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ABSTRACT

The largest carbon pool in terrestrial ecosystems is contained in soils and it
plays a key role regulating hydrological processes, such as the spatial variability of
soil moisture dynamics. Specifically, soil moisture and soil organic carbon are
variables directly linked to ecosystem services such as food production and water
storage. However, there are important knowledge gaps in the spatial representation
(e.g., maps) of soil moisture and soil organic information from the country specific to
the global scales. There is a pressing need to update the spatial detail of soil moisture
estimates and the accuracy of digital soil carbon maps for improved land management,
improved Earth system modeling and improved strategies (i.e., public policy) to
combat land degradation. From the country specific to the global scale, the
overreaching goal of this PhD research is to develop a reproducible digital soil
mapping framework to increase the statistical accuracy of spatially continuous
information on soil moisture and soil organic carbon across different scales of data
availability (e.g., country-specific, regional, global). Chapter 1 provides a general
introduction. Chapters 2 and 3 are focused on up-scaling soil organic carbon from the
country-specific scale to the continental scale. Chapter 2 provides a country-specific
and multi-modeling approach for soil organic carbon mapping across Latin America,

where | identify key predictors and conclude that there is no best modeling method in
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a quantifiable basis across all the analyzed countries. In Chapter 3, | compare and test
different methods and combinations of prediction factors to model the variability of
soil organic carbon across Mexico and conterminous United States (CONUS). |
describe soil organic carbon stocks across different land covers across the region,
quantify the model uncertainty and discuss estimates derived from previous studies.
Chapters 4 and 5 are devoted to improving the statistical detail and accuracy of
satellite soil moisture from the country to the global scale. Chapter 4 describes how
the machine learning fusion of satellite soil moisture with Geomorphometry increase
the statistical accuracy and spatial detail of current soil moisture estimates across
CONUS. Chapter 5 extends the previous chapter to the global scale and identifies
global soil moisture trends. | provide a novel (gap-free) soil moisture global estimate
that could be potentially used to predict the global feedback between primary
productivity and long-term soil moisture trends. Chapters 4 and 5 reveal evidence of
soil moisture decline across large areas of the world. Finally, chapter 6 summarizes the
main findings of this research, the key conclusions, emergent challenges and future
steps. The results of this research were useful to generate benchmarks against which to
assess the impact of climate and land cover changes on soil organic carbon stocks and
soil moisture trends. This research provides a framework (including high quality data
and novel methodologies) to generate environmentally relevant science that can be

used for the formulation of public policy around soil and water conservation efforts.
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Chapter 1

INTRODUCTION

There is an increasing demand of updated soil data and soil information (e.qg.,
soil property maps) to improve land management, to improve the spatial representation
of Earth system models and to develop policy relevant research to reverse land
degradation. Current global initiatives such as the Food and Agriculture Organization-
Global Soil Partnership (Yigini. et al., 2018), the GlobalSoilMap.net consortium
(Arrouays et al., 2018), the SoilGrids250m project (Hengl et al., 2017) or the World
Soil Information Service (Batjes et al., 2019) are some examples evidencing the need of
new and better soil information across the world. Continuous and updated soil data and
soil information are required to quantify the response of soils to global environmental
change and to generate land monitoring baselines for identifying regenerative (reversing
land degradation) soil management practices. Soil data and information is key to
develop food production strategies directly related to multiple aspects of human security
(Amundson et al., 2015). However, soil information is challenging to obtain across
large geographical areas (i.e., continents) because collecting soil samples, describing
soil profiles, measuring and analyzing soil physical and chemical properties in

laboratory is expensive and time consuming.



With a national perspective, soil samples are collected and analyzed along
decades by multiple agencies and institutions with the official mandate to generate soil
information on each country for soil (or natural resources) inventory purposes. Some
examples of these institutions are the National institute of Statistics and Geography in
Mexico, the Soil Survey Division of the United States Department of Agriculture, the
Commonwealth Scientific and Industrial Research Organization in Australia, the
National Institute of Agricultural Research in France, among many others. Soil data and
soil information collected by these agencies are the basis for soil classification and
mapping applications across national to global scales.

Soil classification and mapping are components of soil science research and
‘digital soil mapping has evolved from traditional soil classification and mapping to the
creation and population of spatial soil information systems by using field and laboratory
observations coupled with environmental covariates’ representing soil forming factors
(Maet al., 2019). Digital soil property (or digital soil classes) maps are increasingly
needed for multiple soil information users (such as land managers, students, other
scientists and policy makers) across multiple spatial scales (from the plot to the global
scale). Up to date soil property maps are needed for characterizing soil spatial
variability (i.e., physical, chemical and biological soil properties) across large
geographical areas where no soil information has been collected in the past. However,
the integration of multiple datasets to generate regional to global soil property maps is
affected by many inconsistencies in methodological approaches used for soil

classification and mapping from one place to another (Stell et al., 2019), or differences
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in multiple data collection periods of time. Those inconsistencies are probably the
reasons why is easy to find discrepancies on soil measurements, soil estimates or soil
modeled data from multiple soil classification and mapping efforts. For example, soil
carbon stocks and soil moisture are important soil indicators of land productivity and
therefore spatial information (e.g., maps) on these indicators is required for monitoring
land degradation and drought (Lorenz et al., 2019; van der Molen et al., 2011). One
major issue is that there are large discrepancies in soil moisture and soil organic carbon
spatial information across the world have been reported in recent work (Tifafi et al.,
2018, Guevara et al., 2018, Gu et al., 2019). The discrepancies on these (soil moisture
and carbon) estimates (e.g. different stocks or contrasting trends) increases the
uncertainty forecasting the fate of land carbon uptake or detecting climate impact
signals of soil production systems (Folberth et al., 2016; Walsh et al., 2017). Although
national to global collaborative and networking efforts have increased the availability
and access to soil data and soil information during the last decade (Batjes et al., 2019;
Dorigo et al., 2011, 2017; Harden et al., 2018; Hengl et al., 2018; Malhotra et al., 2019;
Pfeiffer et al., 2019; Samuel-Rosa et al., 2020; Bond-Lamberty and Thomson, 2010;
Batjes et al., 2017; Stoorvogel et al., 2016), there are still large areas of the world with
low available soil information for accurately representing the spatial variability of soil
carbon and soil moisture patterns. To compare and test multiple modeling and
prediction approaches (e.g., probabilistic or algorithmic) could be useful to reveal soil
variability patterns across poorly represented areas with available soil spatial

information.



To improve the spatial representation of soil functional attributes such as the
spatial variability of soil organic carbon and soil moisture content is a pressing need that
could be addressed using digital soil mapping. On digital soil mapping (McBratney et
al., 2003) or pedometric mapping (Hengl, 2003), the targets are soil functional attributes
or classes (y) for a specific soil depth. The available information on target soil
functional attributes can be used to train models to solve regression (to predict
continuous variables) or classification (to predict soil classes) problems. Model training
data are the values of soil attributes or classes represented by soil profile or soil samples
descriptions and/or results from laboratory analysis applied to soil samples to quantify
soil physical and chemical properties and/or field direct soil observational data (e.g.,
from proximal soil sensors or electrochemical methods). The explanatory variables on
these models are emergent sources of spatial information directly related to the soil
forming environment (x). These explanatory variables are the basis to generate
predictions (f(x)=y) and they are represented by multiple information sources including
remotely sensed data (i.e., satellite based), digital terrain analysis, climate information
and legacy or thematic maps (e.g., rock type, soil type or land use maps). The model (f)
coefficients are then applied across the area of interest for deriving digital soil maps.
Thus, the observational available soil data (quantitative or categorical) is the basis of a
(statistical) learning process to find optimal model parameters (that allows to meet
modeling assumptions). Multiple modeling approaches (i.e., from Geo-statistics to
machine learning or combined approaches), including data driven and hypothesis driven

prediction models or prediction algorithms (Breiman, 2001) are required for capturing
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accurately linear and non-linear relationships between soils and the soil forming factors
(environmental covariates). Multiple validation strategies (e.g., cross-validation,
independent validation) are then required to assess the accuracy of digital soil maps.
Accurate soil property maps lead the discovery of emergent patterns of soil variability
from the plot to the continental scale. Information about soil variability is key to
improve Earth system models (i.e., predicting the fate of land carbon uptake), soil-
related policy making (i.e., for developing soil protection strategies), and land
management practices.

Digital soil mapping is increasingly being adopted by several agencies or
academic institutions (across multiple countries) with the mandate to generate soil
information. Digital soil mapping is a conceptual framework to update soil information
useful to support sustainable soil management strategies (e.g., United Nations'
Sustainable Development Goals). In the United States, digital soil mapping is now a
chapter of the United States Department of Agriculture’s soil survey manual (Chapter 5,
p. 295, Soil Science Division Staff, 2017), which is a global reference for soil taxonomy
around the world. Many countries in the world have adopted soil taxonomy as the
reference framework for soil inventory purposes. Digital soil mapping research can also
be used for increasing the access to soil information across scales and multiple
scenarios of data availability (from the country to the global scale). Consequently, there
are emergent challenges such as the constant need of higher accuracy and higher

resolution (spatial and temporal) of digital soil maps for its further use on digital soil



assessments (Carré et al., 2007; Greve and Seneviratne, 2015; Stell et al., 2019),
ecological interpretations, or other environmental and Geo-scientific applications.

This digital soil mapping research is focused on soil organic carbon and soil
moisture, which are major planetary resources supporting critical ecosystem services
such as food and energy production and water storage. In this research, digital soil
mapping is the basis for predicting soil carbon and soil moisture information from the
plot, to the country-specific, to the global scale. Through this research, I compared and
tested multiple digital soil mapping approaches to generate predictions of soil organic
carbon and soil moisture including an evaluation of the reliability and uncertainty of
these predictions compared with previous work. This research is timely because the
contribution of soil organic carbon stocks and soil moisture trends to the global carbon
cycling remains unknown across large areas of the world most likely due to the low
availability of accurate estimates that has been reported on soil organic carbon and soil
moisture datasets. Therefore, there is an increasing research opportunity to explore and
evaluate soil organic carbon and soil moisture feedbacks in response to global
environmental change. Using remote sensing data, open source platforms for statistical
computing and digital terrain analysis, and multiple sources of soil-related information
(climate datasets, geology maps, land use/cover maps), with this research | want to lead
the discovery of new knowledge around soil carbon and soil moisture from the country
to the global scale.

This research focuses on the coupling of soil science, Geomorphometry, remote

sensing and machine learning to predict the spatial variability of soil organic carbon and
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soil moisture by the means of digital soil mapping. The overreaching goal of my PhD
research is to develop a digital soil mapping framework to increase the statistical
accuracy of spatially continuous information on soil moisture and soil organic carbon
across different scales of data availability (e.g., country-specific, regional, global).
Increasing the statistical accuracy and detail of spatially continuous information
on soil organic carbon and soil moisture will benefit current research on the regional to-
global carbon and water cycles, and the formulation of public policy around global
societal issues such as land degradation and water scarcity. This research seeks to
improve the statistical accuracy and spatial detail of currently soil organic carbon and
soil moisture gridded estimates exploring the following interrelated research questions.
1) Which are the most effective prediction algorithms for predicting soil moisture and
soil organic carbon from the country-specific to global case studies? 2) Which are the
key prediction factors for modeling the spatial variability of soil moisture and soil
organic carbon? 3) Can we improve the spatial detail and the statistical accuracy of
satellite soil moisture using Geomorphometry and machine learning? and 4) How much
we know of current trends soil moisture and soil organic? Developing this research, |
will show the use of a digital soil mapping strategy applied to soil moisture and soil
organic carbon using multiple forms of statistical learning across scales and spatial

configurations of multiple soil information sources.
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Abstract

Country-specific soil organic carbon (SOC) estimates are the baseline for the
Global SOC Map of the Global Soil Partnership (GSOCmap-GSP). This endeavor is key
to explaining the uncertainty of global SOC estimates but requires harmonizing
heterogeneous datasets and building country-specific capacities for digital soil mapping
(DSM). We identified country-specific predictors for SOC and tested the performance of
five predictive algorithms for mapping SOC across Latin America. The algorithms
included support vector machines (SVMs), random forest (RF), kernel-weighted nearest
neighbors (KK), partial least squares regression (PL), and regression kriging based on
stepwise multiple linear models (RK). Country-specific training data and SOC
predictors (5 5 km pixel resolution) were obtained from ISRIC — World Soil
Information. Temperature, soil type, vegetation indices, and topographic constraints
were the best predictors for SOC, but country-specific predictors and their respective
weights varied across Latin America. We compared a large diversity of country-specific
datasets and models and were able to explain SOC variability in a range between 1 and
60 %, with no universal predictive algorithm among countries. A regional (n 11 268
SOC estimates) ensemble of these five algorithms was able to explain 39 % of SOC
variability from repeated 5-fold cross-validation. We report a combined SOC stock of
77.8 43.6 Pg (uncertainty represented by the full conditional response of independent

model residuals) across Latin America. SOC stocks were higher in tropical forests (30
15



16.5 Pg) and croplands (13 8.1 Pg). Country-specific and regional ensembles revealed
spatial discrepancies across geopolitical borders, higher elevations, and coastal plains,
but provided similar regional stocks (77.8 42.2 and 76.8 45.1 Pg, respectively). These
results are conservative compared to global estimates (e.g., SoilGrids250m 185.8 Pg,
the Harmonized World Soil Database 138.4 Pg, or the GSOCmap-GSP 99.7 Pg).
Countries with large area (i.e., Brazil, Bolivia, Mexico, Peru) and large spatial SOC
heterogeneity had lower SOC stocks per unit area and larger uncertainty in their
predictions. We highlight that expert opinion is needed to set boundary prediction limits
to avoid unrealistically high modeling estimates. For maximizing explained variance
while minimizing prediction bias, the selection of predictive algorithms for SOC
mapping should consider density of available data and variability of country-specific
environmental gradients. This study highlights the large degree of spatial uncertainty in
SOC estimates across Latin America. We provide a framework for improving country-
specific mapping efforts and reducing current discrepancy of global, regional, and

country-specific SOC estimates.

2.1 Introduction

Soils store around 1500 Pg of carbon and represent the largest terrestrial carbon
pool (Jackson et al., 2017); thus, it is critical to accurately quantify the variability of
soil or- ganic carbon (SOC) from local to global scales. During the fourth session of the
Global Soil Partnership (GSP) Plenary Assembly held in May 2016 in Rome, it was
agreed to develop a Global Soil Organic Carbon Map (GSOCmap) (FAO, 2017). The

overarching goal is that a Global SOC Map of the Global Soil Partnership (GSOCmap-
16
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GSP) will be developed using a distributed approach relying on country-specific SOC
maps. Country-specific maps represent a valuable source of information to explain the
high discrepancy of current global SOC estimates such as the SoilGrids250m system
and the Harmonized World Soil Database (Tifafi et al., 2018). The Food and
Agriculture Organization (FAO) recently compiled how different statistical methods
(e.g., regression kriging and machine learning) could be used to generate country-
specific SOC maps and calculate uncertainty (Yigini et al., 2018). All these approaches
consider the reference framework of the Soils, Climate, Organisms, Parent material,
Age and (N ) space or spatial position (SCORPAN) model for digital soil mapping
(DSM) (McBratney et al., 2003). In the SCORPAN reference framework, a soil
attribute (e.g., SOC) can be predicted as a function of the soil-forming environment, in
cor- respondence with soil-forming factors from the Dokuchaev hypothesis and Jenny’s
soil-forming equation based on cli- mate, organisms, relief, parent material, and elapsed
time of soil formation (Florinsky, 2012). The SCORPAN reference framework is an

empirical approach that can be expressed as in Eq. (1):

Saryt1 = FCxytl Crxytl Oy tl Rixytl Prxytl Aytl Npgye) (1)

where S, is the soil attribute of interest at a specific location N (represented by
the spatial coordinates of field observations x; y) and at a specific period of time (t); S
is the soil or other soil properties that are correlated with the soil at- tribute of interest
(Sa); C is the climate or climaticproperties of the environment; O is the organisms,

vegetation, fauna, or human activity; R is topography or landscape attributes; P is parent

17


file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark71
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark71
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark82
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark82
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark57
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark57
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark34
file:///C:/Users/13025/Desktop/MARIO_tesis/Chapter2/soil-4-173-2018.docx%23_bookmark34

material or lithology; and A is the substrate age or the time factor. To generate
predictions of S, across places where no soil data are available, N should (ideally) be
explicit for the information layers representing the soil-forming factors. These
predictions will be representative of a specific period of time (t) when soil available
data were collected. Therefore, the prediction factors ideally should represent the
conditions of the soil-forming environment for the same period of time (as much as
possible) when soil available data were collected. In Eq. (1), the left side is usually
represented by the available geospatial soil observational data (e.g., from legacy soil
profile collections) and the right side of the equation is represented by the soil
prediction factors. These prediction factors are normally derived from four main sources
of information: (a) thematic maps (i.e., soil type, rock type, land use type); (b) remote
sensing (i.e., active and passive sensors); (c) climate surfaces and meteorological data;
and (d) digital terrain analysis or geomorphometry. The SCORPAN reference
framework is widely used, but one critical challenge is to quantify the relative
importance of the soil-forming factors (i.e., prediction factors) that could explain the
underlying soil processes controlling the spatial variability of a specific soil attribute
(i.e., SOC).

Arguably, there are two approaches for statistical modeling (Breiman, 2001) that
influence the predictions of the spatial variability of SOC. One assumes that the
variability of observations can be reproduced by a given stochastic data model (e.g.,
with hypotheses about the spatial structure of the variable). The other approach uses

algorithms and treats as unknown the mechanisms generating the structure of values in
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available datasets (e.g., with hypothesis about the statistical distribution and moments of
the variable). For SOC modeling, the accuracies of global models compared with
country-specific estimates have not been systematically evaluated on detail. While
globally available SOC predictions rely on large and complex multivariate spaces to
represent the soil-forming environment, local (i.e., more simple) models may be useful
for validation purposes and required to mea- sure the bias of global SOC estimates,
specifically, at particu- lar sites/countries (well represented by available data), where
SOC drivers may be easier to identify due to a smaller range of SOC variance. In
addition, the assumptions of global models compared with local efforts may be
different, and local datasets could complement global information sources. Because
different mapping approaches use available information (i.e., training data and
predictors) in different ways, com- paring several approaches and methods is useful to
quantify the relative importance of prediction factors across data con- figurations and
distributional properties. We argue that a systematic analysis of predictive algorithms
and consequently selection of predictors (by each one of the algorithms) could provide
insights about the underlying factors that control the spatial variability of SOC.

