solids (min erals and organic matter), liquid, and gases varying in three dimension,
that form as a result of the interaction of soil forming factors (JENNY, 1941) The
repeating patterns formed by the soil across landscape allow soil scientists to develop
quantitative models for digital soil mapping (DSM) (MCBRATNEY et al., 2003)

The soil plays essential role for natural and anthropic ecosystems(BUNEMANN et
al., 2018) Reliable spatial soil information can improve natural capital assessment,
becoming important for food production, in large countries or emerging economies
where the major demographic growth is expected (UNITED NATIONS, 2019).
Conventional soil mapping is resource intensive and takes several years to perform
adequate maps for large extents. This can be observed for Brazil, which is covered by
soil class mapswith small scales, mostly developed by Brazilian government institutions
using RADAMBRASIL (Radar on Amazon and Brazil) project data (1:1,000,000 or
nominally 2 km) (MCBRATNEY et al., 2003) In this case, such maps are not capable of
supporting any decision making at regional or local scales.

At the mo ment of this thesis, Gomes et al (2019)performed one of the few studies
on pedometric (or quantitative) mapping for a large extent in Brazil, where they mapped
organic carbon stocks. When we searched for studies on soil color mapping, currently,
Viscarra Rossel ¢ al. (2010) performed one of the few works, where the authors also
mapped iron oxides of Australian soil using reflectance spectra (350t2500 nm) and
geostatistics. Conversely, we found some studies on soil mineralogy mapping from
laboratorial spectra between 350 and 2500 nm wavelengths(MALONE et al., 2014;
MULDER et al., 2013;ROSSEL et al., 2011; VISCARRA ROSSEL, 201Dther studies
(ROBERTS et al., 2019DUCART et al., 2016; MADEIRA NETTO et al., 1997 used
enhanced mineral mapping techniques to prod uce a thematic mineral map of soil using
the spectral response of Landsat imagery.

Midwest Brazil has the largest and most recent agricultural frontier of the country
(PARENTE et al.,, 2019) which contri butes about 34% and more than 10% to the
agricultural production and gross domestic product of the nation, respectively (IBGE,
2018) Nevertheless, the spatial patterns of soil attributes, such as physical, chemical,
mineralogical and the color, under current condition s remains not mapped at fine
resolution for this region and most Brazilian soils, both qualitatively and quantitatively.
One reason for that might be the lack of dissemination of DSM knowledge to the
community, because it is a multidisciplinary technique t hat involves soil knowledge,
statistics, and mathematics applied to geoinformation science to understand soil
variability across landscape (DALMOLIN et al., 2020) . Another reason might be that in
Brazilian repositories (SAMUEL -ROSA et al., 2020Yhere is a lack of mineralogical data,
possible due to traditional methods are resource intensive (MULDER et al., 2013) Soil
color in national datasets (SAMUEL-ROSA et al., 2020)also lacks or do not contain

3



spatial referencing or was visually approximated (MARQUES et al., 2019) Furthermore,
several key soil forming factors are still not fully represented by classical environmental
covariates, being necessary to develop new covariates that provide improved proxies for
describing topsoil and subsoil spatial patterns.

Advances in Earth observation (satellite images and products), digital elevation
models and DSM frameworks, coupled with data mining and cloud -based computing,
might be a solution to the lack of adequate soil data (HENGL et al., 2018). Satellite image
provides measurements of topsoil reflectance, which are directly related to clay content,
organic matter, mineralogy, moisture and soil color (STENBERG et al.,, 2010)Some
studies has been shown that topsoil spectral patternsare related to the subsoil pattern
variations and dynamic processes which occurs within the soil profile (MENDES et al.,
2019; POPPIEL et al., 2018, 2019fhe synergy between satellite images, especially bare
soil composites, and auxiliary covariates (e.g. elevaion, climate) coupled with machine
learning for DSM was reported in several studies (MENDES et al., 2019; ROGGE et al.,
2018 DEMATTE et al., 2018;FONGARO et al., 2018; HENGL et al., 2017; DIEK et al.,
2017, 2036). These techniques reduce overall soil data production costs, combining a
number of sciences(PADARIAN et al., 2019; DEMATTE et al., 2018;HENGL et al., 2018;
MCBRATNEY et al., 2003. Furthermore, environmentally clean, quick and low cost
techniques such as rdlectance spectroscopy (3582500 nm) was successfully used in
pedometry to determine the color and mineralogy of soil (SIMON et al.,, 2019;
MARQUES et al., 2019RIZZO et al., 2016; SCHEINOST et al., 1998; MATTIKALLI, 1997;
ESCADAFAL et al., 1988; FERNANDEZ et al., 1987)Random Forest (RF) is one of most
popular algorithm in DSM, being employed in several soil mapping studies (AMIRIAN -
CHAKAN et al., 2019; GOMES et al., 2019; HENGL et al., 2015, 2018; KESK et al., 2019;
LOISEAU et al., 2019)NUSSBAUM et al., 2018V; A et al., 2017).

Revealing the spatial patterns of key soil attributes at multiple (rooting) depth
increments might provide adequate information to account for the multi -functionality
of sail in Midwest Brazil.



2.HYPOTHESIS

i Earth observation data based covariates can describe topsoil and subsoil spatial
patterns over a large geographical extent in Midwest Brazil;

1 Proximal soil sensing data (350t 2500 nm) have potential to provide accurate
information on soil color and mineralogy;

1 Earth observation data based covariates and machine learning, coupled with soil
observations can promote a favorable framework to produce accurate soil
predictions.

1 Itis possible to map physical and chemical soil attributes, and also the soil color
and mineralogy at three fixed (rooting) depth intervals (0 ¢+20, 23 60 and 8& 100
cm) with 30 m resolution acro ss the Midwest region in Brazil, using open source
software.

3.OBJECTIVES

3.1. General objective

The main objective of this research was to use pedometric techniques coupled with
proximal and remote sensing data to produce digital maps with 30 m resolution of key
soil attribute s at topsoil and subsoil for 851,000 km? of Midwest Brazil.

3.2. Specific objectives

To map physical and chemical soil attributes with 30 m resolution at
multiple depth intervals in Midwest brazil,

To map the soil color and mineralogy using proximal and remote sensing
data at three depth intervals in Midwest Brazil;

To make publicly available for download as integer GeoTIFF format at 250
m resolution the soil texture maps of Midwest Brazil .

4. GENERAL FRAMEWORK

To achieve the objectives of this research, we followed the working steps described
below and represented in the general methodology flowchart .

4.1.Working steps

Assessment of the pedomorphogeological characteristics across different
areas centralized over Goias State, based on legacygata (maps and soil
observations) and satellite images, for size definition of the study area.

Production of new covariates (composites) by Landsat data mining (30 m
resolution) in Google Earth Engine for better representation of some soil
forming factors: bare topsoil reflectance and potential natural vegetation
reflectance. Interpolation of the gaps by ordinary kriging after fitting the
semivariogram.



lll.  Acquisition of traditio nal covariates for soil mapping (relief and climate),
and selection by the least correlated between them.Adjustment of the pixel
sizeto 30 m.

(\VA Exploration of soil datasets and acquisition of soil observations at topsail
and subsoil from Brazilian databases. Evaluation of the datasetsto identify
the need for new soil observations in the study area.

V.  Visiting and collection sites planning according to pedomorphogeological
characteristics of the region, adjusted with new detailed covariates.

VI. New soil samples preparation for traditional (wet) determination of
physical and chemical attributes, and for reflectance measurements
(spectroscopy) between 350 and 2500 nm, both in laboratory.

VII. Calculation of physical and chemical attributes values in their specific units,
and reflectance spectra preprocessing for splice and noise bands removing.

VIII. Determination of the soil color in Munsell notation , and the relative
abundance of minerals in soil, bothi UOOWOEEOUEUOUPEOwWUx1 EUUE L

IX.  Preparation of the final soil datasets by checking and aggregating data into
depth intervals for soil modelling: physical and chemical soil dataset, and
soil color and mineralogical dataset.

X.  Fitting, optimization and validation of regression models for the spatial
patterns of each soil attribute at topsoil and subsoil using Random Forest
algorithm and 10-fold cross validation.

XI.  Identif ication of the most relevant covariates for describing the soil spatial
patterns in the study area.

Xll.  Mapping the spatial distribution of soil attributes at 30 m resolution for the
YNI YOw! YNt Y wE OE widtegvilduysifiguobtidnized medeld in
Google Earth Engine.

XIII. Clustering of lithologies using the maps of physical and chemical soil

attributes, and verification of the spatial correspondence of predicted
values with parent materials.

XIV.  Verification of the spatial correspondence (using Pearson correlation)
between the predicted maps with legacy soil observations acquired from a
national dataset, and weathering degree and hue, both inferred from a
legacy soil class map of the study area

XV.  Reduction of the spatial resolution at 250 m tailing and making publicly
available the predicted soil maps of clay, silt and sand for the study area.
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GENERAL M ETHODOLOGY FLOWCHART .

4.2. The thematic project that supports this thesis

This thesis is part of the thematic project entitled ?Geotebnologies on a Detailed
Digital Soil Mapping and the Brazilian Soil Spectral Library: Development and ApplicatioBsu
founded by the S&o Paulo Research éundation (FAPESP),grant number 14/222620, and
coordinated by Professor José Alexandre Melo Dematté from University of Sdo Paulo
(USP), College ofAgriculture Luiz de Queiroz (ESALQ), Departamento of Soil Science,
Piracicaba, SP The project is cacoordinated by Professor Marcos Rafael Nanni from
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Maringé State University (UEM), and by Professor Marilusa Pinto Coelho Lacerda from
FAV/UnB.

The thematic project aims to act in many soil knowledge fields through
geotechnologies at laboratorial, field, aerial and orbital acquisition levels. This will be
organized into 6 projects as follows: 1) Brazilian Soil Spectral library; 2) Satellite images
on soil mapping; 3) Geotechnologies for in-situ soil mapping; 4) Stratigraphy on soil
mapping; 5) Geotechnology for digital soil mapping. The first theme aims the
DOx Ol Ol OUEUDOOwWOI whbraty.($&ildebBettantewherb Willbd ebtaiked U E O
and organized from the broadest attainable regions. The objecive is to develop a
database with soil patterns via spectraand make accessible to the community,to support
future studies.

The second theme regardsto the development of a detailed soil map acrossthe
municipality of Piracicabain Sdo Paulo State, by the integration of geotechnologies. In
order to accomplish this goal, many subprojects will be performed. The first will be the
compartmentalization of stratigraphic surfaces according to their geologic al and
geomorphological features. Composites from reflectance satellite images will be
displayed in three dimensional software for observing and relating the bare topsoil to
the alndscape. Hyperspectral images will be also acquired using a sensor with 620
spectral bands on a plane, providing detailed spectral patterns of soils. Studies on
photopedology using 3D software will be performed.

Within the compartments, several transect points will be allocated along the study
area, and soil samples will be collected with auger and from soil profiles . After
fieldworks , soil samples will be prepared for determination of physical and chemical soil
attributes, and for measurements of reflectance spectra, both in laboratory. The results
will be used to produce a soil database.Three pilot areas within each compartment will
be selected based on soil database and environmental variableswhere a detailed in-situ
soil characterization will be performed using diverse geotechnologies field
spectroradiometer, colorimeter, GPS, gammaspectrometer, computerand open source
software. Such tools will provide information for soil interpretation at real time , allowing
the pedologist decision.

At the final , an approach based on a mix of traditional and geotechnological
methods will be applied for soil mapping. Two different products are expected as a
result from the thematic project: a soil spectral library publicly available and a detailed
soil map assistedby a new geotechnological methodology. In addition, detailed maps of
soil attributes for different regions of Brazil are expected as results.



5. LITERATURE REVIEW

5.1.What is Pedometricand Digital Soil Mapping@

Pedometrics is a new expression derived from the Greek words pedos(meaning
soil) and metron (meaning measurement), defined by the Pedometric society
(www.pedometrics.org) as? Ul | wEx x OPEEUDPOOwWOi wOEUI 1 OE
the study of the distribut D OO WE O E wi 1 O Név@tbeless| itwil Sveags thtergrade
to all areas of soil science and quantitative methods.

#2, wWPDUWET | PO EWEUW?RUT T weEUl EUPOOWE OE wx
by the use of field and laboratory observational methods coupled with spati al and non-
Ux EUDEOwU OB O wbDNGACHERIEt ali\2A0W)0thér iepminology has also
been used or proposed, including: computer-assisted soil cartography, numerical soil
cartography, pedometric mapping, environmental correlation, predictive soil mapping,
or geographical extrapolation using models (MINASNY et al., 2016).

McBratney et al. (2003)formalized t he DSM framework , which started prior to the
21st century, as scorpanbased on Jenny'sclorpt model (JENNY, 1941)of soil formation,
where the acronym scorparstands for soil (s), climate (c), organisms(0), relief (r), parent
material (p), age or time (a) and spatial position (n). This updated equation provides a
spatial model to express quantitatively the relationship between a soil attribute or class
and environmental variables, for a given spatial location (WADOUX et al., 2020).