The last decade has seen an increasing diversity of approaches for DSM. Data
mining techniques have been successfully used to model and predict the spatial
variability of soil properties (Rossel and Behrens, 2010; Hengl et al., 2017; Shangguan
et al., 2017) and generate site-specific and country-specific SOC maps (Viscarra Rossel
et al., 2014; Ad- hikari et al., 2014). The combination of regression modeling

approaches with geostatistics of independent model residuals (i.e., regression kriging) is
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a combined strategy that has been widely used to map SOC (Hengl et al., 2004; Mishra
et al., 2009; Marchetti et al., 2012; Kumar et al., 2012; Peng et al., 2013; Adhikari et al.,
2014; Yigini and Panagos, 2016; Nussbaum et al., 2014; Mondal et al., 2017). Machine
learning algorithms such as random forests or support vector machines have also been
used to increase statistical accuracy of soil carbon models (Martin et al., 2011;
Hashimoto et al., 2017; Hengl et al., 2017) including applications for SOC mapping
(Grimm et al., 2008; Sreenivas et al., 2016; Yang et al., 2016; Hengl et al., 2017,
Delgado-Baquerizo et al., 2017; Liel} et al., 2016; Viscarra Rossel et al., 2014).
Machine learning methods do not necessarily allow to extract information about the
main effects of prediction factors in the response variable (e.g., SOC); consequently, a
variable selection strategy is always useful to increase the interpretability of machine
learning algorithms. With this diversity of approaches, one constant question is if there
is a method that systematically improves the prediction capacity of the others aiming to
predict SOC across large geographic areas (e.g., Latin America). We postulate that
probably there is no universal method (i.e., silver bullet) for DSM, but both global and
country-specific efforts are needed to test a variety of predictive algorithms including
variable and parameter selection strategies for maximizing explained variance while
minimizing prediction bias.

To minimize bias in SOC predictions, it is required to build baseline reference
estimates to quantify SOC stocks and contribute to better parameterization for
projections of SOC under future soil weathering conditions and land degradation

scenarios. Therefore, SOC estimates based on statistical predictions should be ideally
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based on all available information for specific countries or regions of interest, from both
national and global information sources. However, the availability of public SOC
information is limited across large areas of Latin America and large discrepancies exist
in current global SOC estimates (Tifafi et al., 2018). Thus, there is a pressing need to
validate the accuracy of global SOC estimates, improve interoperability (Vargas et al.,
2017) and contribute to the capacity of countries to meet the Global- SoilMap
specifications (Arrouays et al., 2017) to inform policy decisions around climate change
mitigation strategies.

This study focuses on Latin America, where site or region-specific modeling
efforts report high explained variance when mapping SOC (Reyes-Rojas et al., 2018).
Accurate SOC maps are required to identify areas with the potential for soil carbon
sequestration, and distinguish them from areas with high SOC. However, site-specific
efforts to map SOC across Latin America highlight the challenge of predicting
pedologically sound soil maps due to the complexity of SOC spatial variability
(Angelini et al., 2016), including the inconsistencies of using simple linear approaches
to explain soil and depth interrelationships (Angelini et al., 2017). Site-specific SOC
mapping efforts across Latin America also suggest that variable selection and the spatial
detail of SOC prediction factors also contribute to discrepancies of SOC predictions
(Samuel-Rosa et al., 2015). To increase the accuracy of SOC predictions, the use of
high-performance computing through open-source platforms (i.e., Google Earth)
represents a valuable resource to make and continuously update (as new and better data

become available) country-specific SOC maps (Padarian et al., 2017). The constant
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challenge is how to increase SOC prediction accuracy while also reducing the
uncertainty and granularity of SOC grids.

The overarching goal of this study is to compare different predictive algorithms
across 19 data/country scenarios with publicly available information to support the
development of country-specific SOC maps to be included in the GSOCmap-GSP.
Currently, SOC information across Latin America has been derived from global models
such as the SoilGrids system or the Harmonized World Soil Database (Hengl et al.,
2017; Kochy et al., 2015), which lack quantification of uncertainty and where large
areas remain parameterized with limited country-specific information. This challenge is
not unique for Latin America as many regions around the world (e.g., Africa, Siberia)
have limited SOC information to parameterize models to estimate the SOC pool. To
inform future SOC mapping efforts, this study addresses two specific questions: (a)
which environmental variables (derived from publicly available information) have the
highest correlations with country-specific SOC information, and (b) which method (i.e.,
predictive algorithm) is best to represent SOC across Latin America and within each
country. We assumed that methods could inform each other as they may explain
different aspects of SOC variability. The ultimate aim of this study is to empower
capacities for digital SOC mapping across Latin America and to contribute to the
discussion about the importance of integrating country-specific information for
representing and predicting soil-related variables (e.g., SOC) to improve regional-to-

global SOC predictions.
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2.2 Methods

We based our methodological approach on public sources of information and
methods implemented in open-source platforms for statistical computing. Thus, our
framework for modeling SOC stocks (Figure 2.1) could be reproduced across the world

for comparative purposes between country-specific and global estimates.

2.2.1 SOC observations

Soil organic carbon information was extracted from the World Soil Information
Service (WoSIS) soil profile database. This dataset represents a great harmonization
effort in which a large number of national legacy datasets have been compiled. It
includes local-to-national soil profile collections with a sampling strategy generally
based on morphological soil attributes (Batjes et al., 2017). The goal of the GSOCmap-
GSP is to produce global information for the first 30 cm; thus, we generated synthetic
horizons for this depth using a mass-preserving spline approach (Bishop et al., 1999).
We applied a pedotransfer function based on organic matter (OM) if the bulk density
(BLD) information was missing: BLD is 1/(0.6268 0.0361 OM) (Yigini et al., 2018).
We decided to use this equation because it showed less extreme values than other
available pedotransfer functions during preliminary discussion and training exercises
(data not shown). Another reason is that there is not a single pedotransfer function
applicable to all conditions across Latin America. This equation is representative for
soils with organic matter content between 0.17 and 13.5 % (Drew, 1973). For coarse

fragments (CRFVOL), a value of 0 % was used for missing information prior to the
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mass-preservative spline modeling. SOC estimates (0 to 30 cm) were derived following

a standardized SOC calculation method (Nelson and Sommers, 1982) (Eq. 2):

SOCstock =(ORCDR/1000) * (H/100) * BDL * (100-CRFVOL/100) 2)

where ORCDR is SOC density (g kg—1) and H is soil depth (30 cm). Because of
the limitations and uncertainty in the available BD and CRFVOL data, we also included
an error approximation of SOC estimates. This error was derived using Global Soil

Information Facilities (GSIF; Hengl, 2017) as explained in the next section.

2.2.2 SOC error estimates

The GSIF approach for estimating SOC (function OCSKGM) includes an
approximate error which we used to quantify the reliability of SOC estimates (Hengl et
al., 2017). This error was approximated using the Taylor series method, by a truncated
Taylor series centered by the means explained previously (Heuvelink, 2018). We
mapped the error trend of SOC estimates by interpolating the values on a per country
basis using the generic framework for predictive modeling based on machine learning
and buffer (geographical) distances (Hengl et al., 2018). We followed this method to
provide a spatial explicit measure of the SOC estimation error. We used this method
because it can be implemented without prediction factors (e.g., only buffer distances)
and because it is practically free of assumptions but considers the geographical

proximity to and composition of the sampling location points as explained by its
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developers (Hengl et al., 2018). SOC error estimates represent a component of

uncertainty of the overall quality of country-specific input data.

2.2.3 SOC training data and exploratory analysis

Each country-specific SOC dataset was transformed to its natural logarithm to
reduce the right-skewed distribution of SOC values and because exploratory analysis
showed that this transformation can improve the prediction capacity of further modeling
methods. To analyze the statistical distribution of SOC values, a probability distribution
function was plotted and a Shapiro-Wilk test of normality was conducted on each
dataset. The units of the SOC estimates are kg m—2. Our global (Latin America) dataset
of 11 268 SOC estimates was divided using a simple bootstrapping technique (Kuhn et
al., 2017) and 25 % of data were used for independent validation purposes, and the
remaining 75 % of data for training prediction models. We coupled this information

with a public source of prediction factors; see Sect. 2.4.
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Figure 2.1. Flow diagram of the main methodological steps that we performed in order
to generate country-specific and regional SOC predictions. The World Soil
Information Service (WoSIS) dataset was harmonized with the
http://worldgrids.org (last access: 20 February 2018) environmental data using

55 km grids. SOC stocks were calculated at points and correlated
predictors identified. Five methods were parameterized and we created an
ensemble of using a generalized linear approach. Accuracy of models and
the ensembles was assessed with re- peated cross-validation. Country-
specific and regional (Latin America) ensembles were compared with
global models. KK is kernel-weighted nearest neighbors, SVM is support
vector machines, RF is random forests, PL is partial least squares
regression, and RK is regression kriging.

2.2.4 Soil prediction factors

We used environmental information from WorldGrids (worldgrids.org), which is

an initiative of ISRIC-World Soil Information. We downloaded and masked 118
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http://worldgrids.org/

environmental layers (i.e., prediction factors) for each country to quantitatively
represent the soil-forming environment (http://worldgrids.org/doku.php/wiki:layers, last
access: 20 February 2018). The prediction factors were harmonized into a

1 1 km global grid by the WorldGrids project from three main information
sources: remote sensing, climate surfaces, and digital terrain analysis. Additional
terrain parameters (e.g., terrain slope, aspect, catchment area, channel network base
level, terrain curvature, topographic wetness index, and length—slope factor) from
elevation data were calculated in the System for Automated Geoscientific Analyses
geographic information system (SAGA GIS) for each country following the standard
implementation for basic terrain parameters (Conrad et al., 2015). We resampled the
prediction factors into a 5 5 km pixel size grid to reduce the computational demand
required to make predictions and facilitate the reproducibility of this DSM framework
without the need for high-performance computing. (e.g., terrain slope, aspect, catchment
area, channel network base level, terrain curvature, topographic wetness index, and
length—slope factor) from elevation data were calculated in the System for Automated
Geoscientific Analyses geographic information system (SAGA GIS) for each country
following the standard implementation for basic terrain parameters (Conrad et al.,
2015). We resampled the prediction factors into a 5 5 km pixel size grid to reduce the
computational demand required to make predictions and facilitate the reproducibility of

this DSM framework without the need for high-performance computing.
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2.2.5 Prediction of SOC
We made predictions on a country-specific and on a regional (Latin American)

basis. We based our prediction framework on the following six steps:

- First, the relationship between SOC and prediction factors was explored
using simple correlation analysis.

- Second, the 10 prediction factors with highest correlations with SOC data
were identified for each country and used for further analyses.

- Third, we explored, parameterized, and compared five statistical methods
with different assumptions to model SOC variability across Latin America:
regression kriging (based on a multiple linear regression model (RK) and
partial least squares (PLS) regression, support vector machines (SVMs),
random forests (RF), and kernel-weighted nearest neighbors (KK). A brief
explanation for each modeling approach is provided in Appendix A

- Fourth, we used five times repeated 5-fold cross-validation strategy of the
aforementioned models to estimate the RMSE. Then, we used the
caretEnsemble tools for stacking the five predictions (Deane-Mayer and
Knowles, 2016; Kuhn et al., 2017). The caretEnsemble approach uses the
RMSE to weight and create ensembles of regression models under a
generalized approach to create a linear blend of predictions.

Fifth, we calculated independent model residuals (by predicting the 25 % of data

not used for mgdel parameterization). For each 5 5 km pixel, we estimated the full

conditional response of these residuals to the SOC prediction factors following the
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quantile regression method available within the quantregForest modelling framework
(Meinshausen, 2017, 2006). We used this map as a surrogate of model uncertainty
complementary to the approximated error trend of SOC estimates.

Sixth, we used all Latin American data in the WoSIS system to repeat the fourth
and fifth steps of our modeling framework, generating regional predictions of SOC and
comparing with country-specific results and global SOC estimates. We also evaluated

the prediction capacity of these models.

2.2.6 Model evaluation and accuracy

First, we selected the optimal parameters for each model/country by the means
of a 10-fold cross-validation strategy following a generic recommendation (Borra and
Di Ciaccio, 2010) (see parameter description in Appendix A). For each model, the
train function of the caret package (Kuhn et al., 2017) included simple resampling
techniques for automatic model parameter selection. Thus, we obtained unbiased
residuals for each model/country that we compared using Taylor diagrams (Carslaw and
Ropkins, 2012). A Taylor diagram summarizes multiple aspects of model performance,
such as the agreement and variance between observed and predicted values (Taylor,
2001). In a Taylor diagram, each model is represented by a point in the plot describing
how well the patterns of observed and modeled values match each other. Two models
have a similar predictive capacity if they overlap across the intersection of an error
vector, a variance ratio, and a correlation vector.

We analyzed the overall ratio (ECr) between model errors (RMSE) and the

correlation between observed and predicted values (corr) for each model across all
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countries. We propose this ratio EC; as an approach to better understand the agreement
between the correlation (calculated by the means of cross-validation) and the RMSE
(derived from the unbiased residuals of cross-validation). Before calculating the RMSE
/ correlation ratio, the RMSE and the correlation between observed and predicted

values were standardized (by its maximum and minimum values) to a range between 0

and 1 using
RMSEsp -RMSE; —min(RMSE)/range(RMSE) (3)
Corrsp = corri — min(corr)/range(corr) 4)
EC = RMSEsp /corrsp (5)

where EC; is the proposed ratio between errors and correlation between
observed and predicted values; RMSE; is the observed RMSE for the ith model,
min(RMSE) is the minimum observed value of RMSE, and range(RMSE) is the
difference between the maximum and minimum observed values of RMSE; cort; is the
observed correlation for the ith model; min(corr) is the minimum observed value of
correlation, and range(corr) is the difference between the maximum and minimum
observed values of correlation

If the value of the EC, was close to 0, then there was a stronger agreement
between high RMSE and low correlation, or low RMSE and high correlation. If this
value deviated from O (up to 1 or more), then the RMSE would tend to be high while
the correlation was also high, suggesting that the method represented the variability of

SOC but with high bias.
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Model accuracy (also represented by the RMSE and R2) was assessed for the
model ensembles with a more strict (but computationally expensive) 5-fold and five
times repeated cross-validation strategy. This model refitting allowed more stable
accuracy results with the ultimate goal of comparing country-specific and regional
(Latin America) estimates. Repeated 10- and 5-fold cross-validation have been used to
compare both machine learning and geostatistical approaches for mapping soil
properties from book examples to real applications at the global scale (Hengl et al.,
2018, 2017). In addition, independent model residuals were also obtained from the 25 %
of data not used for the country- specific and regional ensembles to estimate a spatially

explicit measure of uncertainty (as explained in step five of our prediction framework).
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Figure 2.2. Spatial distribution of available SOC in WoSIS for Latin America. SOC
estimates are calculated for each point using Eq. (2) (a). The approximated
error is based on Taylor series as implemented in the R-GSIF package, as
is explained in Heuvelink (2018) (b). Thus, panel (b) represents the
uncertainty of SOC estimates at each point. The values of this map could
be associated with data limitations and missing information for BLD and
CRFVOL.

2.2.7 SOC stocks

First, we analyzed the influence of the maximum allowed prediction limits for
each prediction algorithm. We harmonized the units of our SOC estimates with global
datasets in Mg ha (megagrams per hectare at 30 cm depth). The sensitivity of the total
SOC stock to the model prediction limit was tested by increasing (every 10 Mg ha) the
maximum prediction limit from 0.5 Mg ha. until finding a stable rate. Geopolitical
limits were obtained from the Global Administrative areas project (https://gadm.org/,

last access: 16 July 2018). Using these country limits we report our country-specific and
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Latin American SOC estimates. For comparative purposes, we also extracted for each
country the global SOC estimates from the SoilGrids system (Hengl et al., 2017), the
Harmonized World Soil Database (Kdchy et al., 2015), and the GSOCmap-GSP (see
http://54.229.242. 119/apps/GSOCmap.html, last access: 16 July 2018). We also report
stocks across the land cover classes derived from the Latin American Network for
Monitoring and Studying of Natural Resources, a product with an estimated accuracy of
84 % (Blanco et al., 2013). We report the overall uncertainty of these stocks with the
independent model residuals map and the approximated error trend of the SOC
estimates. Some countries with no data were filled with the average of the surrounding
extent of the SOC predictions. All analyses were performed using the R software (R

Core Team, 2017).
2.3 Results

2.3.1 Descriptive statistics

SOC across different countries showed a wide diversity of data =scenarios
(Table 2.1). Costa Rica (with a mean of 11.05kgm?), Chile (zwith a mean of 9.?38 kg
m?), and Colombia (with a mean of 8.15 kgm?) are the countries with the highest
SOC mean values. Brazil (n  5616) and Mexico (n 4321) were the countries with
highest data availability. In contrast, Honduras (n 11), Guatemala (n 20), and Belize (n
21) were the countries with lowest density of SOC estimated values (Table 2.1). With the

original (untransformed) dataset, the only countries that showed a normal distribution
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after the Shapiro—Wilk test of normality with an « of 0.05 were Belize, Guatemala,

Honduras, and Suriname.

2.3.2 Spatial distribution and point error estimates

There were large areas of Latin America with no available SOC observational
data in the WoSIS system (e.g., the south of Chile, Argentina, or across large areas of
Central America). We found substantial error estimates across large areas with high
density of SOC data but low carbon contents, such as northern Mexico or the Brazilian

semiarid savanna located at the eastern side of that country (Figure 2.2).

2.3.3 Correlation of SOC and its predictors

Best correlated predictors were not the same across countries. We found higher
correlations with the original datasets transformed to their natural logarithm, as data had
a right skewed distribution and did not follow a normal distribution (i.e., log normal).
Highest correlations of available SOC data and their environmental predictors were
associated with temperature-related variables across Honduras, Costa Rica, Peru, Chile,
Guatemala, and Suriname (the r? varied from 0.35 to 0.58). However, there were a low
number of available SOC observations across these countries in the WoSIS system
(between 11 to 34). Similarly, across countries with high data availability (e.g., Mexico
and Brazil), the strongest correlations between SOC and prediction factors were
associated with temperature-related variables (Table 2.2). In all cases, the relationship
between SOC and temperature-related variables was negative. In contrast, SOC had a
positive relationship with elevation-derived terrain parameters (r? varied from 0.43 to
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0.59) such as terrain curvature, potential incoming solar radiation, and slope of terrain.
Lower correlations of SOC data with prediction factors were found across Brazil,
Bolivia, Uruguay, Cuba, Panama, Venezuela, and Argentina (e.g., r> < 0.2). The
correlation analysis was useful to formulate a working hypothesis about the major
drivers of the spatial variability of SOC across countries based on our DSM
conceptual framework (e.g., SOCarc T [px4wcl3a + px3wcl3a + evmmod3a +
107igh3a+ px2wcl3a ... ]).

For example, the best correlated predictors with SOC for Argentina were
precipitation-related variables (px4wcl3a, px3wcl3a, px2wcl3a), remote-sensing-based
vegetation indexes (evmmod3a), and a probability-based shrubland map (107igh3a)
(Table 2.2) (see sources of these maps in http://worldgrids.org/doku.php/wiki:layers, last
access: 20 February 2018).
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Table 2.1.

Descriptive statistics of SOC estimates (in kg m2) and total land area for
each analyzed country. n is the number of observations. We provide
quantiles, median, mean, and the standard deviation of SOC data. The
columns p and p log represent the probability values derived from the
Shapiro—Wilk test of normality before p and after p log the log
transformation of SOC values. When p is larger than p log, the log
transformation of the data did not increase the probability of normality in
the dataset. For comparative purposes, we provide (Fig. S1 in the
Supplement) the probability distribution functions of available data before
and after the log transformations. ARG is Argentina, BLZ is Belize, BOL
is Bolivia, BRA is Brazil, CHL is Chile, COL is Colombia, CRI is Costa
Rica, CUB is Cuba, ECU is Ecuador, GTM is Guatemala, HND is
Honduras, JAM is Jamaica, MEX is Mexico, NIC is Nicaragua, PAN is

Panama, PER is Peru, SUR is Suriname, SLV is El Salvador, URY is
Uruguay, and VEN is Venezuela.

Country n Land area Min. [FirstQ [Med. [Mean [Third Q |[Max. [SD  |p/p log

(km2)
ARG  [231 (2736690 0.34 [1.88 [3.21 [5.65 [5.96 86.85 [9.33 [<0.001/0.03
BLZ 21  [22970 1.84 449 6.72 [7.71 19.99 19.48 |4.32 [0.08/0.99
BOL |76 |1083301 0.64 [1.83 [2.56 [2.64 [3.20 7.65 [1.21 [<0.001/0.08
BRA 5616 |8 358140 0.07 199 267 [3.23 [3.34 573.76 19.18 |<0.001/<0.001
CHL 44 [743812 0.43 [3.58 [5.19 9.88 [16.52 [31.87 [8.86 |<0.001/0.01
COL |166 [1038 700 0.66 [3.44 578 [8.15 [9.95 52.62 [7.35 [<0.001/0.96
CRI 43 51060 2.27 4.07 |7.23 [11.05 [10.85 |82.57 |[14.90 [<0.001/0.001
CUB 148 [109 820 0.36 [2.85 [3.61 432 [5.73 10.98 [2.23 [0.004/ < 0.001
ECU |77 276841 099 237 3.65 [5.15 14.36 2436 5.15 [<0.001/<0.001
GTM 20 107 159 2.60 [5.66 848 [7.73 P.75 1241 [3.11 [0.14/0.007
HND |11  |111890 2.69 [5.25 648 [6.71 [8.32 12.38 [2.78 [0.72/0.39
JAM |76 10831 1.29 3.01 399 435 14.83 12.90 [1.99 [<0.001/0.72
MEX 14321 |1943945 0.00 [1.73 249 [2.56 [3.25 35.55 |1.49 [<0.001/<0.001
NIC 26 119990 293 394 731 [7.50 [9.04 15.91 [3.78 [0.05/0.09
PAN 25 [74177 3.39 490 [753 [7.59 .13 19.89 [3.76 [0.003/0.49
PER 145 1279 996 0.19 [1.89 293 [2.92 [3.55 8.35 |1.42 |0.005/<0.001
SUR 27  [156 000 1.38 260 [3.35 B.37 4.07 6.01 [1.20 [0.69/0.51
URY 130 175015 0.82 [2.70 3.38 4.34 [3.90 46.54 4.67 [<0.001/<0.001
VEN  [164 (882 050 0.31 258 414 .92 [6.57 44.35 6.37 <0.001/0.11
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2.3.4 SOC-related properties

Correlations between SOC density (ORCDR) and prediction factors were higher
with maximum and mean nighttime temperature, where Costa Rica and Chile had the
highest correlations (r? varied from 0.61 to 0.71). The best correlated variables with
BLD were terrain parameters: relative slope position, vertical distance to channel
network, flow accumulation areas, and potential incoming solar radiation. These
correlations were stronger across Guatemala, Belize, and Panama (r? varied from 0.52 to
0.67). We found that terrain slope and the standard deviation of temperature were the
variables with highest correlations with CRFVOL, where Nicaragua, Honduras, and
Argentina had the highest correlations (r? varied from 0.40 to 0.55). We did not find a
dominant algorithm to predict ORCDR, BLD, and CRFVOL. Slightly higher
correlations between observed and predicted values were achieved with RF, but in most
cases different methods showed similar prediction capacity. The highest prediction error
was found with RK for CRFVOL, but for all other output variables all prediction
algorithms had a similar range of errors (Figure 2.3). The PLS and SVM had the lowest
variance for prediction of each one of the four soil properties. The r? values for predicting
the combined SOC-related properties (i.e., ORCDR, CRFVOL, and BLD) for each
prediction algorithm were RK (r? 0.67 to 0.76), RF (r? 0.56 to 0.74), SVM (r? 0.32 to
0.71), PL (r? 0.46 to 0.69), and KK (r? 0.19 to 0.64). Across countries with lower data
availability and sparse distribution, SVM and RK algorithms resulted in lower model

performance.
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Table 2.2.  Best correlated predictors and their frequency across the analyzed data

country scenarios, given available data in the WoSIS system; see predictor

codes in http://worldgrids.org/doku.php/wiki:layers (last access: 20

February 2018). ARG is Argentina, BLZ is Belize, BOL is Bolivia, BRA is
Brazil, CHL is Chile, COL is Colombia, CRI is Costa Rica, CUB is Cuba,
DOM is Dominican Republic, ECU is Ecuador, GTM is Guatemala, HND
is Honduras, JAM is Jamaica, MEX is Mexico, NIC is Nicaragua, PAN is

Panama, PER is Peru, SUR is Suriname, SLV is El Salvador, URY is
Uruguay, and VEN is Venezuela.

\Var Factor Subfactor  |Freq. [Country
gachws3a Soil Soil type 2 CUB, SUR
garhws3a Soil Soil type 2 PER, URY
ghshws3a Soil Soil type 2 BLZ, URY
gphhws3a Soil Soil type 2 CUB, JAM
gplhws3a Soil Soil type 2 BLZ, BOL
gvrhws3a Soil Soil type 2 JAM, URY

. ARG, BOL, BRA, CHL, COL, CRI, CUB,
tdmmod3a Climate Temperature (11 ECU, MEX, PER, VEN

. /ARG, BOL, BRA, COL, CUB, ECU,
tx1mod3a Climate Temperature [10 JAM. NIC, PER, URY

. BRA, CHL, CRI, CUB, ECU, GTM, JAM,
tx4mod3a Climate Temperature [10 MEX, PER. VEN

. BOL, BRA, CHL, CUB, ECU, JAM,
tx5mod3a Climate 'Temperature 9 MEX, PER. VEN

. ARG, BOL, BRA, CHL, COL, CRI, ECU,
tx6mod3a Climate Temperature 9 MEX, VEN
tnhmod3a Climate Temperature [8 Sléﬁ COL, CRI, GTM, HND, JAM, PAN,
thmmod3a Climate Temperature 8 Sléﬁ COL, CRI, GTM, HND, PAN, URY,
tx3mod3a Climate [Temperature [7 BRA, CHL, CUB, ECU, PAN, PER, VEN
tdhmod3a Climate [Temperature 6 ARG, CUB, ECU, JAM, MEX, URY
tdimod3a Climate [Temperature 6 BRA, CHL, COL, ECU, GTM, JAM
tnsmod3a Climate [Temperature 5 IARG, MEX, NIC, PAN, SUR
tx2mod3a Climate Temperature 4 ARG, ECU, PER, URY
tdsmod3a Climate [Temperature 3 MEX, PAN, SUR
tnimod3a Climate [Temperature 3 BLZ, COL, GTM
px2wcl3a Climate Precipitation 2 BOL, PAN
px3wcl3a Climate Precipitation 2 CHL, MEX
px4wcl3a Climate Precipitation 2 BRA, CHL
etmnts3a Climate ET 2 IARG, MEX
evmmod3a Organism [Vegetation 5 IARG, ECU, HND, MEX, VEN
107igh3a Organism |Vegetation |2 ARG, CHL
DEMSRE3a Topography 5 COL, CRI, GTM, HND, SUR

w
(o0}




twisre3a [Topography| 5 BRA, JAM, NIC, PAN, SUR
ChannNetworkBLevel [Topography 4 COL, HND, PAN, SUR
13pobi3b [Topography| 4 COL, CRI, PAN, VEN
inssre3a [Topography| 3 BLZ, HND, SUR
opisre3a [Topography| 3 CRI, NIC, SUR
SLPSRT3a [Topography| 3 CRI, NIC, SUR
AnalyticalHillshading [Topography 2 BLZ, CUB

IAspect [Topography| 2 BLZ, BOL
Covergencelndex [Topography| 2 BOL, HND

inmsre3a [Topography| 2 CRI, GTM
'ValleyDepth Topography| 2 BLZ, JAM

geaisg3a IAge 3 CHL, NIC, SUR
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Figure 2.3. Taylor diagrams showing the performance of the five models evaluated.

SOC stock (a), ORCDR (b), BLD (c), and CRFVOL (d). This analysis is
based on all available data across Latin America. Although RF tends to
generate higher correlation, it also shows high variance in predictions. The
points are close to each other and the differences in accuracy between
them generally fall within the same intersection of error, variance, and
correlation, suggesting a similar prediction capacity by the implemented

approaches.
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2.3.5 Country-specific SOC predictions

We did not find a dominant algorithm to predict SOC on a country-specific
basis (Figure 2.4). Overall, machine learn- ing prediction algorithms generated similar
results. Higher agreement of machine learning prediction algorithms was found in small
countries where environmental conditions and land cover/use characteristics tend to be
more homogeneous (e.g., Jamaica, Suriname). RK showed higher discrepancies in
countries where data distribution was sparse (e.g., Suri- name, Chile, Guatemala) but
effective across countries with higher and/or well-distributed data availability (e.g.,
Mexico, Brazil). Machine learning SOC predictions were conservative compared with
RK (RK g_enerated the higher density of extreme and unreliable SOC values). PL had
comparab_le results with machine learning algorithms (i.e., KK, SVM, RF). From the
cross-validation strategy, higher r? values between observed and predicted data were
found for Costa Rica (0.58; n 21) using SVM, while the lowest error was found in
Suriname (0.36 kg m=2; n 37) using PL. In contrast, algorithms had lower prediction
capacity for countries with large areas (e.g., Brazil, Mexico) despite the large data
availability.

The simple correlation (main effect) between the r?> and RMSE for RF, PL, KK,
and RK was positive (0.18, 0.35, 0.32, and 0.1, respectively). In contrast, this
correlation was stronger for SVM (but negative; 0.65) where increasing the explained
variance resulted in a lower error. Thus, we found a low level of agreement between
these two information criteria (r> and RMSE) commonly used in DSM to assess

performance of prediction algorithms.
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Agreement between the RMSE and r? was found only in 12 of the 19 countries,
resulting in country-specific “recommended” prediction algorithms. Here, we list the
prediction algorithms that generated the best correlation and the best RMSE for each
country: ARG (RK, RK), BLZ (RF, RK), BOL (SVM, KK), BRA (RF, RF), CHL (PL,
PL), COL (RF, RF), CRI (SVM, SVM), CUB (PL, PL), ECU (RK, RK), GTM (KK,
RF), HND (SVM, KK), JAM (RF, RF), MEX (RK , RK), NIC (RF, RF), PAN (PL,
KK), PER (KK, KK), SUR (SVM, PL), URY (RF, RK), and VEN (RK, RK) (see
country codes in Table 2.1). Brazil and Mexico had the highest number of observations
(nearly 80 % of the total) and the same method yielded the highest r? and the lowest
RMSE.

We clarify that the best within-country method was not the same for every
country. The higher EC; was found with PL (0.96), followed by RF (0.54) and KK
(0.43), informing that these predictive algorithms did not minimize prediction bias while
increasing the explained variance. SVM (with 0.008) and RK (with 0.003) had the

lowest EC;, as they maximize the explained variance while minimizing prediction bias.
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Figure 2.3  Taylor diagrams showing the performance of the five models evaluated for
country-specific SOC estimates across Latin America. The position of each
point/method varies from each dataset to another, suggesting that the
predictive capacity changes when data characteristics are different.

2.4 Model ensembles and SOC maps
High discrepancy was found among country-specific SOC predictions and

between country-specific and regional SOC predictions. Although both maps predict
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SOC following a similar general pattern, the country-specific ensemble showed a
higher density of unrealistic patterns across Guatemala, VVenezuela, northern Brazil, and
the surroundings of Uruguay (Figure 2.5a). These areas correspond to areas where we
report both higher SOC calculation errors and model un- certainty (Figure 2.6).

Compared with the country-specific ensemble, the regional model showed
spatial differences predicting higher SOC across the highlands of the Southern Andes
and boundaries of the Amazon Basin (Figure 2.5b). As expected, the country-specific
model showed spatial artifacts associated with country geopolitical bordezrs. Based on
the repeated 5- fold cross-validation, we report a r2 0.39 for the regional model and r2
values for the country-specific approach that vary from 0.01 to 0.55.

High uncertainty in our modeling framework was found across tropical, arid,
and semiarid regions of Latin America (Figure 2.6a, b). Residual uncertainty from
independent validation in the country-specific ensemble showed higher errors across
geopolitical borders (in Chile, Argentina, Colombia, Ecuador, Venezuela, and the
Brazilian savanna), while the residual uncertainty map from the regional model had
higher uncertainty across ecologically meaningful transitions, with no evident effect of
geopolitical borders. The trend of the mean approximated error suggests high
uncertainty in the SOC calculation method (Figure 2.6¢). We used this map just to
visualize the general trend of error estimates based only on geographical buffer
distances.

Primarily, the Pacific coastal plains, the delta of the Amazon river, some closed

watersheds and wetlands across Mexico, and some sparse points across Central America
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showed the higher discrepancies. Mexico and Brazil, with higher density of SOC data,
were the countries with less discrepancy between country and global models (Figure
2.7a). We report that the geographical areas where country-specific models tend to
predict higher SOC values than the regional ensemble (Figure 2.7b). However, we
report a similar SOC stock from both modeling approaches (country-specific and

global) as we explain in Sect. 3.7.

Figure 2.4. Country-specific (a) and regional (Latin America) (b) predictions of SOC
based on a linear ensemble of methods. We present the units as Mg ha for
visualization purposes. These units were used to reduce the digits of the
value range and highlight larger differences between SOC maps.
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Figure 2.5. The full conditional response of residuals to the prediction factors on a
country-specific basis (). The full conditional response of residuals to the
SOC prediction factors in the regional (Latin America) model (b). The
trend of the approximated error of SOC estimates is derived from buffer
distances and the random forest spatial framework (c).

2.4.1 SOC stocks and model uncertainties

For comparative purposes with previous reports (i.e., the SoilGrids system and
the Harmonized World Soil Database), we harmonized the units of our maps to Mg ha,
which was also useful for visualization purpose+s. For our models, the uncertainty of the
maximum prediction limit was estimated to be_lo Pg, which was the variance of the
SOC stock by increasing the prediction limit from 1 to 700 Mg ha (Figure 2.8).

This relationship showed a stable (close to 0) trend after 200 Mg ha. A larger
density of extreme values was found with the regional model, and we calculated a
maximum possible SOC stock of 83.62 Pg with this model.

Despite the spatial differences reported for the country- specific and regional
ensembles, Weireport a similair stock between both approaches (77.8 42.2 and 76.8 45.1

Pg, respectively). We found that the global ensemble yields a slightly higher
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uncertainty. Our country-specific ensembles suggested that countries with highest SOC
stocks were Brazil, Argentina, Colombia, Mexico, Peru, and Venezuela (Table 2.3).

Consistently, all models showed that tropical broadleaf evergreen forests,
croplands, and temperate shrublands were the land cover classes that had higher SOC
across all SOC available estimates (Table 2.4). However, using only the dataset
contained in the WoSIS system, we predict nearly the half of SOC compared with
previously reported SOC estimates such as the SoilGrids system (Table 2.3).