Pedometric mapping is generally characterized as a quantitative, (geo)statistical
production of soil geoinformation, also referred to as the predictive soil mapping
(SCULL et al., 2003)or DSM (MCBRATNEY et al., 2003) as it depends heavily on the use
of information technologies. Pedometric mapping, however, specifically means that
guantitative methods are used in the production of soil geoinforma tion. The most recent
topics covered by Pedometrics include: analysis and modelling of spatial and temporal
variation of soil attributes; multi -resolution data integration ; soil-landscape modelling
using digital terrain analysis; quantitative soil classifi cation algorithms; soil genesis
simulation; soil pattern analysis; design and evaluation of sampling schemes;
incorporation of exhaustively sampled information (remote sensing) in soil mapping ;
precision agriculture applications , among others (HENGL et al., 2019)

5.2. Recent advances in Pedometric Mapping

In recent years, the advance of DSM was due to several factors, mainly the
accessbility of Landsat images anddigital elevation models, as well as to the availability
of computing power to process big data, the development of data mining tools and
progress in open source geospatial software, applications beyond geostatistics, and
institutional rejuvenation with a new generation of soil scientists that were attracted by
the spatial analysis of soils (MINASNY et al., 2016). Other important factor is the current
strong demand for soil maps by agricultural interest (food, feed, fuel) that brought soils
back onto the global research agenda(OMUTO et al., 2013)
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The recent advances cited above agreed with Figure 1, where the number of
citations| UOOwOl aPOUEwWU]I EVUET wedi@ed POBEDwWIOPODOEw2DOUD ¢
21EOCEOOwW%OUI UOwWUI T Ul UU b &ibrific Bapetstinereasel fomithd UDE U2 wO «
year 2010 to present mainly due to advances in soil data availability (MINASNY et al.,
2016) such as from Earth observations and the popularization of soil spectral libraries
(DEMATTE et al., 2019; VISCARRA ROSSEL et al., 2016jo produce new soil
information . According to McBratney et al. (2019) we are going into the global mapping
era (2015 onwards), aiming to make a global digital soil map at fine resolution.

Although the term pedometric s was coined by McBratney in 1986 and that
guantitative methods have been increasing ever since(MCBRATNEY et al., 2019) the
number of citations from keyword ?pl E O O1 Udd papdisustilli remains small (Figure
1), possibly due to a more recent dissemination of the term between the scientific
community. In a bibliometric study of the composition of papers on soil science from its
inception in 1967 until 2001, Hartemink et al. (2001)showed that papers on pedometrics
have risen from less than 3% in 1967 to around 18% of all papers in 200. Furthermore,
very few pedometrics-related papers in high impact journals on soil and Earth sciences
describe theinformation technology used, like computer hardware, algorithms, sensors,
models, etc.(ROSSITER, 2018)Thus, from the nature of the algorithms and datasets we
can infer something about the information technology needed for the reported studies.

2500
—0— Digital Soil Mapping

@ 2000 —8— Remote Sensing + DSM
<}
.% 1500 —0—Random Forest regression + DSM
S —@— Pedometrics
@ 1000
o)
IS
=}
< 500
0
1996 2000 2004 2008 2012 2016 2020

Year

Figure 1. Number of citations from keyword search on scientific papers from
the ScienceDirect database (data extracted in February 2P0). DSM: digital soll

mapping.

5.3. What isGoogle Earth Engire

Google Earth Engine (GEE), established towards the end of 2010,is a cloud-based
platform for planetary -scale geospatial analyss that brings Google's massive
computational capabilities to bear on a variety of high -impact societal issues
(GORELICK et al., 2017) The main components of GEE arel) Datasets: apetabyte-scale
archive of publicly available remotel y sensed imagery and other terrain, climatic,
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geophysical data available at https://developers.google.com/earth-engine/datasets 2)
"OO0xUUl w xOPl Uow &OOT 01 ZzUw EOOXxUUEUDPOOEOwW POI UEU
processing (high-performance) of geospatial data; 3) API: Application Program
Interfaces (focused on JavaScrip) for making requests to the Earth Engine servers, where
documentation (Docs) contains links to sections or pages about important data types (or
objects) such as ee.Image() , ee.ImageCollection() ee.Feature()
ee.FeatureCollection() , ee.Geometry() , etc., and methods (or functions) such as
filter() , clip() , ee.Algorithms.Terrain () , Export.image.toDrive () , etc. Generally, a
method is applied to an object, as follow ee.lmage() .clip() . And 4) Code Editor: an
online Integrated Development Environment (IDE) for rapid prototyping and
visualization of complex spatial an alyses using the Javé&cript API, available at
http s://code.earthengine.google.com. All this information and much more details can be
found in the GEE User Guides fttps://developers.google.com/earth-engine). JavaScript
is an interpreted programming language that is most well-known as the scripting

language for Web pages(wikipedia.org ).

Web-based Code Editor

Subdividing an area into tiles and
computing each independent!

:Public data catalog continiouly updated
:(> 50 Petabytes of Earth observation data)

"

§§
c

| Write script
|
|
|
|
|

Getting the final result requires aggregating

|

|

|

| : ,

| ot (BN o Rl 7

B er BT -

- PR B T

| # DT ; S0z : %

I i A G A ; | together many sub-results (tiles).
: Billions of CPU working in a parallel |
|

|

| .

| -

|

|

|

|

|

|

processing environment

Object types
Image, ImageCollection :
Feature, FeatureCollection /S

— Export results
to
Method
proos Assets or

Filter, Reducer, Join, Kernel,
Machine Learning, Export

Google Drive
Figure 2. A simplified system architecture diagram of the Google Earth Engine

Code Editor. Adapted from Earth Engine educational resources available at
https://developers.google.com/earth-engine/edu.
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Gorelick et al. (2017) and Padarian et al(2015)E1 UEUDEIT EwgE" OOUEWEOOXxUU
you have access to a supercomputer designed for geospatial analysisAll the hard work
is done on Google servers, and to get the result is low bandwidth consuming . How does
it work? The code you write in the Code Editor using JavaScript programming language
(client-side) gets turned into an object representing the set of instructions which is then
sent to Google (serverside) for processing (Figure 2). The requested analysis is then run
in parallel on many computers or central processing units (CPUs). What you get back in
your browser (or monitor) is only what you request, for example a statistic or chart
printed to the console or small RGB tiles to display on the map.

5.4. Google Earth Engine for pedometric mapping

At the moment, most pedometric mappings take place on local computers using
local processors which becomesresource intensive because requiremassve amounts of
processing power and memory for spatial big data analyses (HENGL et al., 2019) Kumar
et al. (2018)found that, of the total number of research papers published between 200
and 2017 using GEE, less than 3% were applied to DSM, as observed by the red line in
Figure 3. Nevertheless, GEEis an interesting new platform which could be implemented
in a routine DSM workflow , since it is specifically designed to manage large volumes of
gridded information (rasters), which are used to represent soil forming factors
(PADARIAN et al., 2015). The major advantage of using GEE is that many rasters are
already available at catalogue, making easier the process of colecting data, and the
parallel nature of its algorithms, which considerably accelerates the computation times
(GORELICK et al., 2017) The user can also upload his own dataset (aster or vectorial)
to the assds with 250 Gigabytes of space, andcouple them with GEE datasetsfor

processing.
700
—O—Landsat + DSM

600
" —@— Big Data + DSM
c
2 500 ©— Data Mining + DSM
S
5 400 —e— Machine Learning + DSM
o
5 300 —@— Google Earth Engine + DSM
Qo
g 200
2

=
o
o
4]

0
1996 2000 2004 2008 2012 2016 2020

Year

Figure 3. Number of citations from keyword searchon scientific papers from

the ScienceDirect database (data extracted in February 2P0). DSM: digital soil
mapping.

GEE Code Editoris accessed and controlled through an internet-accessibleAPI and

an associated webbasedIDE that enables rapid prototyping and visualization of results
(Figure 4). Users can access and analyze data from the public catalog as well as their own
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private data (stored in assets)using a library of operators provided by the Code Editor.
These operators are implemented in a large automatic parallelization that enables globat
scaleanalysessuch asthat by Hansen et al. (2013), Pekel et al. (2016) and Murray et al.
(2019) Padarian et al. (2015)explored the feasibility of using this platform for DSM by
presenting two soil mapping examples over the contiguous United States. The authors
specified that, independent of the extent and aim, pedometric mapping usually has a
standard workflow , which can be successfully implemented and improved within GEE:

a) Environmental variables:

1 Acquisition: many covariates are already available in the GEE catalogues,
which can be imported into the code editor and directly apply calculation of
derivatives, up or downscale to a target grid resolution, spatial interpolation,
filtering, subset and stack rastersgtc.

| Development: based on previous studies (DEMATTE et al., 2018; DIEK et al.,
2017; ROBERTS et al., 2019; ROGGE et al., 2018} highlight the strong
potential that GEE has for big data mining (GORELICK et al., 2017) and thus
to obtain new spatially continuous soi | predictors based Earth observation
data for their use as soil forming factor proxies in pedometric mapping s of
large geographical extents.

b) Sampling: the user can upload points to their assets, using tables (.csv) or
vectors (shapefiles), overlay them wit h covariates for sampling data, and thus
prepare avalue matrix .

c) Modeling: the available algorithm within GEE covers both prediction of class
(categorical) and continuous variables (soil attributes), such as linear
regression, regression kriging, neural networks and Random Forests. The
platform is not flexible enough to build and tuning models. Nevertheless, in
our experience, sampled data (described in item b) can beexported and used
with in a geostatistical software, like R, to optimize the models. Then, tuned
hyper parameters from optimized models can be used within GEE algorithms
for spatial predictions.

d) Mapping: spatial predictions are virtually made by tiles (sub -areas) in a
parallel process for the whole extent. This is the major advantage of GEE,
bringing speed gain to this step. According to Padarian et al. (2015) DSM in
GEE was 40 100 times fasterthan DSM using desktop workstation.

e) Uncertainty: unfortunately, technique s for uncertainty estimating ar e not
implemented in GEE, and there is no straightforward way to program it at the
current development stage. GEE is in active development and constantly
being updated.

f) Displaying: GEE uses the scale specified by the output (zoom level) to
determine the appropriate level of the image pyramid to use as input by
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aggregating 2 x 2 blocks of 4 pixels That is, each tile is always 256 x 256 pixels,
and it is recalculated with every change in zoom level for visualization.

g) Map layout: code editor allows to design the traditional layouts by coding
each element: frame, scale and gradient bars, legend, north, textand map
background.

h) Distribution: the code, the soil observations used to obtain the maps, and also
the results obtained and stored in assets can be shared with other researcher.
Results can also be exported toGoogle cloud storage (and share as a web map
service) or Google Drive (for downloading).

Your Scripts APl docs  Store your Search datasets  Query the layers Messages List of
& Examples data (250GB) on the map running tasks

B B3 B IS5 console Tasks

Filter scripts y

~ Owner (1)

» users/raulpoppiel
» Writer (1) . v son({
» Reader (8) s0 & reducer: percentile({pgrcent
: Write JavaSeript-code

. ;

image bestEffort: true});

» Image Collection i 54 print(minMaxLegend_SYSI_kriged, ‘mini. nd_SYST_ kr

» Feature Collection

» Charts ar min = ee.Number(minMaxLegend_SYSI_kriged.get('blue_perc25'));

» Arrays var max = ee.Number(minMaxLegend_SYSI_kriged.get('red_perc7s

* Primitive

ar minMaxLegend_SYSI_kriged = SYSI_krig

iged')

Satélite

w— _ T — —"
v w:m—g_‘———_"_,"_‘ — A= 2
cod?.earthenglne.googie.com
Figure 4. Google Earth Engine Code Editor interface and their components.

API: Application Program Interfaces (focused on JavaScript) for making
requests to the Earth Engine servers Adapted from a screenshot by the author.

5.5. Machine learning fopedometric mapping

Machine learning (ML) was implemented in the 1990s as a tool for DSM
(LAGACHERIE, 2008). ML techniques refer to a large class of nonlinear data-driven
algorithms employed pri marily for data mining and pattern recognition purposes, and
now frequently used for regression and classification tasks in all fields of science. ML
algorithms do not make an assumption of the observations' distribution, unlike
geostatistical methods, where transformation of the original values is often required to
satisfy the assumptions. ML algorithms can also handle a large number of cross
correlated covariates as predictor.
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In parall el, there has been a tremendous increase in the production and availability
of regional and global soil databases. For example, the Soil and Terrain Digital Database
(OLDEMAN et al., 1993), the World Soil Information Service (BATJES et al., 2017and
the World Spectral Library (VISCARRA ROSSEL et al., 2016at global extent, and the
Free Brazilian Repository for Open Soil Data (SAMUEL -ROSA et al., 2020)and the The
Brazilian Soil Spectral Library (DEMATTE et al., 2019)at national extent, among others.
Additionally, numerous spatially exhaustive scorpancovariates are available at global
extent (mostly available within GEE data catalogue at
https://developers.google.com/earth-engine/datasets). Conventional regression
techniques seem, to some extent, outdated todeal with the increased complexity of soil
datasets. This justifies the increasing use of machine learning algorithms for digital soll
mapping (WADOUX et al., 2020).

There isa large number of studies using ML for mapping soil attributes from local,
regional to global extent. For example, Pouladi et al. (2019)make a quantitative map over
a 10 ha field in Denmark while Hengl et al. (2017)produce quantitative and categorical
maps for the whole world. Wadoux et al. (2020) found that most of studies (70%) only
predict topsoil attributes, while a smaller number of works mapped soil attributes at
topsoil and subsoil (ARROUAYS et al., 2014; HENGL et al., 2015; VISCARRA ROSSEL
et al., 2015; GOMES et al., 2019)

ML algorithms have been successfully applied for pedometric mapping of vari ous
soil attributes, such as soil organic carbon concentration (GOMES et al.,, 2019;
HENDERSON et al.,, 2005; POULADI et al., 2019; SIEWERT, 2018)soil texture
(FONGARO et al., 2018; LIU et al., 2020; LOISEAU et al., 2019bulk density (VISCARRA
ROSSELet al., 2015) pH (DHARUMARAJAN et al., 2017) , or cation exchange capacity
(FORKUOR et al., 2017) ML also was used for mapping nutrients such as nitrogen
(FORKUOR et al., 2017; VISCARRA ROSSElet al., 2015) phosphorus (HENGL et al.,
2017; VISCARRA ROSSELet al., 2015) potassium, calcium or magnesium (HENGL et
al., 2017)

Environm ental covariates represent soil forming factors, where studies with ML
used from less than five (PADARIAN et al., 2019) to more than 100 predictor (HENGL
etal., 2017; RAMCHARAN et al., 2018) Some examples of studies using multi -resolution
covariates for mapping with ML algorithms were performed by Behrenset al. (2010)
Miller et al. (2015)and Behrens et al.(2018) For instance, Miller et al. (2015)employed
412 covariates, several ofwhich were derived from the aggregation of terrain attributes
from a fine elevation map (grid cell size of 2 m X2 m).