The model variance of predicted SOC reached values over 300 % for countries
such as Mexico and Bolivia. In contrast, countries with higher SOC per unit area and
relatively low prediction variances were Panama, Guatemala, Costa Rica, Nicaragua,
and Belize. Overall, we found a median model prediction variance of 53 % across
countries in Latin America. Areas with high uncertainty and model variance were
across northern Mexico, Central America, limits between Colombia and Brazil, and the

border between Chile and Argentina.
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Figure 2.6. The absolute distance (Mg ha) between the country- specific and the
regional ensemble (a). The areas in white are areas where the country-
specific modeling is predicting higher SOC than the regional estimate (i.e.,
country-specific is greater than regional) (b).
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Figure 2.7. The absolute distance (Mg ha) between the country- specific and the
regional ensemble (a). The areas in white are areas where the country-
specific modeling is predicting higher SOC than the regional estimate (i.e.,
country-specific is greater than regional) (b).
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2.5 Discussion

We developed a DSM framework to characterize the spatial variability of SOC
across Latin America. Our results suggest that a multi-model approach was suitable to
better understand modeling bias and uncertainty of SOC maps. We argue that
uncertainty on SOC mapping can be associated with (a) the complexity of the property
of interest (i.e., SOC), (b) the environmental heterogeneity within the area/country of
interest, and (c) the characteristics of available data (e.g., data density, data quality, and
data representativeness) to meet model-specific assumptions. Thus, when legacy soil
profile collections that were collected for different purposes along long periods of time
(i.e., decades), a multi-model approach (i.e., ensemble) would be convenient to
maximize the predictive capacity considering the available information.

To maximize accuracy of our models, we used a generalized linear approach to
combine single predictions, and at the continental scale we were able to explain 39 % of
SOC variance using only information contained in the WoSIS system for Latin
America. This result was within the range of the prediction capacity of country-specific
models. Besides the low density of observation points, the performance could be
partially affected by the generalization from the 1 : 1 scale of a soil profile (or field
SOC observation) to a5 5 km grid, representing an additional source of uncertainty.
Higher discrepancy between country-specific and global efforts was evident across
Brazil, the largest country, where our models tend to predict nearly half of SOC
compared to previous efforts (e.g., the GSOCmap-GSP, the SoilGrids system, and the
Harmonized World Soil Database). The SoilGrids system tends to predict the highest

values, while our country-specific ensemble predicts the lowest. The GSOCmap-GSP
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and our ensembles predicted < 100 Pg of SOC across the analyzed countries, while all

other products suggest higher stocks (see Tables 2.3 and 2.4).
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Table 2.3.  SOC stocks (Pg) at the contextual resolution of 5 km grids. The terms used
are defined as follows: ens is country-specific, regional is Latin America
ensemble, sg is the SoilGrids system, GSOCmap-GSP is country-specific 1
km, and hw is the Harmonized World Soil Database.

GSOCmap-
Country ens regional | sg GSP hw
1 Argentina | 13.19 12.77 24.45 18 18.13
2 Belize 0.24 0.12 0.28 0.28 0.19
3 Bolivia 3.29 3.39 8.39 6.99 5.96
4 Brazil 26.82 27.16 68.45 42.79 47.2
5 Chile 6.31 7.2 15.15 1.93 8.28
6 Colombia | 7.01 5.96 15.5 5.12 14.99
Costa
7 Rica 0.56 0.34 0.83 0.83 0.71
8 Cuba 0.52 0.51 1.48 0.82 0.64
9 Ecuador 1.31 1.36 4.04 1.57 2.63
10 Guatemala | 1.02 0.57 1.27 1.27 0.99
11 Jamaica 0.05 0.05 0.14 0.07 0.07
12 Mexico 5.98 6.12 14.43 9.04 17.59
13 Nicaragua | 0.74 0.62 1.42 0.71 0.92
14 Panama 0.56 0.43 1.1 0.33 0.69
15 Peru 4.38 5.13 17.08 3.14 10.51
16 Suriname | 0.56 0.51 1.2 0.45 1.33
17 Uruguay | 0.92 0.88 1.99 0.84 2.27
18 Venezuela | 4.71 3.77 9.39 5.28 5.64
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Table 2.4.  SOC stocks (Pg) at the contextual resolution of 5 km across land cover
classes of Latin America for the 18 analyzed countries. The terms used are
defined as follows: ens is country-specific, regional is Latin America
ensemble, sg is the SoilGrids system, GSOCmap-GSP is country-specific 1
km, and hw is the Harmonized World Soil Database. These are the land
cover classes described in Blanco et al. (2013). This land cover product
was generated using 500 m grids and has 84 % of accuracy.

Land cover ens GSOCmap-GSP |hw sg regional
1 Tropical broadleaf evergreen forest ~ [30.39 40.30 59.15  80.44 [29.73
2 Tropical broadleaf deciduous forest  [0.43 0.65 1.00 1.09 0.42
3 Subtropical broadleaf evergreen forest [2.38 3.91 4.51 6.57 2.25
4 Subtropical broadleaf deciduous forest |1.42 2.04 1.87 2.55 1.07
5 Temperate broadleaf evergreen forest [3.32 1.26 4.97 6.91 3.56
6 Temperate broadleaf deciduous forest [0.48 0.52 1.02 1.21 0.63
7 Subtropical needleleaf forest 0.00 0.01 0.00 0.01 0.00
8 Temperate needleleaf forest 0.23 0.36 0.45 0.54 0.24
9 Mixed forest 0.67 1.08 1.34 1.66 0.66
10 Tropical shrubland 4.25 6.58 6.98 10.30 4.18
11 Subtropical shrubland 3.17 4.18 6.62 6.33 2.90
12 Temperate shrubland 4.56 5.08 7.33 9.97 5.32
13 Tropical grassland 3.01 2.48 3.56 5.46 2.45
14 Subtropical grassland 1.15 1.35 2.28 2.58 1.12
15 Temperate grassland 2.75 3.31 4.86 5.92 3.04
16 Inland water bodies 1.21 1.37 2.07 3.45 1.21
17 Urban area 0.24 0.31 0.45 0.55 0.22
18 Permanent ice and snow 0.14 0.08 0.14 0.38 0.17
19 Barren land 1.74 2.38 2.43 2.95 1.70
20 Cropland 12.95 19.33 21.89 7.94 1242
21 Wetland 0.37 0.56 0.66 1.24 0.35
22 Salt flat 0.13 0.17 0.16 0.18 0.10
23 Coastal areas 1.59 1.39 2.23 4.31 1.78

Another source of discrepancy can be associated with the lack of available data

to represent the SOC stock at the depth of interest (i.e., 30 cm of mineral soil). The
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predictive performance of the mass-preservative spline to continuously represent the
SOC and depth relationships in some cases could be strongly influenced by the lack of
observations across highly variable soil profiles. Some examples include SOC-rich
agricultural soil profiles constantly transformed for food production purposes, or a
volcanic setting. These high levels of missing data lead the trend map of approximated
error (Figure 2.6), which provides an idea of the uncertainty in the SOC estimates.

The GSOCmap-GSP, for example, was generated on a country basis, but the
amount of SOC observations used for the countries to generate these maps was
considerable higher than the available data in the WoSIS system (> 1 000 000 points).
Both of our models predicted more conservative results than the GSOCmap-GSP, while
at the same time, the GSOCmap-GSP predicted less SOC than the SoilGrids system and
the Harmonized World Soil Database. Respectively, the SoilGrids system relies on a
multivariate space suitable to represent the global soil-forming environment; however, a
model would assume a similar relation of each covariate with the response across all
land area in the world. The Harmonized World Soil Database may be a pedologically
sound product, but large areas of Latin America have not been mapped at detailed
scales (i.e., larger scales than 1 : 1 million) and this results in a polygon-based approach
relying on wide generalizations.

Despite the aforementioned limitations, across Latin America, there is an
increasing availability of relevant SOC information across site- and country-specific
regions (Reyes- Rojas et al., 2018; Vasques et al., 2016; Angelini et al., 2017; Samuel-
Rosa et al., 2015; Angelini et al., 2016; Padarian et al., 2017), which could serve for
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validating and calibrating global SOC estimates. Thus, regional approaches considering
multiple Latin American countries and SOC models could be a valuable resource to
explain discrepancies between site or country-specific and global SOC models.

Our results incorporate a multi-model perspective for quantifying/evaluating the
spatial variability of SOC. The model with higher predictive capacity in terms of cross-
validated r2 was RF, an ensemble of regression trees based on bagging. However, this
method yields high ECr, and therefore it tends to capture the trend but with high bias.
Taylor diagrams show that RF in any case yield the lower variance. SVM and RK were
methods with higher agreement between RMSE and corr, and therefore lower ECr.
Large values of ECr represent an accuracy limitation that was evident for RF, PL, and
KK. To overcome these types of modeling biases, previous studies have suggested that
the theory of ensemble learning applied to soil datasets could increase the ac-curacy of
results (Finke, 2012; Nussbaum et al., 2018). Furthermore, recent studies highlight the
applicability of selective ensembles across a large diversity of model algorithms useful
for digital soil mapping purposes (Mgller et al., 2018). Thus, our modeling approach
included the combination of multiple predictions by using a linear stack of models as
implemented in the caretEnsemble package of R (Deane-Mayer and Knowles, 2016),
with the ultimate goal of reducing the uncertainty on SOC mapping efforts.

Across Latin America, we did not find a common predictive algorithm for SOC.
These results suggest that country- specific environmental predictors and available data
influence the applicability of different approaches. This assessment is needed to address

the requirements from the GSOCmap-GSP with the official mandate to generate and
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update country-specific soil information by the means of DSM. Thus, we argue that the
DSM form of each country should assess and incorporate country-specific available
data and environmental predictors to select the best prediction algorithm. The FAO
SOC mapping cookbook explores possibilities to derive country-specific SOC maps
from a variety of prediction algorithms (Yigini et al., 2018), and multiple resources
have described the state of the art of modeling methods focused on DSM of soil carbon
(Minasny et al., 2013; Malone et al., 2017) including geostatistics (Hengl, 2009, 2017).
Thus, data characteristics (e.g., spatial structure, representativeness) are specifically
important for developing a DSM framework as legacy soil profile collections, generated
with long-term soil inventory purposes, will determine data availability and spatial
distribution within a country.

This country-specific approach to map regional SOC results in artifacts across
geopolitical borders. Therefore, data sharing, model validation, and calibration
experiments among countries are required to better capture the spatial variability of
SOC. The use of a natural-defined prediction domain (e.g., ecoregional or
physiographic map) could reduce the border effects. However, we understand that
geopolitical borders are required for policy decisions around country-specific needs. We
highlight that there is a lack of publicly available country-specific data that ultimately
influence the performance of both country-specific to regional-to- global SOC
estimates.

To achieve the highest possible accuracy of country- specific SOC estimates, the

availability of point data sources for SOC modeling and mapping is an important
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consideration when selecting an efficient modeling strategy, especially when dealing
with legacy SOC datasets. Our results highlight important uncertainty levels (> 100 %)
across large areas of Latin America. The data contained in WoSIS have a low-density
distribution given the large area and environmental complexity of several countries
analyzed. Thus, larger uncertainty dominates countries with larger SOC pools probably
because available data do not capture the large spatial heterogeneity of SOC stocks. We
highlight that the WoSIS dataset is a unique and invaluable effort that has proven to
generate global SOC predictions (Hengl et al., 2017; Sander- man et al., 2017), but
there is a global need to increase information and networking capabilities for SOC
(Harden et al., 2017).

This study generated predictions of SOC across Latin America but also provided
information about the main relationships driving the spatial distribution of SOC.
Machine learning (i.e., data-driven) models have proven to be more efficient to model
non-linear relationships of SOC (Hengl et al., 2015), but our results suggest that linear-
based models (e.g., RK) could outperform machine learning methods under well-
distributed and representative SOC data scenarios. Similar results were found across
productive landscapes of Brazil (Bonfatti et al., 2016). We argue that our capacity to
meet modeling assumptions will determine the most suitable prediction algorithm or
ensemble methods (i.e., stack, blend, bucket of models). Machine learning models are
usually conceived as black boxes and the influence of non- informative SOC prediction
factors on machine learning- based SOC models has not been evaluated in detail.

Therefore, we propose that the use of simple linear methods (i.e., correlation of
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available data and their predictors) can be a useful and parsimonious first step to inform
data-driven approaches and enhance the interpretability of machine learning models to
predict SOC. However, the simple selection of prediction factors based on simple
correlation analysis does not prevent multi-collinearity, in which hypothesis-driven
methods (e.g., RK) may be at risk to fail, but provides useful information about the
main effects of the predictors on SOC. Thus, the use of machine learning and other
statistical models (i.e., PL) is suitable to overcome the bias associated with the potential
statistical redundancy of our simple variable selection approach based on simple
correlation analysis. Furthermore, our data suggest that country-specific predictor
factors are needed to better parameterize models but also could be useful for country-
specific model interpretation. These results have important implications because it has
been proposed that an extensive set of prediction factors is required to capture the large
variance of the global SOC pool (Hengl et al., 2017). Thus, we propose that limited but
informative country-specific prediction factors could be jointly explored to describe the
local biophysical characteristics controlling SOC variability.

This study is expected to increase the capacity of Latin American institutions to
provide accurate baseline estimates of SOC with a country-specific perspective
following recommendations of GSOCmap-GSP. Ultimately, these efforts will enhance
the development of new guidelines for measuring, mapping, reporting, verification, and
monitoring SOC stocks (Vargas et al., 2013). Accurate country-specific DSM
frameworks for SOC are required to facilitate interoperability and inform environmental

policy across developing countries (Vargas et al., 2017). Our results highlight that
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attention is needed to better understand the influence of model prediction limits (e.g.,
the full conditional distribution) for the predicted SOC stocks. Setting an unreliable
(excessive or low) prediction limit can have important effects (under or overestimating)
on the overall estimated stocks (Figure 2.8). Therefore, we argue that data science
systems for DSM focused on carbon assessments should be fundamentally based on

SOC expert knowledge and informed by expert-based soil mapping systems.

2.6 Conclusions

We provided a multi-model comparison approach to map SOC stocks across
Latin America and found that there is no dominant best prediction algorithm given the
available data. The relative performance of the different methods varies from one place
to another as well as the relative correlation of SOC with the prediction factors given
the available data. We compared and combined hypothesis-driven approaches (e.g.,
linear geostatistics) and data-driven algorithms (e.g., machine learning), respectively, to
generate interpretable and predictable models of SOC variability. We argue that models
should not be conceived as competitors, because they have different assumptions (about
the data themselves or about the empirical relationship between the response variable
and its predictors) as different models will capture different portions of SOC variability.
We highlight potential levels of uncertainty in SOC stocks associated with the
maximum allowed prediction limit. Public data may not be representative across large
areas, and we call for all countries to strengthen digital soil mapping capacity building

initiatives, SOC research, and data sharing. The use of country-specific information and
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the use of different modeling approaches will enhance regional SOC mapping efforts
and will provide insights to identify where and why different modeling approaches

generate similar SOC estimates.

Code availability. The codes used for this work are available under the AGPL
3.0 license at https://doi.org/10.5281/zen0d0.1304392 (Guevara et al., 2018). Working
codes are also available at https://github.com/vargaslab/ SoilCarbon_Latin_America

(last access: 16 July 2018).

Data availability. The soil dataset can be downloaded from WoSIS at
http://www.isric.org/explore/wosis (last access: 16 July 2018) and corresponds to the
July 2016 version (Batjes et al., 2017). Soil covariates are available at
http://worldgrids.org (last access: 20 February 2018). A list of the codes for the SOC
prediction factors used here can be found at
https://docs.google.com/spreadsheets/d/1yr09cPDoSVdoahN_
fXcNLfgipQcCodRI66WCcj6hJ9A/edit?usp=sharing (last access: 16 July 2018).

Appendix A

Al Brief description of implemented methods

RK is a hybrid model with both a deterministic and a stochastic component
(Hengl et al., 2004). The regression part took the form of a stepwise (backward and

forward) multiple linear regression to avoid statistical redundancy among the best
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prediction factors. The residual kriging was ordinary. The variogram parameters
supporting the spatial interpolation were automatically fitted using the framework
proposed by Hiemstra et al. (2008). RK was applied only to countries with 10 or more
available observations.

PLS is a common method to deal with the presence of highly correlated
predictors. The PLS algorithm integrates the compression and regression steps and it
selects successive orthogonal factors that maximize the covariance between predictor
and response variables (Wold, 1983; Viscarra Rossel et al., 2014). Most of its
development and application are in the fields of chemometrics but it is used in sev- eral
research areas to effectively solve regression and classification problems.

SVM applies a simple linear method to the data but in a high-dimensional
feature space non-linearly related to the input space (Karatzoglou et al., 2006). It creates
a hyperplane through n-dimensional spectral space. Then, SVM separates numerical
data based on a kernel function and parameters (e.g., gamma and cost) that maximize
the margin from the closest point to the hyperplane that divides data with the largest
possible margin, being the support vectors the points which fall within (Heumann,
2011). Then, linear models are fitted to the support vectors. A radial general purpose
kernel was found optimal after the cross-validation strategy for parameter selection.

RF is an ensemble of regression trees based on bagging (Breiman, 1996). This
machine learning algorithm uses a different combination of prediction factors to train

multiple regression trees. Each tree is generated using different subsets of available data
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(Breiman, 2001). The number of prediction factors to use on each tree is known as the
mtry parameter. The final prediction is the weighted average of all individual trees.

KK is a pattern recognition technique which is based on the distances to training
examples in the feature space (Silverman and Jones, 1989). The observations within the
learning set, which are particularly close to the new observation (y, x), should get a
higher weight in the decision than such neighbors that are far away from (y, x)
(Hechenbichler and Schliep, 2004). The parameter k determines the number of
neighbors from which information will be considered for prediction, and a kernel
function (e.g., triangular, Gaussian among others) converts distances into weights which
will be used for regression problems. The Gaussian and (in less proportion) the

triangular kernels were the optimal options for all countries.
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Abstract

Soil Organic Carbon (SOC) information is fundamental for improving global
carbon cycle modeling efforts, but discrepancies exist from country-to-global scales.
We predicted the spatial distribution of SOC stocks (topsoil; 0-30 cm) and quantified
modeling uncertainty across Mexico and the conterminous United States (CONUS). We
used a multisource SOC dataset (>10000 pedons, between 1991-2010) coupled with a
simulated annealing regression framework that accounts for variable selection. Our
model explained ~50% of SOC spatial variability (across 250m grids). We analyzed
model variance, and the residual variance of six conventional pedotransfer functions for
estimating bulk density (BD) to calculate SOC stocks. Two independent datasets
confirmed that the SOC stock for both countries represents between 46 and 47 Pg with a
total modeling variance of +12 Pg. We report a residual variance of 10.4 £5.1 Pg of
SOC stocks against the six pedotransfer functions. When reducing training data to
defined decades with relatively higher density of observations (1991-2000 and 2001-
2010, respectively), model variance for predicted SOC stocks ranged between 41 and 55
Pg. We found nearly 42% of SOC across Mexico in forests and 24% in croplands;
whereas 31% was found in forests and 28% in croplands across CONUS. Grasslands
and shrublands stored 29 and 35% of SOC across Mexico and CONUS, respectively.
We predicted SOC stocks >30% below recent global estimates that do not account for
uncertainty and are based on legacy data. Our results provide Insights for interpretation
of estimates based on SOC legacy data and benchmarks for improving regional-to-

global monitoring efforts.
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3.1 Introduction

Terrestrial ecosystems store >1500 Pg of soil organic carbon (SOC, approximate
stock at 1m depth) worldwide, but accurate spatial representation of these stocks is
needed for fully understanding the contribution of soils within the global carbon cycle
(Crowther et al. 2017, FAO 2017). For global modeling and validating the SOC stored
in terrestrial ecosystems, high-resolution gridded datasets such as the SoilGrids250m
system (Hengl et al. 2017) are increasingly being used to describe spatial SOC patterns
(Jackson et al. 2017; Harden et al. 2017) and trends (Naipal et al. 2018). Such datasets
are also required to facilitate the formulation of reliable climate change adaptation
guidelines and the establishment of regional to global carbon monitoring and
information systems (Ciais et al. 2014, Stockmann et al. 2015, Vargas et al. 2017,
Villarreal et al. 2018). Previous studies suggest that the greatest source of discrepancy
across regional to global carbon cycling estimates is associated with the SOC pool
(Jones et al. 2005, Jones and Fallon 2009, Murray-Tortarolo et al. 2016, Crowther et
al.2016, Tifati et al. 2017). Arguably, current scientific challenges associated with the
discrepancy of the soil carbon pool are to quantify: 1) the size and distribution of local
to regional SOC stocks at scales relevant to inform land management decisions (FAO,
2017, Banwart et al., 2017); 2) the amount of carbon losses from soils due to
heterotrophic respiration (Bond-Lamberty et al. 2018), the amount of carbon removed
from erosion (Naipal et al. 2018) or aquatic export (Tank et al. 2018), or changes in
land use and land cover (Sanderman et al. 2017); and 3) the carbon emissions from
impacts of past and future climate conditions (Walsh et al. 2017, Crowther et al. 2016,

Delgado-Baquerizo et al. 2017). Solving these scientific challenges around carbon
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cycling requires a good understanding of different uncertainty sources around SOC
datasets and SOC modeling efforts.

Major uncertainties in spatial SOC estimates that are extrapolated from
points/pedons to continuous estimates across the land surface are related to several
factors. These include measurement methods, data sources (SOC data and SOC
environmental covariates) and their resolution and extent, the different periods of data
collection, or using multiple modeling and evaluation strategies (Grunwald 2009,
Stockmann et al. 2013, Ogle et al. 2010). Thus, there is a need for improving
interoperability for compiling the best available information and describing SOC spatial
variability across local to global scales (Vargas et al. 2017).

Global modelling outputs for SOC represent the only estimates of SOC across
large areas of the world without in situ ground observations. These global estimates rely
on large datasets that combine multiple SOC data collection periods and methods for
calculating SOC stocks. These inconsistencies represent a known but unquantified bias
for calculating SOC stocks (Poeplau et al., 2017). Thus, there is a need to test different
modelling approaches across areas with high density of SOC observations to improve
the accuracy, detail and reliability of global SOC estimates (Vitharana et al., 2019). The
Harmonized World Soil Data Base (HWSD) or the harmonized soil property values for
broadscale modeling (WISE30sec, Batjes, 2016), are probably the most commonly used
datasets for spatially quantifying SOC stocks and its spatial variability patterns at the
global scale (Kochy et al.2015; O’Rourke et al. 2015). The HWSD provides the most

complete global soil description from synthesizing many regional or national soil maps,
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but it uses a polygon-based approach that has intrinsic quality limitations such as coarse
scale (e.g., >1km pixels), discrepancy between national datasets and broad categorical
generalizations (Stoorvogel et al. 2016, Folberth et al. 2016). Regional to global efforts
to improve the spatial representation of the global SOC pool also include those by the
International Union of Soil Sciences (Arrouays et al. 2017), the International Soil
Resource Information Centre (ISRIC, e.g., Hengl et al. 2014; Batjes et al. 2017; Hengl
et al. 2017), the International Soil Carbon Network (ISCN, e.g., Nave and Johnson,
2012, Harden et al. 2017), the Land GIS project (https://landgis.opengeohub.org) and

the GlobalSoilMap consortium (Arrouays et al. 2014; Sanchez et al. 2009). Another
initiative is the recent call from the United Nations Food and Agricultural Organization
(FAO) requesting the development of country specific frameworks for reporting
continuous and spatially explicit SOC stocks and patterns (FAO, 2017). These efforts
have contributed information for global estimates, along with methodologies useful for
applying standardized protocols for harmonizing SOC measurements from multiple
sources for SOC assessments. However, validating global SOC estimates and
developing country or region specific (e.g., North America) SOC prediction frameworks
are still needed for increasing knowledge by quantifying uncertainties while explaining
the discrepancy of current SOC estimates (e.g., country specific to global scales).

Large discrepancies have been reported among global (Tifati et al. 2017) or
country specific SOC estimates (Guevara et al. 2018). Consequently, reporting
uncertainty and bias of SOC estimates will allow better parameterization of land surface

models, improved local to regional monitoring baselines and informed policy and
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management decisions regarding SOC stocks (Viscarra Rossel et al.2014). The current
discrepancies around SOC estimates could be partially attributed to SOC sampling
errors and bias in the SOC sampling locations, but this is information that may not be
always available for improving SOC estimates. Other sources of errors and spatial
artifacts are related with the use of different measurement methods (or analytical
techniques) for quantifying SOC stocks, lack of information on bulk density or rock
fragments, and different methods to apply pedotransfer functions may generate
contrasting results. For predictive SOC mapping (McBratney, et al. 2003), the quality of
SOC training data and the quality of SOC environmental covariates represent a potential
source of uncertainty that will propagate to final predictions. Thus, increasing
information about how and when SOC data is collected and selecting only the most
effective SOC environmental covariates (i.e., from remote sensing, geomorphometry,
climatology surfaces, thematic maps) will reduce the propagation of errors on further
modeling efforts. Quantifying the errors from inputs and models that influence SOC
predictions and identifying how they are spatially distributed will benefit planning for
future SOC sampling strategies, by assuming that a larger sample is required across
areas with higher discrepancies and modeling bias (FAO, 2017, Heuvelink, 2014).
Optimizing soil sampling strategies is constantly required to validate/calibrate SOC
predictions and reduce their uncertainties across unsampled areas.

North America is a region characterized by a long history of soil data collection
that has produced unprecedented information of SOC. For example, SOC predictions

and estimates across Mexico and the CONUS are available from a variety of methods
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and in different formats. These include soil type polygon maps, field observations and
reflectance spectroscopy analysis, as well as global SOC variability gridded surfaces
based on environmental correlation methods (e.g., Bliss et al. 2014; Hengl et al. 2014;
Wijewardane et al. 2016, Hengl et al. 2017). Further examples include the use of linear
geostatistics for the interpolation of SOC across Mexico (Cruz-Cardenas et al. 2014),
and SOC modeling efforts across the United States (Padarian et al. 2015). For
increasing prediction accuracy of SOC models, flexible statistics (e.g., machine
learning) have been proposed to better predict non-linear relationships between SOC
observational data and their environmental predictors at global and continental scales
(Hengl et al. 2017, Ramcharan et al. 2017). Thus, SOC environmental covariates (i.e.,
surrogates of climate, biota, topography and geology) and observational data can be
coupled with machine learning algorithms to improve the representation of spatial
variability and uncertainty in SOC stocks. Reducing uncertainties from different sources
of information, increasing data-model agreement, and simplifying model complexity
(by assessing variable importance and removing not informative SOC environmental
covariates) are required to enable the fine-scale monitoring of SOC stocks across
countries and regions of the world where no such information is otherwise available
(Viscarra-Rossel et al. 2014, de Gruijter et al. 2016; Minasny et al. 2017).

In this study, we quantified the spatial variability and associated uncertainty of
SOC stocks across different land use categories of CONUS and Mexico; two countries
with rich information of SOC measurements. Previous analyses have shown large

discrepancies in SOC stocks (0-30 cm, ranging from ~38 to ~92 Pg of SOC) derived

79



from country-specific or global SOC esimates (Lajtha et al. 2018, Hengl et al, 2017,
Paz-Pellat et al. 2016, Bliss et al. 2014, Wieder et al. 2014). Our main goal was to
generate a spatial predictive model of SOC variability for the top 30 cm depth at 250 m
spatial resolution across both countries with information collected between 1991 and
2010. We asked the following interrelated questions: 1) Which are the best SOC
environmental covariates (i.e., prediction factors increasing SOC modeling accuracy)
across Mexico and CONUS? 2) How much variation in SOC can machine learning
methods (e.g., tree-based, kernel based, probabilistic-based) explain across this region
using repeated cross-validation? 3) What is the SOC variance associated with multiple
calculation methods for estimating SOC stocks and what is the variance associated to
multiple model predictions? and 4) What are the sensitivities of these predictions
associated to different training datasets (i.e., decadal information from different
collection periods; 1991-2000 and 2001-2010)? The value of considering different
collection periods is to explore the sensitivity of model uncertainty associated to
different training datasets and provide insights for better interpretation of decadal
changes in SOC stocks. In summary, this study provides benchmark information about
how SOC spatial distribution is constrained by the soil forming environment (i.e.,
climate, biota, topography and geology), and quantifies the variance (spatial and

temporal) from using multiple SOC observational datasets.

3.2 Datasets and methods
We followed a digital soil mapping strategy (Figure 3.1) for the prediction of the

spatial variability of SOC across both countries. Digital soil maps are generated using
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field and laboratory observational methods coupled with environmental data through
quantitative relationships (McBratney et al., 2003, Minasny et al., 2008). We assumed
that the spatial variability of SOC (represented by observational data) can be predicted
across large geographical (unsampled) areas as a function of soil forming factors
(climate, biota, topography and geology, Jenny, 1941). These factors (surrogates of the
soil forming environment) are represented through three main sources of information:
remote sensing sensors, gridded climatology products (e.g., precipitation and
temperature) and digital terrain analysis (i.e., geomorphometry; see Pike et al. 2009 and

Wilson 2012, McBratney, et al. 2003).
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Figure 3.1. Flow diagram of the proposed methodology to predict the spatial
variability of SOC stocks across Mexico and CONUS. Orange folders
indicate the SOC data sources used for training and pink folders indicate
SOC data sources used for validating. These sources were harmonized
with the SoilGrids250m covariates. White folders indicate the main results
of this methodology. Gray ovals indicate main methodological steps. CV:
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3.2.1 SOC observational data

Legacy SOC estimates across CONUS were obtained from the International Soil
Carbon Network (ISCN latest version 2018, >18 000 pedons available, Harden et al.
2017). Data from Mexico was provided by the Instituto Nacional de Estadistica y
Geografia (INEGI, SERIES 1 & 2; n >65 000 pedons available, Krasilnikov et al.
2013). We used only the observations collected between 1991 and 2010 to minimize
confounding factors (related to potential changes in the SOC pool; n = 10385, Figure
3.2). We considered all soil horizons containing upper and lower soil depth limit
information. The combination of using soil depth continuous functions (Bishop et al.
1999; Malone et al. 2009) and deriving the weighted average (by depth) from the first
sampled soil horizon at 0 cm depth to all soil horizons sampled within the first 30 cm of
soil depth, allowed aggregating irregular soil horizons for calculating SOC stocks across
both countries. The weights for calculating these stocks were selected defining the
proportion of each horizon within this 0-30 cm interval of soil depth.

Most contributors (across CONUS) and INEGI (in Mexico) considered (or
adapted) the United States Department of Agriculture Soil Taxonomy guidelines for
interpreting soil surveys including SOC and other soil variables (Soil Survey Staff.
1999). For CONUS, the ISCN database provides a harmonized compilation from many
contributors (e.g., Natural Resources Conservation Service, United States Geological
Survey and site-specific research or academic groups; Harden et al. 2017). However,
the largest contributor for this curated dataset is the United States Department of

Agriculture Natural Resource Conservation Service, where the SOC concentration was
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mainly obtained by the Walkley-Black technique (Soil Survey Staff. 2014). All samples
for Mexico were systematically collected and analyzed by INEGI (INEGI, 2014,
Krasilnikov et al. 2013) and SOC concentration was also measured using the Walkley-
Black technique (IUSS-WRB-FAO, 2014). Potential error propagation from the use of
different methods to calculate SOC using information collected over long periods of
time (before 1991) is beyond the scope of this study. We only considered the sensitivity
of SOC models (i.e., model outputs) to variations in training data and inputs derived

from different pedotransfer functions for estimating bulk density (section 2.6).
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Figure 3.2. Distribution and descriptive statistics of available datasets. The point map
shows the spatial sampling locations of available data for the period 1991-
2010 (1991-2000 and 2001-2010) (a). The colored histograms are
representing the statistical distribution of all datasets (i.e., combined
CONUS and Mexico information) (b). The variogram (relation between
distance and variance of observed values) and variogram parameters
(nugget, sill and range) are representing the spatial structure captured with
available data (c). Ste is a Stein model parameterization (and its associated
Kappa value) for the covariance function between all pairs of points
separated by distance units (range in meters) defining the spatial structure
of SOC available datasets.
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3.2.2 Calculation of SOC stocks

SOC stocks were derived by a linear combination of soil depth (0-30cm), coarse
fragments (CF) data, SOC concentration (%), and soil bulk density (BD) following the
method proposed by Nelson and Sommers (1982) as implemented by Hengl (2017). In
general, CF across CONUS was measured in the field considering soil fragments >2
mm and direct gravimetric mass-methods. In Mexico, CF was also measured in field
(considering soil fragments >2 mm), but expressed as percentage of gravel, stones and
pebbles. For the CONUS dataset, the ISCN has calculated SOC stocks using both
modeled (i.e., incomplete) and non-modeled (i.e., complete) information about the
aforementioned variables (Harden et al. 2017). We only used information flagged as
‘complete’ by the ISCN, so no model or pedotransfer functions were used for estimating
BD and consequently SOC stocks. In Mexico, BD was estimated in the field using soil
type maps, soil texture, soil organic matter and soil structure following international soil
mapping guidelines (FAO, 2006, p 51, Table 58). These guidelines are based in a rule-
based approach originally described in the German soil-mapping guidelines (Ad-hoc-
AG Boden, 2005), and have been applied to the collection and analysis of soils across
Mexico (Siebe et al., 2006) and for the contribution of Mexico to the United Nations

SOC map (FAO and ITPS, 2018).

3.2.3 The environmental covariate space

For spatially representing soil forming factors (Jenny, 1941) we used

environmental covariates from the SoilGrids250m system (Hengl et al. 2017). This
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dataset represents over 150 variables of environmental gridded data including terrain
derivatives from a digital elevation model (DEM), the enhanced vegetation index (EVI),
climate (precipitation and land surface temperature) and other soil related gridded
variables (Figure 3.3, Supplementary Table S1). This covariate space is representative
for the analyzed period of time (1991-2010) and is described in detail by previous
publications (Hengl, et al. 2017, Reuter and Hengl, 2012). We extracted this global
information within the geographical limits of the NALCMS (North American Land
Change Monitoring System, 77% of land use classification accuracy) at 250m spatial

resolution (NRCan/CCRS-USGS-INEGI-CONABIO-CONAFOR, 2005).

3.2.4 Recursive feature elimination

We first performed a variable reduction strategy using of a recursive feature
elimination technique (Kuhn et al. 2008) and multiple models were fitted repeatedly
using all possible combinations of highly ranked predictors. Predictors were ranked
using as indicator the cross-validated prediction error of a Random Forest tree
ensemble. We selected the Random Forest as our overall accuracy indicator method
because it showed the highest predictive capacity compared against different machine
learning algorithms tested in our modeling selection strategy (Supplementary Figure
S1). This method is based on bagging predictors and the combination of multiples
regression trees derived from different random data subsets (Breiman, 2001). Each
model grows with the number of trees for minimizing the prediction variance. Model
parameters to define the number of predictors and subsets on each regression tree were

automatically selected by the means of 10-fold cross validation (Figure 3.1). Cross
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validation is a re-sampling technique that we used for maximizing the accuracy of
results while obtaining a robust and stable prediction error estimate used for further
selecting the most informative predictors. In addition, Random Forests uses an out-of-
bag cross-validation form for assessing the relevance of each predictor in the model.
Thus, multiple lists of the “best” predictors are generated from each Random Forest
model realization in the recursive feature elimination framework. This provides a
probabilistic assessment to determine the best predictors to retain at the end of the
algorithm (Kuhn et al. 2008). After a 5-times repeated 5-fold cross validation for the
recursive feature elimination technique (to account for the model sensitivity to data
variations and reduce overfitting), we selected the first 25 environmental covariates for

SOC.