5.6. Why perform pedometric mapping of soil attributes?

The soil covers the Earth, and its attributes vary spatially and temporally in a
sometimes continuous, sometimes discrete and sometines complex or random way
(MCBRATNEY et al., 2003) The attributes can either be direct or indirect (proximally or
remotely sensed, including humanly sensed) measurements of physical, chemical,
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biological, morphological and mineralogical soil featuresin the field or on samplestaken
back to the laboratory or multivariate soil classes derived from them (MCBRATNEY et
al., 2018) The word ?attribute ? is commonly used in soil sciencebecause thefeatures are
attributedto the soil and to their formation (SOIL SURVEY STAFF, 2014)

In contrast to the quartz sand coarse soil fraction, the finer soil fraction of the highly
weathered soil mantle of Midwest Brazil (SCHAEFER et al., 2008)is dominated by
minerals that protect soil organic matter from mineralization by microorganisms
through sorption and/or entrapment of organic matter in small microaggregates
(BALDOCK et al., 2000; CHENU et al., 2006) Among these minerals, sesquioxidessuch
as gbbsite and goethite, have a greater affinity for organic matter than clay minerals,
thanks to their large specific surface area (KAISER et al., 2003) These minerals also
constrain the nutrient status in soils with low pH through t heir ability to remove
inorganic anions, such as phosphate or nitrate, from solution, forming inner or outer
sphere complexes (SCHWERTMANN et al., 1989). Together with these very stable
sesquioxides, kaolinite 1:1 clay, is the most abundant mineral of the fine soil fraction in
highly weathered soils (KAISER et al., 2003) Despite being less reactive than
sesquioxides, kaolinite can present an important anion exchange capacity at low pH
(MELO et al.,, 2001) contributing to lower extractable phosphorus concentrations
traditionally used as an indicator of readily plant accessible P (GERARD, 2016;
MCGRODDY et al., 2008) Thus, the same clays andsesquioxid es that lead to greater soil
organic matter storage also occlude P into less accessible formgRUTTENBERG et al.,
2011) reducing its mobility and making uptake of P resources from the soil more
difficult. Phosphorus is an essetiial element determining plant growth and productivity
(MALHOTRA et al., 2018), that was found to be spatially correlated with other yield -
limiting factors (soil attributes) (NAWAR et al., 2017).

In a recent scientific report, Soong et al. (2020)demonstrates how variation in soil
attributes that retain carbon and nutrients can help to explain variation in tropical forest
growth and mortality (Figure 5). The authors observed strong positive relationships
between soil attributes (soil texture and mineralogy) and forest dynamics of growth and
mortality across tropical forests in a phosphorus -poor region of the Guiana Shield in
South America. Average tree growth increased from 0.81 to 2.1 mm yNhalong a soil
texture gradient from 0 to 67% clay, and increasing metal-oxide content. Topsoil (30 cm
depth) organic carbon stocks ranged from 30 to 118 tons C ha&'v phosphorus content
ranged from 7 to 600 mg kg" "soil, and the relative abundance of arbuscular mycorrhizal
fungi ranged from 0 to 50%, all positi vely correlating with soil clay and sesquioxides
content. In contrast, already low extractable phosphorus content decreased from 4.4 to
<0.02 mg kd'hin soil with increasing clay content. A greater pre valence of arbuscular
mycorrhizal fungi in more clayey forests that had higher tree growth and mortality, but
not biomass, indicates that despite the greater investment in nutrient uptake required,
soils with higher clay content may actually serve to sustain high tree growth in tropical
forests by avoiding phosphorus losses from the ecosystem.
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Finding s as cited are very important to soil scientists, because it supports that
continuous and quantitative soil attribute maps could be used to predict (or to indicate)
which soils are expected to be responsive tonutrient additions based on their soll
attributes. In other words, to indicate the best soil management or places for food
production.

Clayey

Soil mineralogical continuum

Sand, low SOM and P retention, Clayey, (hydr)oxides, high SOM and P occlusion,

lower SOC stocks, more open nutrient cycling, higher SOC stocks, AM fungi, more closed
slow growth and conservative life history strategies nutrient cycling, faster growth and mortality

Figure 5. A simplified conceptual model of the influence of soil properties on
tree growth and mortality, but not biomass, across phosphorus -depleted
tropical forests. From Soong et al. (2020) Both forests have the same
aboveground biomass, but different turnover rates and soil properties. At the
sandy end of the soil continuum are forests with slower (narrower) nutrient
cycling due to greater nutrient retention in the aboveground biomass (dark
blue) based on slower growth, greater longevity, lower quality litter. At the
other end of the spectrum are forests where the greater capacity of clay and
(hydr)oxide -rich soils to retain phosphorus and organic matter support faster
(wider) nutrient cycling forests. At clayey sites, nutrient recycling via
decomposition (dark blue) is supported by a greater relative abund ance of
arbuscular mycorrhizal (AM) fungi.
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CHAPTER 11 tMAPPING AT 30M RESOLUTION OF PHYSICAL AND CHEMICAL
SOIL ATTRIBUTES AT MULTIPLE DEPTHS IN MIDWEST BRAZIL !

ABSTRACT

The Midwest region in Brazil has the largest and most recent agricultural frontier in the
country , where there is no currently detailed soil information to support the agricultural
intensification. Producing large -extent digit al soil maps demands a huge volume of data
and high computing capacity. This paper proposed mapping surface and subsurface key
soil attributes with 30 m -resolution in a large extent of Midwest Brazil. These soil maps
at multiple depth increments will provi de adequate information to guide land use
throughout the region. The study area comprises about 851,000 kn% in the Cerrado
biome (savannah) across Brazilian Midwest. We used soil data from 7908 sites of the
Brazilian Soil Spectral Library and 231 of the Free Brazilian Repository for Open Sail
Data. We selected nine key soil attributes for mapping and aggregated them into three
depth intervals: 04 20, 23 60 and 6@ 100 cm. A total of 33 soil predictors were prepared
using Google Earth Engine (GEE), such as clinate and geologic features with 1 km-
resolution, terrain attributes and two new covariates with 30 m -resolution, based on
satellite measurements of the topsoil reflectance and the seasonal variability in
vegetation spectra. Thescorparmodel was adopted for mapping of soil variables using
random forest regression (RF). We used the modetbased optimization by tuning RF
hyperparameters and calculated the scaled permutation importance of covariates in R
software. Our results were promising, with a satisfactory model performance for
physical and chemical attributes at all depth intervals. Elevation, climate and topsoil
reflectance were the most important covariates in predicting sand, clay and silt. In
general, climatic variables, elevation and vegetation reflectance provided to be the most
important covariates for pred icting soil chemical attributes , while for organic matter it
was a combination of climatic dynamics and reflectance bands from vegetation and
topsoil. The multiple depth maps showed that soil attri butes largely varied across the
study area, from clayey to sandy, suggesting that less than 44% of the studied soils had
good natural fertility. We concluded that key soil attributes from multiple depth
increments can be mapped using Earth observations daia and machine learning methods
with good performance.

Keywords: spatial big data; soil attributes; digital soil mapping; random forest; remote
sensing; Google Earth Engine; land management

1 Article published in  Remote Sensing, 5 December 2019https://doi.org/10.3390/rs11242905
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GRAPHICAL ABSTRACT

1.INTRODUCTION

The soil plays essential rolefor natural and anthropic ecosystems (BUNEMA NN et
al., 2018) Reliable spatial soil information can improve natural capital assessment,
becoming important for food production, especially in large countries or emerging
economies where the major demographic growth is expected (UNITED NATIONS,
2019) Soil mapping is expensive and time-demanding, consequently performing
adequate maps in large areas takes several years and require significant economic
resources. $ich fact is observed in countries like Brazil, which is covered by small scale
soil maps, mostly developed by Brazilian government institutions using
RADAMBRASIL (Radar on Amazon and Brazil) project data (1:1,000,000 or nominally 2
km) (MCBRATNEY et al., 2003) In this case, such maps are not capable of supporting
any decision making in regional or local scales.

Currently, t here are no soil attribute maps with complete coverage across the
Brazilian Midwest, which could support management and policy decisions. This region
has the largest and most recent agricultural frontier in Brazil (PARENTE et al., 2019)
which contributes about 34% and more than 10% to the agricultural production and
gross domestic product of the country, respectively (IBGE, 2018)

The huge volume of quantitative (pedometric) data required in the prod uction of
soil attribute maps, for large geographical extents, limits the feasibility of conventional
(traditional) manual (expert -based) soil mapping (HENGL et al., 2017; MCBRATNEY et
al., 2003) Several key soil factors are still not fully represented by classical environmental
covariates, being necessary to develop new covariates that provide improved proxies for
describing soil spatial variation s. Advances in Earth observation (satellite images and
products), digital elevation models and digital soil mapping (DSM) frameworks, based
on machine learning and cloud-based computing, might be a solution to the lack of
adequate soil data (HENGL et al., 2018) An Earth observation product that has raised
attention in DSM is the satellite image. Such data can retrieve mealium- to high-
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resolution information and are easily acquired. Recently, studies have employed multi -
temporal images in soil assessment and mapping. Such data provides measurements of
topsoil reflectance, which are directly related to clay content, organic matter,
mineralogy, moisture and soil color (STENBERG et al., 2010)The synergy between
satellite images and DSMtechniques is described by Diek et al. (2016) who performed a
multi -temporal composite from the Airborne Prism Experiment (APE X). By overlapping
images, the authors doubled the amount of bare soil pixels in the scene and presented
an enhanced spatial representation of topsoil. Later, Diek et al. (2017) developed a
method for identifying the least -vegetated pixels (e.g. barest pixel) in a dense Landsat
time series. Such data was used to estimate soil attributes and evaluate the contribution
of remote sensing (RS) to conventional and DSM procedures. Similarly, Rogge et al.
(2018)proposed the Soil Composite Mapping Processor (SCMaP), which is an approach
able to use perpixel compositing to address the issue of limited soil exposure. Another
bare surface composition technique was proposed by Dematté et al. (2018) called
Geospatial Soil System (GEOS3). These authors validated the method by comparing the
bare surface data (described as SySl) to laboratory spectral measurements, and found a
canonical correlation of 0.93. Later, Fongaro et al (2018)used such composite images to
digitally map soils from southeastern Brazil. These authors described an expressive
1 OT EOGEI O OU w b O widitd Enappirie Ovbdn [e@plbying uBySI and terrain
attributes. The R and root mean squared error (RMSE) improved from 0.64 and 93.44 g
kg?to 0.83 and 65.36 g kd, respectively. Finally, Mendes et al. (2019) indicated that
besides surface layer mapping, SySl can ale aid in the prediction of soil subsurface
attributes.

The prediction in DSM is usually based on machine learning techniques, which fit
models for the spatial prediction of soil variables (i.e. maps of soil attributes and classes
at different resolutions) (HENGL et al., 2017). While machine learning supports the soll
spatial predictions (PADARIAN et al., 2019), cloud-based computing provides a
superior architecture for the execution of such complex algorithms (GORELICK et al.,
2017) These techniques are very attractive, once it result in the automation of processes,
reducing overall soil data production costs, combining statistics, data science, soil
science, physical geography, RS, geoinformation science and a number of other sciences
(PADARIAN et al., 20 19; DEMATTE et al., 2018; HENGLet al., 2018 MCBRATNEY et
al., 2003)

WEUDI | wUI EVUET wPOwoOPUI UEUUUTI wUl T EUEDOT wlOT 1 w
resulted in more than 72,000 publications, from which 7,200 items were published in the
first half of 2019 and 4,000 discus®d random forest (RF) agorithms. The RF algorithm
was first introduced by Breiman (2001) and became a standard nonparametric
classification and regression tool. The method establishes prediction rules based on
variou s types of predictor variables, without making any prior assumption on the form
of their association with the response variable (PROBST et al., 2019)The RF is one of
most popular algorithms in DSM, being employed in several soil mapping studies
(AMIRIAN -CHAKAN et al., 2 019; GOMES et al., 2019; HENGIet al., 2018; LOISEAU et
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al., 2019; MA et al., 2017)Many inter -comparisons between machine learning algorithms
are described in literature, and in most cases, authors indicated RF as the most adequate
algorithm for DSM. Keskin et al. (2019)compared many models to quantify stochastic
and/or deterministic components of soil carbon (C) pools. The prediction performance
indicated the RF as the best algorithm. The covariables that best described variations in
C pools were the biotic and hydro -pedological ones. Lithologic al and climatic factors
had a reasonable influence in C predictions, while topographic factors did not contribute
to soil C modeling. Similarly, Nussbaum et al. (2018) evaluated six approaches for
digitally mapping 14 soil attributes at four depths. They found small differenc es in
predictive performances, but RF was often the best among all methods. Hengl et al.
(2015)mapped 14 soil attributes from African soils, combining quality -controlled point
data and a large number of covariates. TheRFwas the best method, outperforming linear
regression with an average decrease of 15%75% in RMSE across soil properties and
depths.