3.2.5 Simulated annealing

The 25 environmental covariates selected from the recursive feature elimination
analysis were used on a simulated annealing regression framework for predicting SOC
stocks (Kuhn and Johnson, 2013). Simulated annealing is a well-known optimization
framework for soil sampling designs (Groenigen and Stein, 1998, Minasny and
McBratney, 2006, Szatmari et al. 2018) and for validating digital soil maps (Biswas and
Zhang, 2018). Simulated annealing is a framework from statistical mechanics and
combinatorial optimization problems (Firstpatrick, et al. 1983) that here we apply for
maximizing the feature selection and prediction accuracy of SOC relevant

environmental covariates.
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In a simulated annealing framework, used for prediction (i.e., regression), a
global search is performed and random perturbations are induced to the dataset for
identifying the variables that are more sensitive to data variations and that have higher
prediction capacity for the target variable (i.e., SOC). We used the cross validated
Random Forest error as indicator to analyze the effect of such perturbations. This
process is constantly repeated, and many iterations are produced in a global learning
search that should in theory result in better solutions (Kuhn et al. 2008). We used the
Random Forest regression algorithm within the simulated annealing framework to
improve the probability of detecting the main drivers of SOC spatial patterns. After a 5-
times repeated 5-fold cross validation, the entire data set is used for generating a model
in the last execution of the simulated annealing global search. This model is built on the
predictor subset that is associated with the optimal number of iterations determined by
the cross-validation resampling technique (Kuhn et al. 2008). We used the final model
of the simulated annealing framework for making predictions across 250m grids
reporting the first five ranked environmental covariates of each generated model. These
environmental covariates were selected because they contributed the most to reducing
the error in the global search of the simulated annealing iterative (i.e., tree ensemble

learning) process.
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Figure 3.3. Visualization of covariates across the political boundaries between
California and Oregon in western CONUS. Land surface temperature (a);
precipitation (b); precipitable water vapor (c); and a digital elevation
model (d); see Supplementary Table S1 for detailed description and
sources of these variables. Gray histograms represent variation across
latitude or longitude.

3.2.6 Uncertainty analysis

We represented uncertainty of our modeling approach as the sensitivity of
prediction models to multiple data inputs. We first explored the residual variance of our
SOC training data against six SOC stocks calculated using six BD pedotransfer
functions. Then, we analyzed the spatial structure of these residuals using Geostatistics,
and computed a model residual error against fully independent SOC datasets. Finally,
we computed the modeling SOC prediction variance and the full quantile response of
residuals (from independent datasets and from the BD variance) to the highest ranked
environmental covariates (Figure 3.1). We postulate that estimates of SOC fall within a
range of errors, and it is therefore important to account for variation in model inputs and
model outputs. Our main goal was to quantify the variability range around predicted

SOC stocks using multiple uncertainty indicators.

3.2.6.1 Pedotransfer functions for bulk density variance

We predicted SOC stocks at the pedon locations available in the WoSIS system
(Batjes et al. 2017). We calculated the residual variance of our predictions and

independent SOC stocks. These independent stocks were calculated using the WoSIS
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SOC concentration data (%), and six conventional pedotransfer functions for estimating
BD. This resulted in six different SOC stocks estimates from the following pedotransfer

functions:

- Saini (1966): BD =1.62 - 0.06 * OM , Jeffrey (1970): BD = 1.482 - 0.6786
* (log(OM)),

- Adams (1973): = 100 / (OM /0.244 + (100 - OM)/2.65),

- Drew (1973): BD = 1/ (0.6268 + 0.0361 * OM),

- Honeysett and Ratkowsky (1989): BD = 1/(0.564 + 0.0556 * OM),

- Grigal et al. (1989): BD =0.669 + 0.941 * exp(1)"(-0.06 * OM).

The OM= organic matter content was estimated as OM=SOC concentration *
1.724. These functions applied to the WoSIS data were selected because they were
developed for a variety of soil weathering environments using multiple analytical
techniques for measuring SOC and because they were recently proposed for the
development of the United Nations global SOC map (Yigini et al., 2018). In addition,
the WoSIS data has been curated under different protocols for controlling data quality
and global interoperability standards (Batjes et al. 2017) and thus, this residual variance
will allow us to have an idea of possible dispersion of values around the SOC calculated

stocks.

3.2.6.2 Independent datasets for model prediction
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We calculated model residuals against two fully independent datasets across
both countries (n=9239). Across CONUS we used 6179 SOC estimates (2010) from the
Rapid Carbon Assessment Project (RaCA, Soil Survey Staff and Loecke, 2016;
Wijewardane et al. 2017) and 3060 (2009-2011) SOC estimates from top soil samples
extracted from the Mexican National Forest and Soils Inventory of the Mexican Forest
Service (2009-2011, Supplementary Figure S2). These independent datasets have been
collected using different sampling designs and using different SOC calculation methods
from our initial training dataset (INEGI and ISCN). The residual analysis against these
independent datasets provides an overall measure of the models’ sensitivity to multiple

SOC data sources.

3.2.7 Spatial autocorrelation of model residuals

We compared the spatial structure (i.e., spatial autocorrelation) of model
residuals using linear geostatistics. The spatial structure accounts for the variance of
values as a response of the geographical distance (e.g., meters) between SOC sampling
points (Figure 3.2a). The spatial structure of a soil property can be quantified using
variograms (a graphical method for modeling the relationship between distance between
points and the variance of their values, Figure 3.2c) and the variogram parameters:
nugget (uncorrelated variance), sill (spatially-autocorrelated variance) and range
(distance to the maximum variance) as explained previously (Oliver and Webster,
2014). We used automated variogram fitting (Hiemstra, et al. 2008) for calculating the

nugget:sill ratio. The nugget is an uncorrelated component of soil variation that cannot
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be explained by our data, it depends on the calculation methods, the sampling
resolution, and the spatial variability of SOC. The sill is the distance between the nugget
and the variance stabilization (y - axis) point while increasing distance (x —axis). The
range is the distance of the variance stabilization point. As in previous studies (Cruz-
Cérdenas et al. 2014), a nugget:sill of <0.25 was considered evidence of a strong spatial
dependence, a relationship between 0.25 and 0.75 was considered a moderate spatial
dependence, and a relationship > 0.75 was considered a weak spatial dependence
(Cambardella et al. 1994). We then used these variogram parameters to generate error
maps by the means of Ordinary Kriging (Oliver and Webster, 2014), as explained
earlier (Hengl et al., 2004), accounting for the potential spatially autocorrelation of the

model residuals.

3.2.8 Model residual limits

For analyzing the model-based uncertainty, we estimated the quantile
conditional response of the aforementioned modeling residuals to the ‘best’
environmental covariates identified by our simulated nnealing framework aiming to
estimate model prediction limits. The main purpose of estimating model prediction
limits is to identify the variance from the most probable predicted SOC stock for each
pixel across the 250m grids. For this purpose, we used the quantile regression forest
approach, which is a variant of Random Forests. This method is able to: a) maintain the
value of all observations in each node for each tree, not just their mean (as is the case of

Random Forests) and b) assesses the quantile conditional distribution at each predicted
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location (pixel). This method has the assumption that the full conditional estimated
response is not different from the mean of the training dataset (Meinshausen 2006). This
method allowed us to quantify the maximum possible range of SOC prediction limits
(e.g., 95%) given available data and available environmental covariates.

All analyses were performed in R (R Core Team 2018) and were repeated using
subsets of available SOC data for the period 1991 to 2000 (n=4877) and for the period
2001-2010 (n=5508) in order to identify possible sensitivities of model predictions

associated with defined (i.e., decadal) variations in training datasets.
3.3 Results

3.3.1 Descriptive statistics

The harmonized SOC training dataset across both countries (n = 10 385, 1991-
2010, Figure 3.2a) showed a right skewed distribution and most estimates were between
0 and 10 kg m2 up to amaximum of 87.9 kg m2. While the Mexican dataset dominates
the 0-10 kg m range, the CONUS dataset has larger SOC values (>10 kg m) (Figure
3.2b). We used a logarithmic transformation (i.e., log(1+x)) of the combined (Mexico-
CONUS) dataset to reduce the skewed distribution for further analysis. The combined
dataset shows a nugget:sill ratio of 0.55, suggesting a moderate spatial autocorrelation

of its values, a sill of 0.9 and a nugget of 0.5 (units in log(kg m?+ 1), Figure 3.2c).

3.3.2 Recursive feature elimination
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The five times repeated 5-fold cross validation (applied to the recursive variable
elimination framework) showed errors of 1.7 (R?= 0.30), 2.0 (R?>= 0.27) and 2.6
(R?=0.34) kg m2for the models 445 1991-2010 (n=10385 ), 1991 to 2000 (n=4877)
and 2001-2010 (n=5508), respectively. For the years 1991-2010, the highest ranked
environmental covariates for predicting SOC were: the DEM and topographic terrain
attributes (the wetness index, the valley bottom flatness index and the valley depth
index) and a remotely sensed precipitable water vapor estimate. For the years 1991-
2000, the highest ranked environmental covariates were: the land surface temperature,
the DEM, the wetness index, the valley bottom flatness index and the standard deviation
of the EVI (surrogate of vegetation seasonality). Finally, for the years 2001-2010, the
highest ranked environmental covariates were: valley bottom flatness index, mean value
of the EVI (surrogate of vegetation productivity), the valley depth index, the wetness
index and the night-time land surface temperature. These results showed consistency on
the highest ranked environmental covariates such as the DEM and other terrain
derivatives, considering the three recursive feature elimination models and years.

The same technique applied to independent datasets showed similar results (i.e.,
when combined RaCA and the Mexican Forest Service datasets). This independent
analysis (years 2010-2012) showed an error of 2.9 kg m(R?=0.47) using all
environmental covariates and an error of 3.4 kg m? (R?=0.33) using just the highest
ranked environmental covariates after the repeated cross-validation. The highest five

ranked environmental covariates of this model were: the DEM and the topographic
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wetness index, the vegetation seasonality (standard deviation) and vegetation

productivity (mean) from the EVI and mean monthly precipitation.

3.3.3 Simulated annealing

The simulated annealing framework confirmed the explanatory power of land
surface temperature and precipitable water vapor, because these variables were
consistently ranked as the highest environmental covariates in the three models (1991-
2010, 1991-2000, 2001-2010). For the three models, the simulated annealing framework
revealed that mean annual precipitation and/or the total annual precipitation were also
important predictors for the SOC dataset against a cross-validation strategy (5 times
repeated, 5-fold). The error estimates from this algorithm were similar compared with
the previous analysis (see section 3.2), but with higher levels of explained variance for
years 1991-2010 (2.2 kg m?; R?=0.41), years 1991-2000 (2.1 kg m; R?=0.31), and
years 2001-2010 (2.3 kg m?; 473 R?=0.46).

The simulated annealing analysis on the independent datasets showed that a
MODIS surface reflectance variable (MO6MOD4, Supplementary Table S1) becomes
one of the first five important variables for predicting SOC. Other highest ranked
environmental covariates for the independent datasets were also consistent with our
previous results: the DEM, mean monthly precipitation, the standard deviation of the
EVI and precipitable water vapor. Modeling errors and explained variances (R?) on this
model were also similar, with a mean error of 3.1 kg m (R?= 0.42) using only the

highest ranked environmental covariates.
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3.3.4 SOC residual analysis

We obtained six different SOC stocks (and mean errors) from the six
pedotransfer functions used to estimate BD values (Supplementary Figure S3). The
equation provided by Drew (Drew 1973: BD =1/ (0.6268 + 0.0361 * OM)) was the
best correlated function with our SOC prediction (1991-2010, r=0.4). The residual
variance of our predictions and the multiple SOC estimates derived from different BD
pedotransfer functions had a standard deviation of 3.5, a median of 1.0, and mean
variance of 1.2 kg m. The residual variance of our predictions (1991-2010) against
predictions from the independent model (RaCA- Mexican Forest Service; n=9239)
showed a standard deviation of 2.7, a median of 2.0, and a mean value of 2.5 kg m?2.
We report a moderate spatial structure (nugget:sill ratio of 0.25) for the residuals of our
models and independent SOC estimates (Figure 3.4a). However, the residual variance of
our predictions against the multiple SOC stocks calculated from different BD
pedotransfer functions showed a strong spatial structure (nugget:sill ratio <0.1) across
both countries (Figure 3.4b).

When combining the residual variance from different BD pedotransfer functions
and the residuals of the independent validation, we detected a significant increase of the
nugget:sill ratio from 0.08 for the years 1991-2000 (Figure 3.4c¢) to a nugget:sill ratio of
0.25 for the period between 2001-2010 (Figure 3.4d). Thus, there was >100% increase

of uncorrelated spatial variation of SOC data (nugget:sill ratio increased from 0.08 to
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0.25) from the model using 1991-2000 data to the model using 2001-2010 data. This

increase of uncorrelated variation (increase of the nugget:sill ratio of >100%) was found
in the combined residuals against independent data sets and against the BD pedotransfer
function. These differences in the nugget:sill ratio are associated with inconsistencies in

data sampling strategies and multiple collection periods of SOC data (Figure 3.4).
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Figure 3.5. Predicted SOC across CONUS and Mexico. Prediction using data for years
1991-2010 (a); Predictions with data for years 1991-2001 (b); and
Predictions with data for years 2001-2010 (c).
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3.3.5 SOC stocks

We estimated a total SOC stock (1991-2010) of 47 Pg (Figure 3.5a) that varies
from 41 to 55 Pg of SOC for the models 1991-2000 (Figure 3.5b) and 2001-2010
(Figure 3.5¢), respectively. For the years 1991-2010, the residual error map suggested
10.4£5.1 Pg of SOC variance associated with the use of multiple pedotransfer functions
for BD and consequently calculating SOC stocks. The larger variance of associated with
BD was found across the surroundings of the Great Lakes, in the states of Vermont,
New York and borders between Pennsylvania and Ohio, in CONUS (Figure 3.6a). The
residual error map of our models against two fully independent datasets (RaCA and
Mexican Forest Service), suggested a higher value of 28.8 + 9.1 Pg of SOC variance.
The large variance associated with the independent datasets was found also across the
surroundings of the Great Lakes, but in the states of Wisconsin and Minnesota (Figure
3.6b). Another large variance from the independent validation was found across the
state of Florida, specifically across the south section in the Everglades area where there

limited observations for the training dataset (Figure 3.1).
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Figure 3.6. Residual error maps interpolated using Ordinary Kriging. The residual
error map of pedotransfer BD residuals (a). The residual error map of our
models against independent validation datasets (b).

The estimated SOC stock after applying the same modeling strategy to the
external datasets was 46 Pg of SOC (combined RaCA- Mexican Forest Service, Figure
3.7a), varying =1 Pg of SOC with the model 1991-2010 (ISCN plus INEGI, 1991-2010,
Figure 3.5a). A linear model of our predictions against the independent datasets (RaCA-
Mexican Forest Service) showed a mean error of 1.0 kg m? (R?=0.43) (Supplementary
Figure S4). The best correlation between SOC predictions was found between models
1991-2000 and 1991- 2010 (r=0.8) with £5 Pg of difference in the predicted SOC
stocks. In contrast the model for the year 2001-2010 was better correlated with the
RaCA- Mexican Forest Service combined predictions (r=0.6), but the SOC stocks
varied for £7 Pg of SOC. The correlation between the model 1991-2010 and the
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independent analysis was lower (r=0.3) but the SOC stocks showed less variation (x1
Pg of SOC).

The variance among all models based on INEGI and ISCN data was +7.6 Pg of
SOC (Figure 3.7b). This value increased up to +12 Pg of SOC by adding the variance of
the models based on the independent analysis (Figure 3.7c). Thus, we provide a SOC
stock for both countries between 46 and 47 Pg of SOC with a total modeling variance of

+12 Pg.
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3.3.6 Quantile conditional distribution of residuals

The quantile conditional distribution (used to identify the model prediction
limits) for the residuals against fully independent datasets suggest a maximum possible
SOC variance of £73 Pg of SOC. This is the SOC variance from the full quantile
conditional response of these residuals to the highest ranked environmental covariates.
From the BD pedotransfer function variance, the full conditional response to the highest
ranked environmental covariates showed a lower value of £20 Pg of SOC. Thus, less
uncertainty was found from the use of multiple pedotransfer functions than from
validating against fully independent datasets. These results highlight the large variance
of possible SOC predictions given the use of multiple training data sources constrained
to a relatively short (i.e., two decade) period of time. The model-based uncertainty
results are shown in Figure 3.8. For the BD pedotransfer function variance, the larger
range of model based uncertainty was found across the Great Lakes of northern CONUS
and the border with Canada (Figure 3.8A), The model-based uncertainty using
independent residuals shows the largest values across, Florida, the east coast and the
surroundings of the Great Lakes in CONUS, as well as some areas of southeast Mexico

(Figure 3.8B).
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3.4 Discussion

We predicted SOC (across Mexico and CONUS at 0-30 cm of soil depth) and
generated gridded estimates at 250m spatial resolution for the period 1991-2010. We
provided predictions of SOC using multiple inputs of data and a feature selection
framework (recursive elimination of predictors and the simulated annealing algorithms)
that allowed us to identify the most informative SOC environmental covariates to
determine SOC stocks between 1991-2010. We calculated SOC stocks for both
countries (46-47 +12 Pg) and these values were >30% below previous global estimates
such as the SoilGrids system or the Harmonized World Soil Database. We have
highlighted large discrepancies between modeling outputs based on multiple data
collection periods (Figure 3.5) and between global SOC products such as the state of the
art SoilGrids250m (Supplementary Figure S5). Furthermore, our results have
implications for the use and interpretation of SOC legacy data or aggregated SOC
information. Specifically, we found a large difference for predicted SOC stocks (from
41 to 55 Pg of SOC) between 1991-2000 and 2001-2010 that cannot be fully attributed
to SOC dynamics, but also to inconsistencies in the spatial configuration of available
datasets, the use of different SOC calculation methods, and the different periods of data
collection. These results open new research questions about the interpretation of
apparent changes in SOC stocks across time and future studies should determine: a) if
regional-to-global differences are due to active management practices/land use change,
or b) if apparent changes are overshadow by large uncertainty estimates due to

inconsistencies in methods and modelling variability.
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3.4.1 Highest ranked environmental predictors

Our results suggest that using a few informative environmental predictors (e.g.,
the DEM and terrain derivatives, the EVI or precipitation patterns) for the spatial
variability of SOC have a similar performance (~50% of explained variance) to a high-
dimensional covariate space (the 150 environmental covariates reported in
Supplementary Table S1) across Mexico and CONUS and using the available datasets
between 1991-2010. The use of a high-dimensional covariate space to predict SOC (and
other soil properties) may be needed to maximize prediction accuracy at the global scale
(Hengl et al. 2017); however, for local to regional applications some environmental
covariates for SOC may be statistically redundant and lead to unnecessarily increases of
the computing resources required for prediction purposes. Reducing the statistical
redundancy of environmental covariates in SOC models will simplify computing
requirements and model complexity (Guo et al. 2019. Reducing the complexity of SOC
models would be appealing in further applications of SOC spatial information (e.g., land
carbon uptake modeling, climate system modeling, niche modeling) which require
similar predictors as for SOC.