Basead on results from studies reviewed , we expect that Earth observation data and
machine learning, coupled with Brazilian available legacy soil datasets, to promote a
favorable framework for producing accurate soil predictions across this important
agricultur al region. We assume that it is possible to map physical and chemical soll
attributes for three fixed depth intervals (0420, 2660 and 83100 cm) with 30 m-
resolution across the Midwest region in Brazil.

Thus, we intend to produce up -to-date pedometric maps of surface and subsurface
key soil attributes in a large extension of the Midwest of Brazil. These maps at three fixed
depth intervals might provide adequate information to account for the multi-
functionality of soil in the region. Therefore, we aimed to (a) produce composite images
(described hereafter as SySl and SyVI)using Landsat data, which describes the
reflectance variability of bare surfaces and natural vegetation; (b) employ SySl and SyVI
coupled with terrain attributes, geologic and climate variables aspredictors in the digital
mapping of key soil attributes in the Midwest Brazil; (c) fit and assessthe performance
of the random forest models for the spatial patterns of each soil attribute at three depth
intervals; (d) identify the covariates that were most relevant to describe the soil
variability in Midwest Brazil ; (e) tomap the spatial distribution of soil attributes at 30 m
Ul UOOUUDPOOWI OUwUTT wyYNI YOw! YNt YWEOE wt Widhuy Y WE Quw k
cloud-based computing for the study area.

2.M ATERIAL AND METHODS

2.1. Study Area and Soil Data

The study area comprises about 851,000 krhin the Cerrado biome (savanna) of
Midwest Brazil (Figure 1), covered by Cerrado vegetation and gallery forest over
extensive plateaus. The climate is tropical humid, which has two well -defined seasons,
wet in summer and dry in winter, with annual precipitation ranging from 1200 to 1800
mm. According to the 1:1,000,000scale pedological map (IBGE, 2017) the region was
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dominated by Ferralsols, Lixisols, Plinthosols, Arenosols and Regosols (IUSS
WORKING GROUP WRB, 2015) These soik developed from highly diversified
lithologies, consisting of volcanic, metamorphic, and sedimentary rocks, who reworked
surface materials (CPRM, 2004)
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Figure 1. Spatial distribution of soil observations displayed over a 1:1,000,000
scale map of the main soil classes of the study aregIBGE, 2017) Soil classes
were defined according to World Reference Base (IJUSS WORKING GROUP
WRB, 2015)

We obtained physical and chemical soil attribute data from 7908 sites of the
Brazilian Soil Spectral Library (BSSL) (DEMATTE et al., 2019) and 231 of the Free
Brazilian Repository for Open Soil Data (FEBR) (SAMUEL -ROSA et al., 2020) The BSSL
started in 1995 as a collaborative network formed by several institutions acrossBrazil.
The FEBR contains legacy soil observations data collected by Brazilian government
agencies since the 1960s.

We selected nine soil attributes for mapping in the study area (Figure 1) and
aggregated into three depth intervals (0t 20, 22t 60 and 6& 100 cm): sand, silt and clay
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contents, organic matter (0 0 £ i "QO® @ww ép& §, pH measured in water (pH
H20) and in potassium chloride (pH KCI), cation exchange capacity (6 O6 6 @
0Q 'O 0 a), and base saturatin (P 60 0Q 0 pTT
0 OYp and aluminum saturation (&b oa pmm 6 0Q U 0oa ).
These soil attributes are commonly used (as key criteria) to guide agricultural
recommendations, to evaluate the locations most suitable for farming and delineation of
soil management zones(NAWAR et al., 2017). They are also used for soil classification
(IUSS WORKING GROUP WRB, 2015SOIL SURVEY STAFE 2019. According to Canadell
(1996) maximum rooting depth of crops by far can exceed 100 cm soil depths. Thus, soil
attributes from 0 to 100 cm depth can affect plant growth and yield. When exploring the
complete dataset, we checked for possible duplicated data and typos. To remove outliers
from the dataset before modelling, we used more than one condition by nesting IF
functions in Microsoft Exc el. For example, to remove sand, silt and clay contents smaller
or greater than 1000 g kgt [=IF(SUM(Sand;Silt;Clay)=1000);"OK";"REMOVE")], or testing
IF the relationships (V% vs. pH vs. m%, OM vs. CEC) were coherent. A large proportion
of the data had information based on the laboratory method of Embrapa (2017) while
the remaining were transformed to the same standard units.

Finally, we performe d a chord diagram based on Pearson correlation to check
weighted relationships between soil attributes using the circlize package version 0.4.8
(GU, 2019)in the R software (R CORE TEAM, 2018) In that diagram, each soil attribute
is represented by a fragment on the outer part of the circular |ayout, where the size of
the connections is proportional to the value of the correlation.

The framework used for digital mapping of soil attributes (Figure 2), from
covariates preparing to spatial predictions, was fully implemented via the cloud -based
platform of Google Earth Engine (GEE) (GORELICK et al., 2017)and the R environment
for statistical computing (R CORE TEAM, 2018)

2.2.PreparingenvironmentalCovariates

Environmental EOYEUDPEUI w OEal UUw EEQOw ET w UUI Ew EUw x|

variables? A upf@diction models . Their preparation is time and resources consuming,
involving a huge image processing to transform large environmental databases into
relevant predictors for machine learning of soil attributes. Therefore, efforts to produce
appropr iate predictors to explain the spatial distribution of soil attributes (at detail and
generalization) increases the accuracy of the models. Various covariates (e.g. climate,
terrain attributes and RS data) representing soil state factors have been widely used in
statistical models to predict soil texture, bulk density, organic carbon, nutrients (Ca, Mg,

K, Na, N, P), available water capacity, pH and CEC (BALLABIO et al., 2019; GOMES et
al., 2019; HENGL et al., 2014, 2015, 2017; LIANG et al., 2019; VISCARRA ROSSEL et al.,
2015)
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Figure 2. Digital soil mapping framework used for generating soil attribute maps.

For mapping the selected soil attributes, a group of covariates were obtained (Table
1) and used as proxies of the factors of soil formation, according the scorpanmodel
(MCBRATNEY et al., 2003) that accounts for solil (s), climate (c), vegetation (0), relief (r),
parent material (p), age of surface (a) and spatial position (n). This model assumes that
the soils were formed in response to different processes operating over different
distancesor scales(BAILEY, 1987; MCBRATNEY et al., 2003) These soil spatial patteans
can be captured by the useof multi -resolution covariates and used in predictions models
(MILLER et al., 2015) For that, we adjusted the coarserresolution covariatesto a target
resolution of 30 m, that was in accordance with the majority of covariates used. We
employed inverse distance weighting (IDW) interpolator to downscale the 1 km
covariates (climate and geology) to 30 m resolution. IDW attenuates the influence of
distant points, according to the inverse distance weight, and gives an assumption of
positive spatial autocorrelation (AKINYEMI et al., 2008). Furthermore, this interpolator
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is easy to be implemented and available in Google Earth Engine (GEE) platform
(GORELICK et al., 2017) Reducing pixel size did not produce information gain on
downscaled covariates, but it enables the simultaneous use ofpredictors with different
spatial resolutions that account for soil spatial patterns at different scales.

2.21. Climate Data

Annual temperature average, range and seasonality, and annual predpitation and
seasonality values were obtained from the WorldClim dataset (HIIMANS et al., 2005)at
a spatial resolution of 1 km, and then were downscaled to 30 m pixel size by IDW. These
data layers derived from numerous weather stations data interpolated by thin -plate
smoothing spline, using latitude, longitude, and elevation as independen t variables
(HIIMANS et al., 2005). The WorldClim is a spatially continuous climate dataset with
the highest resolution available for the study region.

2.2.2. Relief and Geology Data

We derived local terrain attributes, including elevation, slope, aspect, horizontal
and vertical curvature and topographic position index (TPI) from the 30 m AL OS digital
elevation model (TADONO et al., 2014) within GEE. Slope, aspect and curvatures, were
calculated from the partial derivatives of terrain using a 3 x 3 moving window
(FLORINSKY, 2016) The TPI was calculated by subtracting the elevation in meters at a
given location (or cell) to the mean elevation of all cells within a neighborhood specified
by a radius of 3 km, which best described our region after a radius search Highly
positive values are associated with peaks and ridges, while highly negative values are
associated with valley bottoms and sinks. We obtained the density of geological
lineaments by counting the meters of structural lines obtained from a 1:1,000,000scale
map (CPRM, 2004)in 1 km grids, and then transformed to raster and downscaled to 30
m pixel size by the IDW method.

2.2.3 Lardsat-Derived Data

Data. The Landsat program has been observing the Earth continuously from 1972
through the present day. We used Landsat surface reflectance data (Tier 1, Collection 1)
of different sensors covering the study area from 1982 to 2019, includng the Thematic
Mapper (TM, Landsat 445), the Enhanced Thematic Mapper Plus (ETM+, Landsat 7), and
the Operational Land Imager and Thermal Infrared Sensor (OLI/TIRS, Landsat 8) with
16 days revisiting time and 30 m resolution (USGS, 2019a, b)Considering these products
are gridded into common characteristics (resolution, projection, spatial extent, scale
values and spectral ranges), we performed an inter -sensor harmonization to combine
their separated collections into a single dataset. The bands of each sensor, positioned in
equivalent spectral regions, were matched into a common name (e.g. Blue, Green, Red,
NIR, SWIR:, SWIR: and LST) using the specific band number (Table Al). The quality
assessment bands were used to remove cloudy and cloud shadow pixels. We calculated
the land surface temperature (LST, in degrees Celsius scaled from 0 to 10,000) for each
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image in three steps: 1) we calclated the normalized difference vegetation index (NDVI,
Equation 1); 2) we estimated the land surface emissivity (LSE, Equation 2) using the
NDVI -based method (VANDEGRIEND et al., 1992); 3) andwe converted the brightness
temperature (BT) data to LST using the Stefart Boltzmann law expressed in Equation 3
(AL-GAADI et al., 2018). This approach enabled to obtain LST from the available
Landsat data with in GEE.
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SySl. We implemented the Geospatial Soil Sensing System (GEOSIDEMATTE et
al., 2018)into GEE to generate a 30 m synthetic soil image (SySl) using the harmonized
Landsat data. The GEOS3 is a data mining algorithm that uses clasHications rules to
identify soil at pixel level on denser satellite time series. The rules are a set of spectral
indices and thresholds that mask out non-soil pixels by flagging soil pixels as a valid
value and the remaining pixels as unavailable information (NA). We used NDVI
(Equation 1), normalized burn ratio 2 (NBR2, Equation 4) and Visible to Shortwav e
Infrared tendency index (VNSIR, Equation 5). The thresholds for the spectral indices
were defined as+0.15 < NDVI < 0.25¢0.15 < NBR2 < 0.1and VNSIR < 9,000 These rules
selected soil pixelsthat were aggregated into a single composite (SySl) by computing
band-to-band the median of the reflectance values, over the time series. For our study,
SySI represents thesoil surface of agriculture areas and other natural surfaces with low
vegetation cover and rock outcrops, when the vegetation was absent or almost absent,
typical for savannas. The GEOSS3 has also been implementedcrossdifferent regions in
Brazil for mapping soil variables (FONGARO et al., 2018; GALLO et al., 2018; MENDES
et al., 2019) Similar approaches were developed to produce bare soil composites based
on Landsat data and accurately employed for soil mapping and management in
Germany (ROGGE et al., 2018and both the Swiss Plateau and Europe(DIEK et al., 2017)
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SyVI. To take advantage of the spatiotemporal variation of vegetation that might
be linked to soil distribution, the GEOS3 (DEMATTE et al., 2018)was adapted into GEE
to produce a 30 m synthetic vegetation image in the wet (SyVIw) and dry (SyVI«) seasons
by constraining the harmonized Landsat data. We constrained the wet and dry seasons
from November to March and from May to September, respectively, between 1982 and
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1994 when natural vegetation predominated over the landscape. In this work, SyVI
represents potential natural vegetation (PNV), without or with minimal human
intervention, that canbe used asa proxy O wUT 1T wi EEUOU w3dpdmio@Ep UOU» wb O
for estimating soil variables (MCBRATNEY et al., 2003) The PNV classification rules
were constructed by combining the NDVI (Equation 1), NBR2 (Equation 4), the
vegetation spectral shape index (VSI, Equation 6) and soil index (SI, Equation 7). The VSI
and S| were elaborated by visual interpretation of the spectral shape of different types
of vegetation collected from Landsat images using the MapBiomas dataset as a reference
(PARENTE et al., 2019) To retrieve PNV reflectance in the study area, the thresholds
Pl Ul wEENUUUI EwUOOw- #5( wawyd!l YOw-! 1] wawydhWows 2 (
PNV pixels were aggregated into two composites, for wet (SyViIw) and dry (SyVla)
seasons by computing band -to-band the median of the reflectance values over the time
series for both seasons.
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Kriging . To obtain spatially continuous products ( 100% coveragé over the study
area, we interpolated the gaps using ordinary kriging with in GEE. Thus, the spectral
values were randomly sampled from the composites (SySl, SyViw and SyVld) using two
observations per km2. For each band, we fitted the spherical model to the empirical
semivariogram to obtain the parameters (range, sill, nugget and maximum distance) and
make the spatial interpolation of the values (MCBRATNEY et al., 1986) Finally, we
overlaid the (original) composites on top of kriged images and merged them to obtain
spatially continuous images (original + kriged) . Merged images preserved the original
values and incorporated the kriged where a gap occurred. Thus, the spatially continuous
images (original + kriged), named as SySl, SyVI and SyVlq, were used as covariates for
mapping soil attributes (Table 1), according the scorpanmodel.

Quality . We assessed the kriging results by sampling bandto-band 1 value per km-
2on overlapped areas between the synthetic image (original) and kriged (non-merged to
UadU0l il UPEwWPOET I AWEOEWEEOEUOEUDOT wlUT 1 w/ 1 EVUUOGOZ U
We checked the quality of the spatially continuous composites (original + kriged) by
assessingl) the reflectance values on the spectral profile, 2) the soil line method (BARET
et al., 1993) and 3) the spatial consistency with land cover classifications (PARENTE et
al., 2019) The soil line uses a scatterplot todisplay the reflectance between Red and NIR
spectral regions. Both methodologies can be used to analyze the spectral patterns of the
composites and to determine if they are consistent with the classical patterns of soils and
vegetation.
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Table 1. List of environmental covariates used as proxies of factors of soil formation for
digital mapping of soil attributes in the study area.

Covariate Description Scale Source
Soil, Parent Material and Age
Synthetic Soil Image (SySl) Bare soil reflectance coveringVNIR - 30 m Landsat 4,
SWIR-TIR range (7 bands) 5,7and 8
Geological Lineaments Density Meters of structural features per km?2 1:1M3 CPRM
Organisms
Synthetic Vegetation Image of Potential natural vegetation 30m Landsat4
wet season (SyV) reflectance from November to March and 5
covering VNIR -SWIR-TIR range (7
bands)
Synthetic Vegetation Image of Potential natural vegetation 30m Landsat4
dry season (SyVi) reflectance from May to September and 5
covering VNIR -SWIR-TIR range (7
bands)
Climate
Annual Precipitation (mm) Bioclimatic variables obtained from 1 kmd  WorldClim
Precipitation Seasonality (CV) the monthly temperature and rainfall 1 kmd  WorldClim
Annual Mean Temperature (°C) in order to generate more biologically 1 kmt  WorldClim
Temperature Annual Range(°®C)  meaningful values. 1 kmd  WorldClim
Temperature Seasonality (°C) 1 kmd  WorldClim
Relief and Age
Elevation (m) Height of terrain above sea level 30m ALOS
Slope (degree) Slope gradient 30m ALOS
Aspect (degree) Compass direction 30m ALOS
Topographic Position Index (m) Distinguishes ridge from valley forms 30m ALOS
Horizontal Curvature (m) Curvature tangent to the contour line 30m ALOS
Vertical Curvature (m) Curvature tangent to the slope line 30m ALOS

VNIR: Visible and Near infrared spectral range (~450:900 nm); SWIR: Shortwave infrared
spectral range (~15562350 nm); TIR: Thermal infrared spectral range (~10,40012,500 nm). 2
Lines (1,000,008scale) counted in grids of 1 kmz, transformed to raster and interpolated to 30 m

pixel resolution by IDW method. °® Interpolated to 30 m pixel resolution by Inverse Distance

Weighted method; CV: coefficient of variation;.

2.3.Random Forest (RF) Regression

For DSM, we have implemented the scorpanmodel (MCBRATNEY et al., 2003)to
predict the spatial patterns of soil attributes (Table 2). We used all soil forming factor
proxies (Table 1) at the same time and let the decision tree algorithms reveal thesoil
patterns. We select RF regression for soil predictions. RF is a tredbased machine learning
algorithm which consists of many decision or regression trees where each tree depends
on the values of a random vector sampled independently and with the same distribution
for all trees in the data (BREIMAN, 2001). The output of the model is an average of all
the regression trees. The RF method is popular in DSM because it has proven to be
efficient for mapping soil attributes across a wide range of data scenarios and scales of
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soil variability (FAO, 2018; GOMES etal., 2019; HENGL et al., 2014, 2015, 2017; LOISEAU
et al., 2019; NUSSBAUM et al., 2018)

2.3.1 Calibration and Model Tuning

To generalizelocal patterns and to minimiz e possible artifacts in the final maps, the
covariates (Table 1) were smoothed prior to sampling, by computing the median values
within a 4 x 4 moving window. At each soil observation (Table 2), the values were
extracted and used as input data for calibrating RF regressions(BREIMAN, 2001) using
the ranger package version 0.11.1(WRIGHT et al., 2017)in the R software (R CORE
TEAM, 2018). Usually, most modeling studies employed default hyperparameters,
which can prompt models to under or over fit and misinterpretations of results. Thus, to
improve the performance of RF models, we performed a grid search for (optimal) tuning
hyperparameters (PROBST et al., 2019nvestigating a range of values, where mTry was
6, 24, 33 minimum node sizevas 5, 20, 50. ThemTry regulates the number of variables
that can be randomly sampled in each split of the trees. Theminimum node sizeontrols
the tree depth by setting the minimal number of samples for the terminal nodes . We
used 500 trees for stablevariable estimates (PROBST et al., 2019)

2.3.2 Validation and Variable Importance

(OwOUET UwUOwIl YEOUEUI wUT 1T wOOEI OUzwx1 Ul OUOEOE
attribute at each of the three depths a 10fold cross-validation was used. The
observations were split into 10 -folds by using the caret package version 6.084 (KUHN,
2019) According to Padarian et al. (2019) the k-crossvalidation is a stable method,
where the dataset is partitioned into k groups or folds, where KN whvwil UOBed @wE UT wU
training and 1 group for validation, repeating the training ktimes, each with a different
validation group. For each predictive model, we derived the RMSE, coefficient of
determination (R ?) and ratio of the performance to inter -quartile distance ('Y 0 00 0o
Op 72 - 3)%here Q1 and Q3 are the # (25%) and 3¢ (75%) quartiles. The RPIQ is based
on prediction error and quartiles, which better represents the spread of the population
and easier comparable across model validation studies. Generally, smaller values of
RMSE and larger R and RPIQ indicate better model performance (BELLON-MAUREL
et al., 2010) We selected he optimized model by the minimum RMSE of the 10 -fold
crossvalidation (FAO, 2018; PROBST et al., 2019)

To quantify the most influential covariates used in the models, the scaled
permutation importance was calculated for each soil attribute prediction at each depth
interval (BREIMAN, 2001), which were graphically displayed using the folds esti mates.
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2.3.3 Prediction of Continuous Soil Attributes

The optimized models were used to predict the spatial patterns of soil variables
(Table 2) using RF optimized hyperparameters with in GEE (GORELICK et al., 2017) In
this study, the error or inaccuracy were not spatially examined as maps, because the GEE
does not support this technique at the current stage of development. Furthermore, the
& $ $ 7z ualfyotthm in probability mode only works for binary (presence/absence)
datasets(GORELICK et al., 2017)

In addition, to verify the correspondence of our spatial predictions to their possible
parent materials, we grouped lithologies using the soil attribute maps . Lithological data
was obtained from a legacy geological 1:1,000,00&cale map (CPRM, 2004)and used
(each geometry) for sampling the mean value from 0 to 100 cm depth interval of each
soil attribute map . Afterward, we clustered the lithologies (g eometries) into geological
domains using the averaged soil value. For each domain (cluster), we identified the main
lithotypes according to metadata (table data) of the geological map. Thus, we obtained
a new outcome containing geological domains from a pedological viewpoint.

3.RESULTS

3.1. Summary and Relationships between Soil Attributes

The soil dataset (showed in Figure 1 and summarized in Table 2), covered the main
peological classesof the study area. Overall, the mean clay content ranged from around
2719 kg at the surface to313g kgt in the 60t 100 cm depth interval. At the surface, clay
content ranged from 10to 9209 kg, while at deeper layers, the maximum values were
930and 9509 kg (Table 2). There is relatively little silt in the studi ed soils, and the mean
values does not vary much with depth. Silt content ranged from around 77 g kgt (0t 20
cm) to 67 g kg (60t 100 cm). The silt data at the three depths was positively skewed. The
average sand content ranged from 652 g kgt at the surface to 619 g kgtin the 60t 100 cm
depth. At all depth intervals, values ranged from 1to 9759 kg (Table 2).

The average OM content ranged from around 21 g kg* at the surface to 9 g kg* in
the 60t 100 cm depth. At all depth intervals, the mean values of pH H 20 were greater
than pH KCI, ranging from 5.6 (0420 cm) to 5.3 (66100 cm). The average pH KCI ranged
from 4.9 at the surface to 4.8 in the 606100 cm depth. At the surface, CEC ranged from2
to 641 mmolc kg1, while at deepest, the maximum values were between 1 and 582 mmolc
kgt (Table 2). At all depth intervals, V and m% values ranged from O to 100 %, with
averages varying inversely with depth (Table 2).

Correlation between soil attributes had similar patte rns for each depth interval
(Figure 3atc). Sand and clay presented the highest negative correlationat all depth
intervals, while for silt was slightly lower. The pH H 20, pH KCI and V% positively
correlated in the three depths, and negatively with m%. OM positively correlated with
CEC at each of the three depth intervals. Chemical attributes, weakly correlated among
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each other at topsoil, became stronger with increasing depth intervals (Figure 3d),

whereas the strongest slightly decreased at deeper depths.

Table 2. Statistical Summary of Soil Data Aggregated into Different Depth Intervals for
Spatial Modelling.

Soil attribute  Depth® n  Min. Q1 Mean Med. Q3 Max. Sd IQR Skew.
Clay 0-20 7930 10 87 271 176 450 920 221 363 0.8
(g kg?) 20-60 6908 10 100 287 176 482 930 233 382 0.8
60-100 7520 12 125 314 225 500 950 231 375 0.8
Silt 0-20 7930 1 24 77 38 94 816 89 70 23
(g kg?) 2060 6907 1 24 71 37 82 760 79 58 23
60-100 7520 1 24 67 37 80 794 75 56 26
Sand 0-20 7930 1 409 652 783 883 975 280 474 -0.8
(g kg 2060 6907 1 393 643 783 873 973 284 480 -0.8
60-100 7520 1 377 619 741 848 967 276 471 -0.7
Organic Matter 0-20 7242 0 11 21 17 28 393 14 17 4.8
(g kg?) 2060 6021 O 7 13 11 17 412 9 10 152
60-100 6808 O 4 9 8 12 98 6 7 2.3
pH H 20 0-20 6200 3.7 5.2 5.6 56 6.0 82 06 08 0.1
(log) 2060 5149 3.8 49 53 5.2 56 90 06 0.7 0.7
60-100 7511 3.8 4.9 53 5.2 56 9.1 05 0.7 0.7
pH KCI 0-20 5596 3.1 4.6 4.9 48 53 77 06 10 0.6
(log) 2060 4707 04 4.2 46 44 49 77 05 07 11
60-100 7384 35 4.3 438 45 52 75 06 09 0.9
CEC 0-20 8010 2 32 53 45 68 641 33 37 3.0
(mmolckg?) 2060 6852 2 22 36 32 45 696 23 23 5.7
60-100 7655 1 16 26 22 32 582 18 16 6.2
Base Saturation 0-20 8018 0O 24 42 42 58 100 22 34 0.2
(V%) 2060 6860 0O 12 25 21 34 100 18 23 1.2
60-100 7655 0 10 23 18 31 100 17 20 15
Aluminum 0-20 7964 0 0 16 4 24 100 23 24 1.6
Saturation 2060 6841 0 5 33 28 57 100 29 52 04
(M%) 60-100 7635 0 3 36 34 62 100 30 59 0.3

* in centimeters; n: number of soil observations; Min.: minimum value; Q1/Q3: 1 st(25%) and
39 (75%) quartiles; Max.: maximum value; Med: median; Sd: standard deviation; IQR:
interquartile range; Skew: skewness; Organic Matter
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Figure 3. Chord diagram based on Pearson correlation () among all measured
soil attributes at (a) 020 cm, ) 20t 60 cm and ) 60t 100 cm depth intervals;
and (d) overall correlation with depth intervals. Blue and red colors symbolize
positive and negative correlations, respectively. OM: organic matter; V%: base
saturation; m%: aluminum saturation.

3.2. Synthetic Soil Image (SySl) and Synthetic Vegetation Image (SyVI)

The harmonized Landsat data and the data mining algorithms implemented in
GEE enabled to obtain a SySI with 443,000 krh(52%) coverage, which was later kriged
to close the gaps. The bare soil frequency (data not presented) at each locations ranged
from 1 to 1303 pixels and average of12 pixels, between the 1982 and 2019 years. For
potential natural vegetation from 1982 to 1994, we obtained a SyVl with 814,175 km?
(95.2 %) and a SyVd with 847,426 km? (99.1 %) coverage during the wet and dry seasons,
respectively. The PNV frequency (at every locations) in the wet season ranged from 1 to
85 pixels, and mean values of 6 pixels. During the dry season, the PNV frequency had
average values of 19 pixels, ramging from 1 to 185 pixels. The kriged images had
satisfactory correlation (Pearson) with the originals, which presented average values of
0.66 (SySl), 0.78 (SyW)) and 0.81 (SyVk) for the seven spectral bands (Figure 44.c). The
full coverage SySlI, SyVl and SyVld with the NA gaps interpolated by kriging (original
+ krikeg) were displayed in Figure 4a-c.

The soil line for bare soil (Figure 4d) had an adjustment near to the 1:1 trend line,
with highly correlated values (R 2 of 0.95), while raw (unprocessed) pixels extracted from
a median composite (between 2017 and 2019) had a scatter distribution. For PNV, the
soil line had clustered values with lower reflectance intensities (Figure 4etf) compared
to the raw pixels sampled from the median composite (between 2017 and 2019) over
croplands mapped by MapBiomas (PARENTE et al., 2019) The mean NIR reflectance
was higher for SyVlw (2,471) than for SyVk (2,123), while the mean Red reflectance was
higher for SyVl4 (611) than for SyVlv (536).