Our simulated annealing analysis highlights SOC relationships (positive and
negative) with climate variables (precipitation and land surface temperature), elevation
(and terrain derivatives) and vegetation greenness (productivity and seasonality) that are
consistent with previous literature describing SOC drivers across diverse environmental
conditions (Hobley, et al. 2015, Evans et al., 2011). In addition, when applying the

simulated annealing framework to the independent datasets, a MODIS surface
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reflectance short wave infrared band (MO6MOD4, Supplementary Table S1) was one of
the first five important variables predicting SOC, which is consistent with the infrared
based methods used by the USDA for developing of the RaCA dataset (Wijewardane et
al. 2016). The prediction capability of the infrared spectra (e.g., near infrared, mid
infrared) for SOC can be attributed to the strong spectral absorption characteristics of
soil organic matter and BD (the main components of SOC) in the infrared spectral bands
(Guo et al. 2019). Thus, the main relationships driving our SOC predictions can be
interpreted and associated with the use of different data inputs and specific
environmental covariates (e.g., the DEM and terrain parameters, the EVI and the
MODIS surface reflectance infrared data , precipitation and temperature gridded

surfaces) that can be periodically acquired from remote sensing at the global scale.

3.4.2 Uncertainty quantification

3.4.2.1 BD pedotransfer functions

We report ~10Pg of SOC variance associated with SOC calculation inputs. The
combined and quality-controlled dataset we used have been processed following
international standards for increasing precision and accuracy (Harden et al. 2017, Batjes
et al. 2017). However, the major limitation of these datasets is arguably the low
availability of BD and CF data. Inconsistencies in BD and CF data could explain the
large variance found (Figure 3.6A) across the highly productive landscapes of the north
east of CONUS. It has been discussed that SOC stocks are systematically overestimated

by misuse of the BD and CF content parameters (Poeplau et al., 2017), although for
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some areas, significant underestimations of SOC have been reported (Chen et al. 2018).
Thus, correction of BD is fundamental to achieve realistic SOC estimates and to reduce
the potential overestimation of SOC stocks (Kochy et al. 2015). The lack of accurate
BD and CF data and the large variance of the global SOC values are key issues that
could explain the discrepancy between country-to-global SOC estimates (Tifafi et al.
2018). Thus, our results provide a spatially explicit measure of SOC variance derived
from six conventional BD pedotransfer functions that can be used to explain

discrepancies between national, regional and global SOC estimates.

3.4.2.2 Spatial and temporal variations of available data

We found differences in the spatial structure (i.e., autocorrelation) of modeling
residuals from multiple models and periods of time (1991-2000 and 2001-2010), that
result in large differences on predicted stocks (from 41 to 55 Pg of SOC) from these
defined periods of time. This period of time (1991-2010) have experienced intensive
land use and environmental changes across both countries and our results could be used
for identifying sensitive areas of SOC changes or areas that require further research
(Figure 3.5). However, a previous study suggested that SOC could increase under
reforestation conditions around 2 Pg per century in the topsoil (Nave et al. 2018), so our
“decadal” modeling results may be overestimating the SOC gain between those time-
periods. Here, we discuss our results under this consideration.

While we detected a reduction of SOC across most of Mexico, we detected a

larger gain of SOC mainly across higher latitudes of CONUS (when comparing models
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between 1991-2000 and 2001-2010). Recent efforts have shown multiple agricultural
practices that can lead to substantial SOC gains (Singh et al., 2018) and SOC gains have
been reported on previous studies across higher latitudes of CONUS in response to
agricultural practices (Adhikari and Hartemink. 2017). For example, alpine forest have
been recognized as important SOC sinks under warming conditions (Ding, et al.
2017).Recent reports have shown that some land carbon uptake models tend to project
increases in high latitude SOC that are inconsistent with empirical studies that indicate
significant losses of SOC with predicted climate change across these areas (Lajtha et al.
2018). The uncertainty of current SOC available information is one limiting factor for
increasing the agreement and explaining the aforementioned inconsistencies of SOC
models (Crowther et al. 2017). When applying the analysis independently on the
specific decades (1991-2000 and 2001-2010) we were forced to remove large amounts
of data across large geographical areas; consequently, these areas were not equally
represented (in terms of data information) on these models. We argue that the spatial
distribution and statistical differences on data available for SOC models can explain
discrepancies of SOC trends, as previously shown at the global scale (van Gestel et al.
2018). Reducing the amount of training data increases modeling errors and the
uncertainty of SOC predictions (Lagacherie et al. 2019). Thus, we highlight that caution
must be taken when limited amount of information is used to predict SOC stocks across
large geographical areas and then use that information to quantify apparent changes in
SOC stocks without considering uncertainty. In this study, rather than reporting a SOC

change between decades, we postulate that a better practice is to use all available data
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(1991-2010) to increase spatial representation. Thus, we were able to model SOC spatial
variability and compared results with two fully independent datasets to determine the
most probable SOC stock estimate (46 to 47 Pg of SOC) for the period around 1991 and
2010.

3.4.2.3 Quantile response of residual variance

Model prediction limits from the full quantile response of independent model
residuals indicated a larger SOC variance across both countries (up to 73 Pg of SOC
variance) than the full response of the residual variance associated with the BD
pedotransfer functions (20 Pg of SOC). These results are useful for benchmarking SOC
models and represent a valuable complement for the uncertainty indicators of the
predicted SOC spatial variability (Lagacherie et al. 2019). This variance relies on a non-
parametric and accurate way of estimating conditional quantiles and the overall
reliability of tree-based ensembles such as Random Forests (Meinshausen, 2006). This
approach has been used for analyzing the uncertainty on soil mapping applications and
larger uncertainties have been reported when reducing the data availability in numerical
experiments (Lagacherie et al. 2019, Vaysse and Lagacherie, 2017). Thus, we provide
multiple uncertainty indicators as they are useful to better interpret model limitations
associated with available datasets and complement (across unsampled areas) our cross-
validation and independent validation results. We propose that the results of this

quantile analysis applied to SOC modeling residuals could be used for identifying areas
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that require higher sampling effort due larger discrepancies of multiple SOC model

predictions.

3.4.3 SOC stocks across CONUS and Mexico

The estimated SOC stock across both countries (46-47 Pg of SOC) could be
used for quantifying the contribution of SOC to the regional (e.g., North America)
carbon cycling for the analyzed period of time (1991-2010). Our predicted SOC stock is
lower when compared to values obtained from global estimates such as the re-gridded
HWSD (Wieder et al. 2014) or the SoilGrids250m system (Hengl et al. 2017), where
this value increases to ~71 Pg and ~92 Pg of SOC, respectively. High discrepancy of
these two global products has been reported earlier at global- (Tifati et al. 2017),
country-, or region-specific scales (Guevara et al. 2018, Chen et al. 2018, Vitharana et
al. 2019). Moreover, our results showed discrepancies comparing country-specific
studies reporting SOC stocks in CONUS (29.3 Pg of SOC, Bliss et al. 2014) and
Mexico (9.15 Pg, Cruz-Gaistardo and Paz-Pellat, 2014, Paz Pellat, et al., 2016), as we
report ~39 Pg of SOC for CONUS and ~7 Pg of SOC for Mexico in the first 30cm of
soil. Our results highlight the need to provide country-to-region specific estimates using
the best available datasets, to improve global SOC estimates by developing analytical
frameworks for optimizing multiple SOC modeling efforts and sampling strategies
(Guevara et al 2018).

We report a density of SOC across CONUS (4.98 kg m™) that was relatively

higher than the soils of Mexico (4.22 kg m). Globally, the soil carbon pool (at 1m
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depth) is estimated to have around 1500-2400 Pg (Sato et al. 2015), while the SOC pool
in the upper 30 cm is estimated to be 755 + 119 Pg (Batjes, 2016). Our results suggest
that Mexico represents ~1 % and CONUS ~5 % of the global SOC pool at 30 cm depth.
Recent revisions highlight that the SOC stock at 30 cm soil depth remains unclear
(Lajtha et al. 2018), and this study provides new insights for interpreting the
discrepancies around the topsoil SOC pool across CONUS and Mexico.

Our SOC estimates across forested areas are comparable to those reported on
studies (Domke et al. 2017, Bolafios et al. 2017). However, our results show high
uncertainty across areas dominated with high SOC values (e.g., >1 gr cm, some
northern and tropical forests, peatlands, other black soils dominated areas) and across
higher latitudes (Figure 3.6), as documented in previous studies (Tian, et al. 2015).
Unfortunately, these areas are poorly represented in the available datasets (<10% of
available data with values >1 gr cm) and we encourage future monitoring efforts to

increase their representativeness.

3.4.3.1 SOC across land cover classes

Our study confirms the presence of important SOC stocks across both forest and
agricultural soils. Across both countries, we found higher SOC stocks in croplands,
representing 26% of total SOC within the upper 30cm of soil. Across Mexico, we found
that 42% of SOC was stored in forest soils and 24% in agricultural soils, while 31% of
SOC across CONUS is stored in forest soils and 27% in agricultural soils. While

organic matter-rich and deep soils dominate most agricultural areas across CONUS
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(Adhikari & Hartemink, 2017), most agricultural soils in Mexico tend to be shallow
(Guerrero et al. 2014, ~30cm depth); consequently, we emphasize that carbon
management, monitoring and conservation strategies must be developed from a country-
specific approach considering country-specific land cover classes.

We found that tropical or sub-tropical broadleaf evergreen forests is the natural
vegetation class with the highest SOC pool across Mexico (1.22 Pg), while temperate
broadleaf deciduous forests had the highest SOC pool across CONUS (6.41 Pg).
Grasslands and shrublands are also important SOC reservoirs, as they store around
37.7% of SOC across Mexico and 34.9% of SOC across CONUS (Supplementary Table
S2). Such estimates are relevant for public policy around SOC conservation efforts
(e.g., FAO, 2017) because grasslands and shrublands transitions are increasingly
vulnerable to global warming and the increase of aridity conditions which would result
in a decrease of SOC stocks (Petrie et al. 2014, FAO 2017). Thus, accurately
quantifying the spatial variability of SOC across grasslands and shrublands will be an
important component for enhancing SOC sequestration by better informing
conservation efforts of soil ecosystem functions across North America.

Accurate SOC estimates represent a key variable to quantify human induced
disturbances to the carbon cycle across land cover classes. We report that temperate
forests of CONUS contain the larger SOC reserves while tropical or sub-tropical
broadleaf evergreen forest and wetlands are the land cover classes with higher SOC in
Mexico than CONUS (Supplementary Table S2). Respectively, the tropical or sub-

tropical broadleaf evergreen forests are the most productive ecosystems of Mexico
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(Murray-Tortarolo et al. 2016). The wetlands category, with high carbon sequestration
potential, includes mangroves (and other coastal wetlands), which have been
recognized as the ecosystems with higher carbon storage capacity from the site-specific
to the global scales (Vazquez-Lule, et al., 2019, Adame et al. 2015, Atwood et al.,
2017). Our results represent benchmarks for SOC monitoring across these land cover
classes. Thus, the spatial predictions of SOC at 250m allows for the interpretation of
SOC spatial patterns across land cover classes of Mexico and CONUS accounting for

sensitivities associated with the use of multiple data inputs.

3.4.4 Final remarks

Optimizing future SOC sampling strategies while reducing modeling variance
and increasing model agreement against model independent datasets collected under
different circumstances (e.g., logistics, design, main purpose, SOC estimation methods)
are large challenges for enabling SOC carbon mapping and monitoring systems. New
and better SOC parameters are required for reducing the current discrepancy between
multiple sources of SOC data (Tifafi et al. 2017, Guevara et al. 2018) and enabling
SOC monitoring systems (Viscarra-Rossel et al. 2014). The lack of accurate SOC
spatial information and the combination of multiple SOC data sources could result in
large variance estimates across the two countries (e.g., red areas of Figure 3.6). We
propose that areas with high variance suggest that these regions require higher SOC

sampling efforts.
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We provide high spatial resolution (e.g., 250m pixels) SOC estimates that
account for model uncertainty. Such estimates are needed for identifying regions that
should be targets for SOC protection (Lagacherie & McBratney, 2006). Soil carbon
protection is increasingly important to restore the current negative imbalance in our soil
carbon budget due, for example, to the development of agricultural systems and
croplands (Sanderman et al. 2017). Accurate SOC estimates at the relevant (local) scale
for farmers and landowners (e.g., spatial resolution of 250m or less) would be an
important component to reduce land degradation and improve the efficiency of current
efforts for sequestering SOC (Bonfatti et al. 2016; Malone et al. 2017). Thus, our results
provide insights for identifying and delineating land-areas with high potential for SOC
stocks that account for model sensitivity to multiple data inputs and sources. Finally,
this research is timely because there is high discrepancy between SOC global estimates
that needs to be solved in order to better quantify SOC dynamics (Tifati et al. 2017).

Consequently, this discrepancy can influence the estimates of SOC warming
response (Karhu et al.,2010) and the carbon—climate feedback that could accelerate
climate change (Crowther et al., 2016). We hope that this study motivates an increase in
country-specific soil surveys, data sharing, and modeling of SOC estimates at higher

spatial resolution with a better quantification of uncertainty.
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Supplementary Table S1 Detailed description of the SOC covariates used on for
generating predictions across 250m grids. This table includes a code, units and source of

each SOC prediction factor included in the model predictions.

Supplementary Table S2 Estimated Soil Organic Carbon (SOC) stocks in
petagrams (Pg) for the different land cover classes reported by the North American
Land Change Monitoring System. This table shows the different SOC stocks estimated
for the different data/periods across the combined area of CONUS and Mexico, the

SOC stock across land cover classes of CONUS and land cover classes of Mexico.

Supplementary Figures:

Supplementary Figure S1. Selection of prediction algorithm based on cross
validated accuracy metrics. Random Forest (rf) generates the lowest error and the
highest explained variance. (qrf=quantile regression forest, dnn=deep neural network,
pls=partial least squared regression, bagEarth=multivariate adaptive regression splines,
svmRadial=radial kernel support vector machines, kknn=kernel weighted nearest
neighbors). These results are derived from repeated 5-fold-cross-validation. These
methods were implemented using the R package caret. Highest explained variance (R2,
0-1), lowest mean absolute error (MAE, gr cm-2) or root mean squared errors (RMSE,
gr cm-2) were achieved with rf. Accuracy indicator represents the individual values for

each metric (e.g., R2, MAE, RMSE)
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DOWNSCALING SATELLITESOIL MOISTURE USING GEOMORPHOM
AND MACHINE LEARNING
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Abstract

Annual soil moisture estimates are useful to characterize trends in the climate
system, in the capacity of soils to retain water and for predicting land and atmosphere
interactions. The main source of soil moisture spatial information across large areas (e.qg.,
continents) is satellite-based microwave remote sensing. However, satellite soil moisture
datasets have coarse spatial resolution (e.g., 25-50 km grids); and large areas from
regional-to-global scales have spatial information gaps. We provide an alternative
approach to predict soil moisture spatial patterns (and associated uncertainty) with
higher spatial resolution across areas where no information is otherwise available. This
approach relies on geomorphometry derived terrain parameters and machine learning
models to improve the statistical accuracy and the spatial resolution (from 27km to 1km
grids) of satellite soil moisture information across the conterminous United States on an

annual basis (1991-2016). We derived 15 primary and secondary terrain parameters from
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a digital elevation model. We trained a machine learning algorithm (i.e., kernel weighted
nearest neighbors) for each year. Terrain parameters were used as predictors and annual
satellite soil moisture estimates were used to train the models. The explained variance for
all models-years was >70% (10-fold cross- validation). The 1km soil moisture grids
(compared to the original satellite soil moisture estimates) had higher correlations
(improving from r? = 0.1 to r? = 0.46) and lower bias (improving from 0.062 to 0.057
m3/m3) with field soil moisture observations from the North American Soil Moisture
Database (n = 668 locations with available data between 1991— 2013; 0-5cm depth). We
conclude that the fusion of geomorphometry methods and satellite soil moisture estimates
is useful to increase the spatial resolution and accuracy of satellite- derived soil moisture.
This approach can be applied to other satellite-derived soil moisture estimates and regions

across the world.

4.1 Introduction

Continuous national to continental scale soil moisture information is
increasingly needed to characterize spatial and temporal trends of terrestrial
productivity patterns (e.g., production of food, fiber and energy). This is because
soil moisture is a key variable regulating hydrological and biogeochemical cycles,
and thus studying its spatial-temporal dynamics is crucial for assessing the potential
impact of climate change on water resources [1-4]. Currently, the most feasible way
to obtain national to continental soil moisture information is using remote sensing.
Microwave remote sensing devices deployed on multiple earth observation

satellites are able to quantify the dielectric constant of soil surface and retrieve soil
136



moisture estimates [5]. However, there are spatial gaps of satellite-based soil
moisture information and its current spatial resolution (> 1km grids) limits its
applicability at the ecosystem-to-landscape scales to address the ecological
implications of soil moisture dynamics [5-8].