The spectral signature for bare soil (Figure 4g) had a constant ascendant pattern
from Blue to SWIR1regions, while the PNV (Figure 4h -i) had an opposite overall pattern,
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ascending from Blue to NIR and then descending to SWIR.. The SySI averaged a LST of
38.7 °C (Figure 49), higher than for the SyVIlv and SyVl4, with mean values of 22.58 and

23.04 °C (Figure 4hi), respectively. Remaining soil covariates (Table 1) were placed in
the Appendix A as Figure Al.
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Figure 4. Soil covariates obtained by data mining and statistics of Landsat data.
a) SySl (RGB: Red, Green, Blue), b) SyVland c) SyVls (RGB: SWIR, NIR, Red)
subsets. Soil line charts for d) SySl vs raw pixels, e) SyVi vs wet season crops
obtained from raw pixels and f) SyVI « vs dry season crops obtained from raw
pixels. Minimum, average and maximum spectra collected from g) SySl, h)
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SyVIw and i) SyVl4. The visualization of the images was adjusted by stretching
the range of pixel values between 2% and 98%. Optical bands are positioned in
the mean spectral range from 485 to 2215 nm, and the thermal band at 11,450
nm. i[ average of Pearson's correlation from the seven spectral bands,
performed by sampling 1 value km -2 on overlapped areas between the synthetic
image (original) and kriged (non -merged to synthetic image).

3.3. Model Assessments

Table 3 shows the performance of optimized RF regression models on calibration
(ca) and validation (o) Sets. Predicted vs observe scatterplots from 10-fold cross-
validation derived from the models of sand, silt and clay were placed in the Appendix
A as Figure A2, while the remaining soil attributes are displayed in Figure A3.

We obtained decreasing RMSE and increasing RPIQ with inaeasing depth interval,
both in calibration and validation data. The relatively low values of RMSE 10cv SUggested
that the soil variables were slightly overestimated for all the models. On average,
RPIQ:ocvand R2ocvincreased slightly from 0420 to 6G 100cm depth, while decreased for
UPOUWEOGEW" $" G w2EOCEWEOEWEOEaAwxUI Ul OUI EwUT 1 wET U
highest RP1Quocv (from 3.8 to 4.3), followed by m% > pH KCI > OM > V% > pH H20 > CEC
> silt, ranging from 1.2 to 3.0 (Table 3).

Overall, the amount of variation explained by the spatial prediction models in
validation were reasonable at all depths, with higher values for sand and clay (R 2ovfrom
0.81 to 0.85) followed by silt (Reoev from 0.64 to 0.66). Chemical attributes were best
explained for pH KCI (R 20cv from 0.19 to 0.64), m% (Ruwoev from 0.26 to 0.56), OM (Ruocv
from 0.30 to 0.53) and CEC (R from 0.40 to 0.48). The poorest performances were for
V% (R210cvfrom 0.18 to 0.36) and pH Hz0 (RZocvfrom 0.21 to 0.35) (Table 3). We observed
that R%oev and RPIQuocv had a positive relationship in most models (Figure 5), where
higher values indicate greater robustness in predictive capability. Models with poor
performance exhibited a scatterplot (predi cted vs. observed) with higher dispersion and
weaker trend, while good models showed more distributed values following a stronger
linear trend (Figures A2 and A3).
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> < . .
8 - Soil attribute
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Figure 5. Performance indicators of optimized models used in the soil
predictions by dept h interval.
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Table 3. Hyperparameters and Performance of the Optimized Models used for Spatial
Predictions of Continuous Soil Attributes at Distinct Depth Intervals.

Soil Depth . ) )

attribute (Cm) mTry minNS RMSE-:a RP'QcaI R2ca RMSE0cv RP'QlOcv R210cv
Clay 0-20 24 5 39 9.4 0.97 96 3.8 0.81
(g kg 2060 24 5 38 10.0 0.97 96 4.0 0.83

60-100 24 5 38 9.9 0.97 95 4.0 0.83
Silt 0-20 24 5 21 3.3 0.94 53 1.3 0.64
(g kg 2060 33 5 18 3.2 0.95 46 1.3 0.66

60-100 24 5 18 3.1 0.94 45 1.3 0.64
Sand 0-20 33 5 47 10.1 0.97 118 4.0 0.82
(g kg) 2060 24 5 45 10.7 0.98 111 4.3 0.85

60-100 24 5 44 10.6 0.97 110 4.3 0.84
Organic 020 33 5 4 4.1 0.91 10 1.7 0.49
Matter 2060 33 5 3 3.4 0.90 8 1.3 0.30
(g kg) 60-100 24 5 2 4.3 0.92 4 1.8 0.53
pH H 20 020 33 5 0.21 3.7 0.88 0.54 1.5 0.21
(log) 2060 33 5 0.19 3.9 0.89 0.47 1.6 0.32

60-100 33 5 0.18 3.9 0.90 0.44 1.6 0.35
pH KCl 020 33 5 0.23 4.2 0.87 0.57 1.7 0.19
(log) 2060 33 5 0.16 4.3 0.91 0.40 1.8 0.44

60-100 24 5 0.15 5.9 0.94 0.38 2.4 0.64
CEC 0-20 33 5 10 3.7 0.91 23 1.6 0.48
(mmolckg- 2060 24 5 8 3.0 0.89 18 1.3 0.40
1) 60-100 24 5 6 2.7 0.89 14 1.2 0.40
Base 0-20 33 5 8 4.4 0.87 20 1.7 0.18
Saturation 2060 33 5 6 3.7 0.89 15 1.5 0.30
(V%) 60-100 33 5 6 3.6 0.89 14 1.5 0.36
Aluminum 020 33 5 8 2.9 0.88 20 1.2 0.26
Saturation 20-60 33 5 9 6.1 0.91 21 2.4 0.45
(M%) 60-100 24 5 8 7.4 0.93 20 3.0 0.56

CEC: Cation exchange capacity; mTry: hyperparameter that regulates the number of variables
that can be randomly sampled in each split of the trees; minNS: minimum node size, a
hyperparameter that controls the tree depth by setting the minimal number of samples for the
terminal nodes. RMSEca: Root Mean Square Error of calibration; RMSEoc:. Root Mean Square
Error of 10-fold cross-validation; RPIQ cat Ratio of the Performance to Inter-Quartile distance
of calibration; RPIQ10cv Ratio of the Performance to Inter-Quartile distance of 10-fold cross-
validation; R %a: Coefficient of determination of calibr ation; R%woc: Coefficient of determination
of 10-fold cross-validation.
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3.4. Best Predictors

Figure 6 shows the permutation importance (%) of all the 33 covariates in RF
models for the spatial prediction of 9 soil attributes at three depth intervals. F rom a
general view (global values, Figure 6), the results indicated that the most important
covariates were elevation, the five climate layers, SWIRt NIR 1 Blue reflectance bands
derived from SySl, ranging their estimates from 22% to 42%. The importance values did
not vary much with depth, except for OM and CEC, which had slight differences. That
is because the regional patterns from the coarser covariates could help the RF models in
stratifying the region at the coarser level, while the more detailed informa tion from the
finer resolution covariates can represent the variability within the regional patterns.
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Figure 6. Permutation importance (%) of covariates for prediction soil attributes

at 0t20 cm @A), 20060 cm B) and 60t 100 cm C) depth intervals. The mean
values were calculated from the importance obtained by the 10-fold used in
crossvalidation. CEC: cation exchange capacity; m%: Aluminum saturation;
V%: Base saturation. Global represents averaged importance values for all soil
attributes.
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Elevation, climate and soil reflectance derived from SYSI (NIR, SWIR: and LST)
were the most important covariates in predicting sand, clay and silt (Figure 6). In
general, for predicting soil chemical attributes, climatic variables, elevation a nd SYSI
(NIR and SWIR:2 bands) seemed to be the most important, while for OM it was a
combination of climatic dynamics and reflectance bands derived from SYSI, i.e. SWIR,,
Blue and SWIR.

Furthermore, the results indicated that PNV reflectance and temperatu re derived
from SyVIw and SyVl4, geological lineaments density, topographic position index and
slope were mid important (from 12% to 21%) for whole soil attributes at all depths, with
slightly higher values for the chemicals such as OM, pH, CEC and V% (Figure 6). In all
cases, the least important were aspect, horizontal and vertical curvatures, which had an
average importance of less than 10%.

3.5. Soil Maps at Multiple Depths

Figure 7at c shows the maps of sand, silt and clay contents (g kgt) in each of the
three depth intervals. These maps were made publicly available for download as integer
GeoTIFF format at 250 mresolution (POPPIEL et al., 2018). The soils of the study region
were dominated by high to moderate amounts of sand, moderate clay and little silt. Sand
and clay maps were inversely distributed in the region (Figure 7a, c), due to their
negative correlation (Figure 3). The largest sand contents were located soutlwest of the
study area, decreasing gradually to the north and severely to the east. The silt and clay
maps followed a very similar spatial distributio n between them (Figure 7b, c), due to
their positive correlation (Figure 3). There was more clay and silt in the east highlands
of the study area, while a decreasing value was observed on the west lowlands.

In general, mean sand content decreased with dept from around 522 g kgt in the
surface to 467 g kgt in the deepest layer, while at the same depths, mean clay content
increased from 336 to 400 g kg Average silt content remained relatively uniform with
increasing depth (Figure 7).

For each depth, a map representing the sum of the sand, silt and clay contents
(Figure 7d) were used to show where the estimates of soil texture diverged from 1000 g
kg. On average, 87% of the predicted summed for the three depths ranged from 800 to
1200 g kg'. Under and overestimates in soil texture were visually more related to the
spatial patterns of the silt map (Figure 7b). Maps of the soil chemical attributes (Table 2)
for all depths were placed in the Appendix A, as Figure A4.

43



ugaw 1I>1 N3 ‘d! nm e
Sand

4

[
S.,
]

- uvi
763 B3 1019 1154 120

[Sand+S|It+CIay]

2 et
ueaw m 73 X% 4%
Silt
20-60 cm S
=+ v
= -
"‘. £ %
b ;‘ § r
s e 5 NG “‘;:
. \g- i )
1
.
A 12]
o F ¥
54 2 0 90 o 3
788 B3 019 1184 wiu‘“

[Sand+Silt+Clay]

a2 0
¥ R e N
ugapy 1 719 wB 5% el

Clay
60-100 cm e
". 2 "
&
a8
2 20
54 2 0 o &
e Rt Y
[Sand+Silt+Clay]

Figure 7. Maps and mean lat/long distribution chart of ( @) sand, (b) silt and (c)
clay content (g kg?) for different depth intervals (0O $20 cm, 2@ 60 cm and 6@ 100
cm). The sum of the sand, silt and clay contents [Sand+Silt+Clay] for each depth
interval appears in (d). The visualization of the images was adjusted by

stretching the range of pixel values between 2% and 98%.

44



4.DISCUSSION

4.1. Soil Data

The soil data (BESB and FEBR) aggregated into depth intervals yielded consistent
information for mapping selected ke y soil attributes (Table 2). Data showed that the
amount of soil attributes and the intensity of their relationships were soil depth-
dependent. The influence of soil forming factor (MCBRATNEY et al., 2003) causes
pedogenic processeswith different intensities across space and soil profile, resulting in
gradients of soil attributes with different correlations among them and between different
depth intervals (MA et al., 2019). These gradients can provide differences in nutrient
releaseto soil solution for vegetation, to which they may reply back with different root
systems. Similar patterns were described by Goebes et al.(2019) who distinguished
between stable (e.g. sand, silt and clay) and dynamic (e.g. soil pH, nutrient contents, base
saturation) soil attributes throughout the w hole soil profile.

Despite soil observations were spatially dense and accounted for the main soil
classes thatdeveloped in the region (Figure 1), there are still some gaps in terms of spatial
coverage. Natural vegetation and pasturelands remained under-represented. This is
becausemany soil observations, from different studies and existing repositories for the
study area, are still publicly unavailable for users, which could become open accesdo
increase spatial coverage and improve predictions (SAMUEL-ROSA et al., 2020)
Considering the large extent of our study area, we performed relatively low -cost
mapping by using legacy soil observations and comparatively fewer new soil
observations, coupled with free RS-based covariates and open-source algorithms for
data processing and visualization, available within R software and Google Eath Engine
cloud-based platform.

4.2. Machine Learning

RF was satisfactory for DSM even with soil observations that partially covered the
large extent of the study area (~851,000 kr®), where relationship between soil attributes
and covariates is usually complex and non-linear (BREIMAN, 2001; HENGL et al., 2017)
Therefore, the regression models used covariates that captured spatial patterns from
broader to more local levels across different landscapes (HENGL et al., 2018) Our
validation results were similar or even higher to those obtained in other DSMs using
machine learning and cross-validation (GOMES et al.,, 2019; HENGL et al., 2015;
LOISEAU et al., 2019; MA et al., 2017; NUSSBAUM et al., 2018; VAUDOUR et al., 2019;
VISCARRA ROSSEL et al., 2015)Most of recently DSM studies also found tree-based
models as the best option for soil spatial predictions (HENGL et al., 2015; LOISEAU et
al., 2019; NUSSBAUM et al., 2018) Performance in these cases usually vary between 0.3
to 0.5 (), with clay content being the best predicted attribute. Variable importance
indicated satellite images (BUI et al., 2006; LOISEAU et al., 2019)elevation and climate
data (BUI et al., 2009; GOMES et al., 2019; LOISEAU et al., 20183 relevant covariates.
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The good performance of the models showed that RF optimization was able to
generate robust and accurate spatial predictions. This approach agreed with Probst et al.
(PROBST etal., 2019) who provided different optimization strategies and reported that
tuning the RF hyperparameters improved the performance of regression models. Sand,
silt and clay had the best performances because they are stable soil attributes, and the
chemicals are dynamic along the soil profile (HENGL et al., 2017) The pH and nutrient
contents may change relatively quickly (within years) related to biological processes,
vegetation cover and management practices (GOEBES et al., 2019)Gomes et al.(2019)
mapped soil organic carbon at five standard depths (from 0 to 100 cm) for Brazilian
territory, where RF showed the best performance for all depths, with the highest
performance at 30t60cm for validation (R 2=0.33). Bui et al. (2009) reported similar
performances for topsoil (R2=0.49) and subsoil (R = 0.36) when used analogous
covariates and data mining for mapping soil organic carbon in Australia.

The better model performance in lower layers are related to soil conditions at such
depths. A possible factor impacting surface-subsurface predictions are the agricultural
practices, where soil manag Ol OUw EOUOEw ETl w POEUI EUDPOT w UT T w U
(MENDES et al., 2019) While the chemical and physical weathering are more intense
and active in surface, alterations in depth tend to be less intense(BUI et al., 2006) This
suggests that the models for topsoil were more influenced by climatic variables, i.e.
precipitation and temperature, which lowered the performances. Therefore, subsurface
soils usually have conditions closer to the ones obseved in pristine areas, and could
have a better relationship with soil forming factors and covariates considered in our study.

4.3. Interpretation of Covariate Layers

We did not perform covariates selection (elimination) because this approach could
generated additional load of interpretation to the project, and because RF can be used to
fit models with large number of covariates (HENGL et al., 2018) For instance, Nussbaum
et al. (2018) evaluated six approaches for DSM of several soil variables (totaling 48
responses) using from 300 to500 environmental covariates, where RF models had the
highest overall performances. Miller et al. (2015)demonstrated that the best performing
model was produced when using multi -resolution covariates, compared to a single
resolution, for modeling the distribution of soil attributes at surface and subsurface.
Relevant covariates for soil prediction had large importance values, whereas covariates
not associated with the soil attributes showed values close to zero (Figure 6).

Our results showed that direct measurement (where soil areas were exposed) of
topsoil reflectance patterns by RS was a strong contributor to soil mapping. The topsoil
reflectance from SySlI (Figure 4a) was important for the spatial prediction of soil
attributes at the rooting depth of crops (CANADELL et al., 1996) in Midwest Brazil
(Figure 6). That was possible because the spectral patterns of SySl can provide valuable
information on pedogenic processes, which are useful for understanding and predicting
soil variation (MA et al., 2019). The SySI also can indicate the soil weathering products,
which cause spatial variations in the soil color and tempora lly stable soil attributes, such
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as mineralogy and texture (DEMATTE et al.,, 2018; POPPIEL et al., 2018). Thus,
complementary RS data can improve prediction models, as reported by Loiseau et al.
(2019)where adding RS covariates increased the R2 and decreased the bias of the clay
content estimation on bare topsoil layers (e.g., @ 30 cm).

It is recognized within the soil science community that vegetation plays significant
roles on soil formation (MCBRATNEY et al., 2003) However, Savin et al. (2019) stated
that the use of vegetation patterns from RS for soil interpretation is insufficiently studied.
Some previous works found that the spectral response of vegetation in natural
conditions can be confidently used as an indirect indicator of soil attributes (HENGL,
WALSH, etal., 2018; MAYNARD et al., 2017; SERTESE et al., 2008) Our results pointed
out that PNV (from SyVI w and SyVld) was influential for modelling soil attributes at all
depths, especially for chemical variables (Figure 6). The soit vegetation connection can
be due to the spatial and seasonal diferences in reflectance intensities between wet and
dry conditions (Figure 4btc), that showed relations between the spectral patterns of
natural vegetation and soil attributes from 0 to 100 cm (rooting) depth (Figure 6). Since
vegetation is temporally dyna mic, the relationships are largely controlled by available
soil moisture and, to a lesser extent, chemical soil properties such as pH and fertility
(MAYNARD et al., 2017). Thus, average seasonal spectral patterns of vegetation provide
a better indication of soil variables than only a single snapshot of surface reflectance, and
it is probably the best way to effectively represent the cumulative influence of living
organisms on soil formation (HENGL et al., 2017).

Climate, relief and geology played significant roles in model prediction (Figure 6)
because they can significantly influence the soil-vegetation feedback, as described by
McBratney et al. (2003) The climate and geologic heterogeneity of the study region
affected soil patterns at the macroscale (regional), followed by relief (especially
elevation), which moderates many of the macroclimatic regimes, and landforms, at the
meso and microscales (BAILEY, 1987; FLORINSKY, 2016) Das Sumit (2019)
demonstrated that geological lineaments density was strongly related to drainage
density, soil texture and soil depth, controlling the movement of groundwater through
soil.

Landforms affect surface water dynamic and exposure to radiant solar energy,
which directly influence soil -forming processes (FLORINSKY, 2016) Within a landform,
there exists slight differences in local edaphic conditions, such as soil texture and
mineralogy, and soil moisture and temperature regimes (BAILEY, 1987) These local
conditions provides the most significant alterations of the soil reflec tance patterns
(DEMATTE et al., 2018; POPPIEL et al., 2018 and segregation of the plant communities
(BAILEY, 1987), which could be captured and measured by the SySI, SyVl and SyVl4 at
the finest (local) resolution. Generally, the Keys to Soil Taxonomy (SOIL SURVEY
STAFF, 2014uses the same differing criteria to define families of soils.

Individual relationships between soil variables and environmental covariates can
also be interpreted and understood in terms of pedological knowledge. For instance,
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higher SWIR reflectance may be associated with highamounts of sand in soil and hence
lower CEC; higher precipitation and cooler temperatures frequently increase the OM
content, due to the speed of accumulation is higher than the speed of decomposition. For
a large number of soil attributes, however, relati onships are not clearly linear and often
many soil covariates are equally important (HENGL et al., 2017).

4.4, Reliability and Interpretation of Soil Maps

The spatial patterns of soil on our predicted maps were consistent with pedological
expert knowledge of the region and with their parent materials (Figure 8). Soil attributes
largely varied across the area (Figure 7 and A4). This can be due to the tropical climate
that exposed the parent materials of the studied soils (with different resistances) to
intense weathering (VIEIRA et al., 2015)

We identified clayey and nutrient -poor soils throughout the southeast, covering
13% of the studied area (Figure 8). The region developed upon metasedimentary rocks
(mostly argillite, siltite, arenite) which formed smooth hills, and over ferruginous laterite
crusts supporting residual lowered plateaus in continuous dissection process(MORAES,
2014) The soils from these rocks (geological domain 1) had the highest clay contents
with lowest chemical fertility and, in some cases, can be very acidic and contain
ferruginous concretions (typically reddish color) that hinder the farming. Nevertheless,
it is possible to observe several cropland areas distributed on soils of this domain
(PARENTE et al., 2019) probably after under going soil chemical correction.

Clayey and medium textured soils with the bes t chemical conditions covered 38%
of the area, widely distributed along the central portion over domains 2 to 5 (Figure 8).
These domains were represented by basicultrabasic volcanic rocks such as basalt,
diabase and gabbro, and sedimentary rocks such as argillite, siltite and calcarenite
(CPRM, 2004) According to the geodiversity of the region (MORAES, 2014) the areas
also were constituted by an association of metamorphosed volcanic and sedimentary
(metavolcanosedimentary) rocks frequently containing amphibolite, serpentine, dunites
and peridotites, metacarbonates, phyllite and paragneiss. All these lithologies reworked
nutrient -richer surface materials, which released nutrients into the soil and provided
better fertility conditions (see domains 2 and 3 in Figure 8). Furthermore, granitoids
occurred sparsely mixed with calcareous and schist (see domain 4 in Figure 8), providing
more dissected relief than the neighboring lands, such as hills and low mountains that
hinder the agricultural mechanization (CPRM, 2004) In those areas, higher elevations
with denser vegetation had | arger soil OM contents (Figures A1 and A4), mainly due to
cooler and wetter climate regimes and lesser human disturbance, which promoted
accumulation processes (VIEIRA et al., 2015) In the floodplain areas over domain 5
(Figure 8), fertility conditions may be linked to the good fertility of the areas that
surround it, from where it receives a high volume of water, sediments and wastes
(MORAES, 2014)
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Figure 8. Geological domains and summary values of soil attributes averaged
from the three depth intervals. The geological domains were obtained by
clustering lithologies using the averaged soil data. The main lithotypes were
identified within each domain according the geological map (CPRM, 2004)

Sandy soils were expressive in the region, comprising 32% of the studied area
(Figure 8). The lowest occurrence was in the northeast with 13% of sandy soils developed
from sedimentary rocks (domain 6). They widely occurred in the southwest and
midwest, dev eloped over metavolcanosedimentary rocks (23%) and sedimentary and
acid-subacid volcanic rocks (14%), domains 7 and 8 respectively. Such geological
domains were mainly formed by arenite, conglomerate, siltite, calcareous,
metaconglomerate, quartzite, phyllite, orthogneiss, andesite and rhyolite, which
naturally tend to generate flattened reliefs such as smooth hills and plateaus (MORAES,
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2014) These lithologies generally develop sandy soils with low chemical fertility (Figure
8). However, its high permeability and smooth reliefs facilitate agricultural
mechanization after soil acidity correction and fertilization.

4.5. Possible Applications of the Maps

It is important to no te that there are currently no detailed soil attribute maps with
complete coverage over Midwest Brazil and that their production costs money. Our soil
attribute maps can be used for different purposes, at different spatial scales from farm,
local to regional. They provide a first complete assessment of key soil attributes across
the Midwest region, and can be used to, for example, as input data in biological-
chemical-physical modelling and in assessments of dynamic environmental processes.
Together with oth er information, the maps can be used to obtain basic information for
the implementation of colonization projects, rural subdivisions, integrated studies of
micro-basins, local planning for the use and conservation of soils in areas projected for
the development of agricultural, livestock and forestry projects, as well as civil
engineering. The maps can also guide future soil sampling for inventory at different
scales.

5. CONCLUSIONS AND FINAL CONSIDERATIONS

We have demonstrated that key soil attributes from multiple depth increments can
be mapped using Earth observation data and machine learning with good performances.
These maps had a satisfactory performance for physical (0.64 > Rocv> 0.85) and chemical
(0.18 > Ruoev > 0.64) attributes at all depth intervals (0t 20, 23 60 and 6@ 100 cm), being
spatially consistent with the main lithologies from which they originated.

The methodological approach was able to capture the spatial distribution of nine
soil variables. The predicted soil maps suggest that lessthan 38% of the studied soils had
good natural fertility. Nevertheless, the dominant smooth reliefs of the region facilitate
agricultural mechanization, which allow the soil pH correction and fertilization.

Although we had representative soil observations, chemical attributes were
particularly more challenging to map because to their high dynamic, with their
concentration changing in a short space of time due to many natural and human-induced
factors.

Our results support the use of multi -resolution covariates for DSM, where topsoil
and natural vegetation reflectance are important predictors of soil variability together
with relief and climate data.

Since covariates widely used in digital soil mapping are globally available, such as
elevation and climate data, this approach may be useful for other initiatives where
obtaining the soil (SySl) and vegetation (SyVI) covariates is feasible, that is, locations
around the world with bare soil and natural vegetation occurring with enough coverage
within the considere d satellite time series.
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6.LIST OF ABBREVIATIONS

ALOS Advanced Land Observing Satellite
DSM Digital Soil Mapping
GEE Google Earth Engine
OM Organic Matter
CEC Cation Exchange Capacity
V% Base Saturation
m% Aluminum Saturation
SySl Synthetic Soil Image
SyVlw Synthetic Vegetation Image of wet season
SyVld Synthetic Vegetation Image of dry season
PNV Potential Natural Vegetation
IDW Inverse Distance Weighted
DEM Digital Elevation Model
NIR Near infrared spectral band
SWIR. First shortwave infrared spectral band
SWIR: Second shortwave infrared spectral band
LST Land surface temperature
RMSE Root Mean Square Error

RPIQ Ratio of the Performance to Inter-Quartile distance

7.APPENDIX A

Table Al shows the specific band number of each Landsat sensor, positioned in
equivalent spectral regions, which were matched into a common name (e.g. Blue, Green,
Red, NIR, SWIR,, SWIR: and LST) for an inter-sensor harmonization.

Figure Al displays 12 of the 33 covariates used b support the spatial predictions
of soil variables. Thesecovariates were obtained using the Google Earth Engine (GEE)
cloud-based platform (GORELICK et al., 2017) according to their possible
representativeness of the soil forming factors (MCBRATNEY et al., 2003) The density of
geological lineaments was obtained by counting the meters of structural lines obtained
from a 1:1,000,006scale map(CPRM, 2004)per 1 kmz2.

Figures A2 and A3 exhibits the predicted vs observed scatterplots of 10-fold cross-
validation derived from optimized models for sand, silt and clay and the chemical
attri butes. The 30 m resolution maps of predicted soil chemical attributes at three distinct
depth intervals are shown in the Figure A4.
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Table Al. Harmonized Landsat Surface ReflectanceData Set.

Band L4 TM L5 T™ L7 ETM+ L8 OLI/TIRS

Blue 1 (453 520 nm) 1 (450520 nm) 1 (453520 nm) 2 (452512 nm)

Green 2 (523 600 nm) 2 (523 600 nm) 2 (523 600 nm) 3 (533590 nm)

Red 3 (63@ 690 nm) 3 (63@ 690 nm) 3 (633690 nm) 4 (636673 nm)

NIR 4 (773900 nm) 4 (77G 900 nm) 4 (773900 nm) 5 (854879 nm)

SWIRt  5(155@ 1750 nm) 5 (15501750 nm) 5 (15501750 nm) 6 (1568 1651 nm)

SWIR: 7 (20802350 nm) 7 (20802350 nm) 7 (20832350 nm) 7 (210%2294 nm)

LST 6 (10,408612,500 6 (10,406 12,500 6 (10,40612,500 10 (10,60611,190 nm)
nm) nm) nm)

Period 1982 1993 1984 2012 1999 present 2013 present

L4 TM: Landsat 4 Thematic Mapper; L5 TM: Landsat 5 Thematic Mapper; L7 ETM+: Landsat 7
Enhanced Thematic Mapper Plus; L8 OLI/TIRS: Landsat 8 Operational Land Imager/ Thermal
Infrared Sensor; NIR: Near infrared band; SWIR:: First shortwave infrared band; SWIR:z:
Second shortwave infrared band; LST: Land surface temperature; Native spectral ranges are ir

parenthesis.
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Figure Al. Environmental covariates used in the Random Forest modelling of
soil attributes data. Terrain features derived from ALOS digital elevation
model: (a) Elevation in meters, (b) Slope in degrees, €) Aspect in degree, (d)
Topographic Position Index, (e) Horizontal Curvature and (f) Vertical
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CHAPTER 2¢ {SOIL COLOR AND MINERALOGY MAPPING USING PROXIMAL
AND REMOTE SENSING IN MIDWEST BRAZIL 2

ABSTRACT

Soil color and mineralogy are used as diagnostic criteria to distinguish different soil
types. In the literature, spectra (35@ 2500 nm) was successfully used to predict soil color
and mineralogy, but these attributes currently were not mapped for most Braz ilian soils.
In this paper, we provided the first large -extent maps with 30 m resolution of soil color
and mineralogy at three depth intervals for 85 1,000 kn¥ of Midwest Brazil. We obtained
soil spectra (35@ 2500 nm) from 1397 sites of the Brazilian Soil $ectral Library at 0420
cm, 2060 and 6@ 100 cm depths. Spectrawas used to derive Munsell hue, value and
chroma, and also second derivative spectra of the Kubelkat Mu nk function, where key
spectral bands were identified and their amplitude measured for min eral quantification.
Landsat composites of topsoil and vegetation reflectance, together with relief and
climate data, were used as covariates to predict Munsell color and Fd Al oxides, 1:1 and
2:1 clay minerals of topsoil and subsoil. We used Random Forestfor soil modeling and
10-fold cross-validation. Soil spectra and remote sensing data accurately mapped color
and mineralogy at topsoil and subsoil in Midwest Brazil. Hematite showed high
prediction accuracy (Rz>0.71), followed by Munsell value and hue. Satellite topsoil
reflectance at blue spectral region was the most relevant predictor (25% global
importance) for soil color and mineralogy . Our maps were consistent with pedological
expert knowledge, legacy soil observations and legacy soil class map of he study region.

Keywords: Reflectance spectroscopy; Munsell color system; derivative spectra; remote
sensing; Google Earth Engine; data mining; Random Forest; digital soil mapping; soil
attributes.

2 Article submitted to Remote Sensing, in the Special Issue Bridging the Proximal and Remote
Sensing Spectroscopy for Soil Properties Estimation and Monitoring
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Remote Sensing Maps of soil
based covariates color and mineralogy
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GRAPHICAL ABSTRACT

1.INTRODUCTION

The oolor is the most noticeable feature of soilthat can beeasily determined in field
or laboratory (SCHWERTMANN et al., 1989). The main factors that influence soil color
are the organic matter (AITKENHEAD et al.,, 2013) and mineralogy, especially iron
oxides (SCHWERTMANN, 1993). Soil organic matter causes the darkness of soil by
decreasing the Munsell value and chroma (SCHULZE et al., 1993) The most frequent
pedogenic oxides in soil are hematite (usually associated to goethite) with hues between
10R and 5YR, and goethite (without hematite), that have hues between 7.5YR and 2.5Y
(SCHWERTMANN, 1993). Goethite is common in diverse climates and parent materials,
while h ematite is abundant in well -drained tropical soils with strong pigmenting effect,
and is absent in young soils from temperate humid climates (CURI et al., 1984,
SCHWERTMANN et al., 1989).

In tropical Midwest Brazil , the surface materials are rich in Al, Si, and Fe-bearing
minerals, where most of the soils developed from these rocks tend to be low in
exchangeable basesand highly weathered (MORAES, 2014) The secondary minerals of
these sols are frequently dominated by iron oxides, kaolinite and gibbsite, and 2:1clay
minerals that may resist in the silt and sand fractions (SCHAEFER et al., 2008)When
iron oxides are completely removed (after redu ction processe$ from soil particles under
anaerobic conditions, and if organic matter is negligible, the soil matrix achieves the
background color of the minerals resulting in shades of gray (SCHWERTMANN, 1993).
Consequently, color can be used to indicate the presence of minerals and the
redoximorphic conditions of the soil (TORRENT et al., 1993) However, in tropical soils,
mineralogy cannot be inferred from color alone because hematite has stronger
pigmenting effect than the other soil minerals, including goethi te (BARRON et al., 1986)

The iron oxides and soil color are effective pedoenvironmental indicators
(SCHWERTMANN, 1993; SILVA et al., 2020) Various soil classification criteria used by
non-scientists, like ethnic groups and farmers acrossthe world, frequently are based on
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color (BARRERA-BASSOLS et al.,, 2006) Soil management zones, with different

productivity potential, can be successfully delineated using bare soil color and

topography (NAWAR et al., 2017). Some national (Embrapa, 2018)and international

(IUSS WORKING GROUP WRB, 2015Xxo0il classification systems used the color patterns
and mineral contents of soil as diagnostic criteria. Patterns of color were also used to
characterize soil parent materials (HURST, 1977) The standard method to describe color
in soil science is the Munsell system (MUNSELL, 1907), which allows for direct

comparison of soils worldwide based on three measurablecomponents: hue, value, and
chroma. Soil color and mineralogy play an important role in soil cartography, since they
carry important information for pedological classification or soil attributes prediction

(ZHANG et al., 2019).

Reflectance pectroscopy data (350t 2500 nm)was successfully used in pedometry
as predictor of the soil color and mineralogy (ESCADAFAL et al., 1988; FERNANDEZ et
al., 1987; MARQUES et al., 2019; MATTIKALLI, 1997; RIZZO et al., 2016; SCHEINOST
etal., 1998; SIMON et al., 2019nevertheless,only a small setof researchesmapped their
spatial patterns. At the moment of this work , Viscarra Rossel et at(2010)performed one
of the few studies on soil color mapping, where the authors also mapped iron oxides of
Australian soil using reflectance spectra (350t 2500 nm) and geostaistics.

Studies on soil mineralogy mapping, such as Viscarra Rossel and Chen(2011)
summarized the information content of spectra (3504 2500 nm) by principal components
to construct linear models using 31 predictors, and map the mineral of Australian
topsoils robustly (0.69 <R2< 0.85) Likewise, Viscarra Rossel(2011)measured the relative
abundances of kaolinite, illite and smectite at 0t20 and 63 80 cm soil depths, using
continuum -removed reflectance (35@ 2500 nm) to derive statistical models and map the
minerals with good cross-validatio n (0.40 <R2< 0.61) Malone et al. (2014) also used
continuum -removed spectra (35@ 2500 nm) for the detection of iron oxides, kaolinite and
smectite prior to mapping their spatial distribution ( as class orcategorical) in Australia ,
with overall accuracy ranging from 44 to 80%. Mulder et al. (2013) used reflectance
spectroscopy (35@ 2500 nm) to derive soil minerals, and multinomial logistic regression,
i OUWOExxDOT wUTl EROPOEDDPWOOE@ODWAIT OET 2 wOl WOEOODPO
with high overall accuracy (>0.74). Other studies (DUCART et al., 2016; MADEIRA
NETTO et al., 1997; ROBERTS et al., 20195sed enhanced mineral mapping techniques
to produce a thematic mineral map of soil using the spectral response of Landsat
imagery.

Nevertheless, the spatial patterns of soil color and mineralogy under current
conditions remains not mapped for most Brazilian soils, both qualitatively and
guantitatively. The main reason for that might be that in Brazilian repositories
(SAMUEL-ROSA et al.,, 2020)there is a lack of mineralogical data, possible due to
traditional methods, UUET wE U wR 1 U EK&D) Brdtime tbEsEMIAY @G uesource
intensive (MULDER et al., 2013) Besides that, XRD measurements are qualitative and
not conducive to numerical analyses (VISCARRA ROSSEL et al., 2009)Soil color in
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national datasets (SAMUEL-ROSA et al., 2020)also lacks or do not contain spatial
referencing or was visually approximated, that has been proved to be less consistent
than modern colorimeter measurements (MARQUES et al., 2019)

Soils of tropical Midwest Brazil usually present high weathering degree and tend
to have relatively homogenous profiles (CURI et al., 1984; SCHAEFER et al., 200850me
studies has been shown that bpsoil spectral patterns are related to the subsoil pattern
variations and dynamic processes which occurs within the soil profile (MENDES et al.,
2019; POPPIEL et al., 2018; POPPIEL et al., 2019&) addition, bare topsoil reflectance
composites produced from Landsat time series (DEMATTE et al., 2018; POPPIEL et al.,
201%; ROGGE et al., 2018)vere considered as reliable proxies of topsoil spatial patterns,
that can be integrated with other datasets by machine learning to better capture
information from deeper layer of the Earth (ROBERTS et al., 2019)

Machine learning emerged in the 1990 as a tool for digital soil mapping

(LAGACHERIE, 2008). Between the algorithms, Breiman (2001) x UOx OUT Ew? UEOE OO\
i OUIT UU thatus qurretly the most popular for regression. RF combines several

randomized decision trees and aggregates their predictions by their average. RF is often

used by researchers for regressng the response Y to covariates X. Scornet et al(2015)

remarked that RF’s tree aggregation modelsare able to estimate linear and non-linear

patterns and seeks tominimiz e the chance of overfitting during the splitting of trees, by

selecting a reduced subset of covariates at each split.

Revealing the spatial patterns of the color and mineralogy in soils of Midwest Brazil
may support our understanding of soil function to improve land use and management,
as well as to operate as predictor forgeological mapping, mineral exploration and digital
soil mapping .

We expect that proximal soil sensing data have potential to provide accurate
information on soil color and mineralogy, and that the use of predictors based on remote
sensing data can provide accurate representations of the topsoil and subsoil spatial
patterns over a large geographical extent. Then, proximal and remote sensing data can
be coupled to accurately produce digital soil maps.

In this paper, we assessed the efficiency of proximal and remote sensing for
mapping the soil color and mineralogy with 30 m resolution at three fixed depth
intervals over 851,000 kn? of Midwest Brazil. For that, we aimed: 1) to predict the soil
color in Munsell notation from laboratorial Ux1 EUUEwmt K YNI KYYWOOAOQw! Aw
report the relative abundance of minerals in soil (hematite, goethite, kaolinite, gibbsite
and 2:1 day minerals) | UOOw UT 1 PUw Ux1 E U8) Bountpp tafri\spakiayf Y w OO KA Ow
distribution at 30 m resolution forthe Y NI Y Owl Y Nt Y wE O E and yeNfjulyeY wE OwE | x
spatial patterns of the predicted maps with legacy soil information .
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2.M ATERIALS AND M ETHODS

2.1. Study Area and Soil Data

The study area is located in the Midwest of Brazil (Figure 1) comprising near
851,000 knt. The landscape consists of extensive plateaus covered by Cerrado vegetation
and gallery forest, within Cerrado biome (savanna). The humid tropical climate of the
region exposed the highly diversified lithologies to intense weathering (VIEIRA et al.,
2015) who reworked surface materials (Figure 1), and resulting in soils with attributes
largely varying across the area (POPPIEL et al., 201%). Thus, rocks from domains 1
(metasedimentary) and 2 (volcanic) developed clayey soils, typically redder than
domains 7 and 8, which generated sandier soils with higher hue values. Such conditions
allowed the genesis of Ferralsols, Lixisols, Plinthosols, Arenosols and Regosols across
the region (IBGE, 2017)

Figure 1.2 OPOWOEUI UYEUDPOOUWEDBEwWODPOPUUWOI w! UEADPOZ U
domains of the study area (POPPIEL et al., 201®). * Soil attributes averaged

from 0 to 100 cm depths, where red represent clayey soils and yellow indicate

sandy soils.

We obtained soil data from 1397 sites (Figure 1) of the Brazilian Soil Spectral
Library (BSSL) (DEMATTE et al., 2019) at Ot 20 cm, 2@ 60 and 6@ 100 cm depth intervals.
Those layers represent the rooting depthswhere soil attributes can affect the growth of
plants (CANADELL et al., 1996). The location of soil observations was recorded using
GNSS (Global Navigation Satellite System) receivers with positioning accuracy greater
than 10 m, that matched the spatial resolution of covariates. The data was acquired from
soil samples dried at 45 °C, ground and sieved with 2 mm mesh and then
homogeneously distributed in Petri dishes prior the measurement of the s pectra in
laboratory, between 350 and 2500 nm, using the Fieldspec 3 spectroradiometer
(Analytical Spectral Devices, ASD, Boulder, CO). Splices positioned at 1000 and 1800 nm
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