Satellite soil moisture records are an effective indicator for monitoring
global soil conditions and forecasting climate impacts on terrestrial ecosystems,
because soil moisture estimates are required for assessing feedbacks between water
and biogeochemical cycles [9-12]. In addition, accurate soil moisture information is
critical to predict terrestrial and atmospheric inter- actions such as water
evapotranspiration or CO; emissions from soils [3, 13-15]. However, soil moisture
information at spatial resolution of 1x1km pixels or less is not yet available across
large areas of the world and the coarse pixel size (>1km pixels) of available satellite
soil moisture records is limited for spatial analysis (i.e., hydrological, ecological) at
small regional levels (e.g., county- to state). In addition, satellite soil moisture
estimates are representative only of the first few 0-5 to 10 cm of top-soil surface
[16]. Therefore, comparing multiple sources for satellite soil moisture and field soil
moisture estimates is constantly required for precise interpretations of soil moisture
spatial patterns [17-19].

There is an opportunity for exploring statistical relationships across
different sources of remote sensing information (e.g., topography and soil
moisture) and developing alternative soil moisture spatial datasets (i.e., grids) to

improve the continental-to-global spatial resolution of current satellite soil
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moisture estimates [7]. Spatially explicit soil moisture estimates can be obtained
across large areas with a coarse spatial resolution (between 25-50 km grids) from
radar-based microwave platforms deployed across different satellite soil moisture
missions [20-21]. The availability of historical soil moisture records of these sources
has increased during the last decade with unprecedented levels of temporal
resolution (i.e., daily from years 1978-present) at the global scale. However, large
areas constantly covered by snow, extremely dry regions or tropical rain forests
(where there is a higher content of water above ground) lack of precise soil
moisture satellite records due to sensor intrinsic limitations (e.g., saturation or
noise) across these environmental conditions [22].

One valuable product that is affected by the aforementioned environmental
conditions is the ESA-CCI (European Space Agency Climate Change Initiative) soil
moisture product [20-21]. The ESA-CCI mission makes rapidly available long-
term soil moisture estimates with daily temporal resolution from the 1978s to date,
and it represents the state-of-the-art knowledge tool for assessing long term trends
inthe climate system. Modeling, validation and calibration frameworks are
required for improving the spatial representation of this important dataset, and for
predicting soil moisture patterns across areas where no satellite estimates are
available.

Currently, there is an increasing availability of fine-gridded information
sources and modeling approaches that could be used for increasing the spatial

resolution (hereinafter downscaling) of the ESA-CCI satellite soil moisture
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estimates (e.g., soil moisture predictions across <1x1km grids). Downscaling (and

subsequently gap-filling) satellite soil moisture estimates has been the objective of
empirical modeling approaches based on sub-grids of soil moisture related
information such as soil texture [23]. Other approaches followed environ- mental
correlation methods and generated soil moisture predictions for satellite soil
moisture estimates using both data-driven or hypothesis driven models and multiple
sub-grids of ancillary information [24-26]. These sub-grids of information usually
include vegetation related optical remote sensing imagery, gridded soil
information, land cover classes and landforms [27-30]. Most of these approaches
have been tested for specific study sites. Other studies have focused onapplyinga
digital soil mapping approach (areference framework for understanding the spatial
distribution of soil variability [31]) and multiple upscaling methods for predicting
soil moisture patterns at the continental scale [26, 32]. An overview of multiple
approaches for downscaling satellite soil moisture (e.g., empirically based,
physically based) has been previously discussed [33]. Here, we propose that digital
terrain analysis (i.e., geomorphometry) can also be applied for empirically
downscaling soil moisture satellite-based information across continental-to-
global spatial scales.

Geomorphometry is an emergent discipline in earth sciences dedicated to
the quantitative analysis of land surface characteristics and topography [34-35]. For
geomorphometry, the analysis oftopography includes the generation of adiversity

of hydrologically meaningful terrain parameters (i.e., slope, aspect, curvature,
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valley depth index, topographic wetness index) that aim to represent how the
landscape physically constrains water inputs (e.g., rainwater, irrigation, overland
flow) that reaches the soil surface [35-36]. These terrain parameters are referred as
"digital" because they are usually derived from digital elevation models using Geo-
graphic Information Systems (G1S). These digital terrain parametersare
hydrologically meaningful because at the landscape scale, soil moisture is
partially controlled by topography- related factors (i.e., slope, aspect, curvature)
that physically constrain soil water inputs and soil hydraulic properties (e.g., soil
texture, structure). Based on these geomorphometry principles [35-39], we propose
that it is possible to determine which terrain parameters are the strongest predictors
of the spatial variability of satellite soil moisture. Statistically coupling the spatial
variability of satellite soil moisture with hydrologically meaningful terrain
parameters could be an alternative way to improve the spatial resolution and
accuracy of satellite soil moisture esti- mates acrossscales. Thisis possible because
topography (represented by digital terrain parameters) directly affects: 1) theangle
of the satellite microwave signal at the soil surface; and 2) the overall distribution
of water in the landscape.

Topography isamajor driver for soil moisture and topography surrogates
(e.g., land form or elevation map) have been combined with other variables (e.g.,
climate, soils, vegetation and land use) for downscaling satellite soil moisture
estimates [33]. Furthermore, previous studies have shown that realistic soil

moisture patterns can be obtained using topographic information acrosssite
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specificand catchmentscales including physically based and empirical approaches
[40-41], However, the exclusive use of geomorphometry derived products (i.e.,
digital terrain parameters) for downscaling satellite soil moisture estimates has not
yetbeenexploredindetail from national-to-continental scales. Thisapproachis
relevant to avoid statistical redundancies and potential spurious correlations when
downscaled soil moisture is further used or analyzed with vegetation- or climate-
related variables (when these aforementioned variables were used for downscaling
of satellite derived soil moisture). In this study, we show the potential of asoil
moisture prediction framework purely based on digital terrain parameters.

Our main objective is to generate asoil moisture prediction framework by
coupling satellite soil moisture estimates with digital terrain parameters as
prediction factors. Coupling the complexity of topographic gradients and the
multi-temporal nature of satellite soil moisture requires an approach that should
account for non-linear relationships. Machine learning approaches could account
for non-linearity based on probability and the ability of computer systemsto
reproduce and ‘learn’ (i.e., decide the best solution after multiple model realizations)
from multiple modeling outputs (i.e., varying model parameters of
combinations of training and testing random samples) [42]. Furthermore,
machine learning is now a common component of geoscientific research leading
the discovery of new knowledge in the earth system [43] including mapping of soil

organic carbon [44], soil greenhouse gas fluxes [8, 45] and soil moisture estimates
[46].
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We postulate that the data fusion between satellite soil moisture with
hydrologically meaningful terrain parameters can enhance the spatial resolution,
representativeness and quality (i.e., accuracy) of current coarse satellite soil
moisture grids. We focus on the conterminous United States (CONUS) given the
large availability of soil moisture records for validation purposes from the North
American Soil Moisture Database (NASMD) [47]. The novelty of this research
relies on proposing an alternative approach for obtaining soil moisture gridded
estimates with no gaps and at high spatial resolution (i.e., 1km) determined by
topographic pre- diction factors. This study is based on public sources of satellite
information (derived from ESA-CCI soil moisture product) and a data-driven

framework that could be reproduced and applied across the world.

4.2 Materials and methods

Our downscaling approach relied on a Digital Elevation Model (DEM), and
satellite soil moisture records. Soil moisture information was acquired from the
ESA-CCI [20-21]. The development and reliability (i.e., validation) of this remote
sensing soil moisture product has been documented by previous studies [20-21, 48].
Our framework includes prediction factors for soil moisture from digital terrain
analysis. These terrain predictors were derived across CONUS using 1km grids.
Machine learning was used for generating soil moisture predictions (annual, 1991—
2016) and the satellite soil moisture estimates provided by the ESA-CCI were used

as training data. Field soil moisture observations from the North American Soil
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Moisture dataset were used for validating the soil moisture predictions based on

digital terrain analysis (Figure 4.1).

4.2.1 Datasets and data preparation

The downscaled dataset were obtained from the ESA-CClI satellite soil
moisture estimates between 1991 and 2016, and the validation dataset were field
soil moisture measurements fromthe NASMD (S1Fig). Thedownscaling
framework isexplained inthe followingsections. The ESA-CCI soil moisture
product has a daily temporal coverage from 1978 to 2016 and a spatial resolution
of ~27 km (52 Fig). Among several remotely sensed soil moisture products [16, 49-
53], we decided to use the ESA-CCI soil moisture product because it covers a larger
period of time compared with other satellite soil moisture products (e.g., NASA
SMAP). We highlight that satellite soil moisture information is used for training a
machine learning model for each year, and independent field soil moisture records
area only used for validating the downscaled soil moisture predictions.

Forexternally validating, we used the NASMD because it has been curated
following astrict quality control calibrated for CONUS [44] (S1 Fig). Thisdata
collection effort consists of aharmonized and quality-controlled soil moisture
dataset with contributions from over 2000 meteorological stations across CONUS
described in previous studies [47]. The NASMD also includes records of soil
moisture registered in the International Soil Moisture Network (ISMN) [47, 54].
The NASMD provides processed data from each station location in each net- work

following a standardization framework focused in North America [47-19]. We used
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soil moisture records at 5 cm of depth (n =5541 daily measurements) from 668
stations with avail- able (from the aforementioned sources) soil moisture
estimates at this depth because radar- based soil moisture estimates are
representative for these first few centimeters of topsoil sur- face [16].

As prediction factors for soil moisture, we calculated hydrologically
meaningful terrain parameters for CONUS (S1 Table) using information from a
radar-based DEM [55-56]. These terrain parameters are quantitative spatial grids
representing the topographic variability that directly influence the water distribution
across the landscape [35], which supports the physical link between soil moisture
and topography. These parameters were the basis for downscaling satellite soil
moisture records to 1km grids. This spatial resolution captures the major variability
of topographic features across CONUS and is commonly used on large-scale
ecosystem studies and soil mapping efforts [56-57].

For the calculation of soil moisture prediction factors, we used automated
digital terrain analysis using the System for Automated Geographical Analysis-
Geographical Information System (SAGA-GIS) [36]. The automated
implementation of SAGA-GIS for Geomorphometry (module for basic terrain
analysis) includes a preprocessing stage to remove spurious sinks and reduce the
presence of other artifacts in the elevation gridded surface (e.g., false pikes or flat
areas). After preprocessing the DEM, fifteen hydrologically meaningful terrain
parameters were generated for the CONUS from elevation data including primary

(i.e., slope, aspect) and secondary parameters (i.e., cross-sectional curvature,
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longitudinal curvature, analytical hill- shading, convergence index, closed
depressions, catchment area, topographic wetness index, length-slope factor,
channel network base level, vertical distance to channel network, and valley depth
index; Figure 4.2).

Primary terrain parameters are direct descriptions of elevation data, for
example slope and aspect, which are respectively the first and second derivative
of elevation data. Secondary parameters are generated by combining a primary
terrain parameter with a mathematical formulation to describe process controlled
by topography that are directly related to soil moisture variability [34-35, 37], such
as the overland flow accumulation. The topographic wetness index forexample,
indicates areas where water tend to accumulate by effect of topography and isa
secondary index derived by the combination upslope area draining through a
certain point per unit contour length and the local terrain slope [34-35]. The values
of these terrain parameters (S1 Table) were extracted for each one of the ESA-CCI
soil moisture pixels using as reference the central coordinates of each ESA-CCI

pixel (Figure 4.1inputs).
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Figure 4.1. Soil moisture prediction framework. The folders are the inputs and outputs
and the ovals are methods for data preparation (data bases harmonization),
modeling (for prediction) and validation (for assessing the reliability of
soil moisture maps). The field data from the North American Soil Moisture
Database (NASMD) was only used for validation purposes (i.e., not for
training the model).

4.2.2 Data exploration

We used a principal component analysis (PCA) prior to modeling for data
exploration and description of general relationships between soil moisture values
and topography (represented by the aforementioned terrain parameters). The
purpose was to simplify the dimensionality of the data set to identify the main
relationships (between soil moisture and topographic parameters) driving our
downscaling framework (Figure 4.1methods). The PCA was implemented as in
previouswork [58], based on areference value representing the 0.95-quantile of the
variability obtained by randomly simulating 300 data tables of equivalent size on
the basis of a normal distribution. Thisanalysis was applied to the terrain
parameters at the locations of the field stations in order to compare the relationship
of the first PCA and the values of soil moisture from the ESA-CCI grids and from
the field data.

4.2.3 Model building
For this study we built a model for each annual mean of satellite soil
moisture grids. We used a machine learning kernel-based model (kernel weighted

nearest neighbors, kknn) [59-60] to generate predictions and downscale satellite
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soil moisture grids (Figure 4.1methods). Thetraining dataset for each model/year
were the annual mean values of the ESA-CCI soil moisture product. The kknn
model has two main model parameters: the optimum number of neighbors (k) and
the optimal kernel function (okf). First, we defined k, which is the number of
neighbors to be considered for the prediction. Second, we selected the okf, which is
a reference (e.g., triangular, epanechnikov, Gaussian, optimal) for the probability
density function of the variable to be predicted. The okf is used to convert distances
(i.e., Minkowski distance) into weights used to calculate the k-weighted average.
These kknn model parameters (k and okf) were selected by the means of 10-fold
cross validation as previously recommended [61]. Cross-validation is a well-known
re-sampling technique that divides data into 10 roughly equal subsets. For every
possible parameter value (e.g., k from 1 to 50 and okf [triangular, epanechnikov,
Gaussian, optimal]), 10 different models are generated, each using 90% of the data
then being evaluated on the remaining 10%. To predict soil moisture information at
1 km of spatial resolution for each year (between 1991 and 2016), we selected the
combination of optimal k and okf that lead to the highest correlation (between
observed and predicted data) with the lowest root mean squared error (RMSE) after
the cross-validation strategy. Thus, for each year we were able to predict soil

moisture across 1x1 km grids (Figure 4.1outputs).
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Figure 4.2. Elevation and hydrologically meaningful terrain parameters at 1x1km of spatial
resolution derived using the standard SAGA-GIS basic terrain parameters
module. These maps were normalized (between 0—1) and then used as
prediction factors to downscale soil moisture across CONUS

4.2.4 Validation using field observations across CONUS

Downscaled soil moisture grids were compared against field measurements
and we computed the explained variance (r?) using alinear fit (observed vs
predicted) for each field soil moisture location. Given the relatively low density
and sparse spatial distribution of field data for validating (S1 Fig), we bootstrapped
the independent validation using different sample sizes (from 10to 100% of data
with increments each 10%) to avoid systematic bias associated with the spatial
distribution and density of field soil moisture information. We sampled (n =1000)

repeatedly the original and the downscaled soil moisture. We also computed the
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spatial structure (spatial autocorrelation) of the explained variance (correlation
between geographical distance and variance of r? values) for estimating an r> map
using an interpolation technique known in geostatistics as Ordinary Kriging [62].
Ordinary Kriging is awell-known method for spatial interpolation based on the
spatial structure or spatial autocorrelation of the variable of interest (the r* values
between the field observations and the predicted soil moisture values). The spatial
autocorrelation is defined by the relationship between geographical distances and
variance of values atagiven distance, and itiscommonly characterized using
variograms. We followed an automated variogram parameterization (the optimal
selection for the variogram parameters nugget, sill and range required to
perform Ordinary Kriging) proposed in previous work [63].

As implemented in the automap package of R [63], the initial sill is
estimated as the mean of the maximum and the median values of the semi-variance.
The semi-variance is defined by the variance within multiple distance intervals. For
modeling the spatial autocorrelation this algorithm iterates over multiple variogram
model parameters selecting the model (e.g., spherical, exponential, Gaussian) that
has the smallest residual sum of squares with the sample vario- gram. The initial
range is defined as 0.10 times the diagonal of the bounding box of the data. The
initial nugget is defined as the minimum value of the semi-variance. Thus, the
parameters used for obtaining a continuous map showing spatial trends in the r?
were: a Gaussian (nor- mal) model form, a nugget value of 0.06 m® m=, asill of

0.08 m® m™ and an approximate range of 428.7 km. This map was generated
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because it could provide insights about overall sources of modeling errors (e.g.,
environmental similarities in multiple areas showing low or high explained
variance) and their spatial distribution. All analyzes were performed in R [64] using
public sources of data. Our protocol and R code used for generating the soil
moisture predictions at 1km grids is available online

(http://dx.doi.org/10.17504/protocols.io.6¢cahase) for reproducibility of this research

[65].grids aiming to identify their correlation with the aforementioned validation

dataset (i.e., observed vs predicted).

4.3 Results

The exploratory PCA showed that the first two PCs explained 33% of the
total dataset variability (S3A Fig), where the first PC explained 18% of total
variability and at least five PCs were needed to explain 70% of total variability. The
first PC was best correlated with elevation (r = 0.82) and with the vertical distance to
channel network (r = 0.88). Elevation varied negatively with soil moisture, as well as
other secondary terrain parameters such as the base level channel network elevation
(distance from each pixel to the closer highest point), while the valley depth index
varied positively with soil moisture (S3B Fig). The relative slope position
(indicating the dominance of flat or complex terrain) and the topographic wetness
index (which indicates areas where water tends to accumulate) were also correlated
with soil moisture across the first 5 PCs. Thus, multiple terrain parameters varied

positively and negatively with soil moisture values (S1 Appendix).
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Our framework to predict soil moisture based on topography and remote
sensing was able to explain, on average 79+0.1% of the variability of satellite soil
moisture information as revealed by the cross-validation strategy. The root mean
squared error (RMSE) derived from the cross-validation varied around 0.03 m3/m?,
while the percentage of explained variance was in all cases above 70% (Table 4.1).

By applying the model coefficients to the topographic prediction factors
across CONUS, we generated 26 cross-validated maps (for years 1991-2016) of
mean annual soil moisture estimates within 1x1km grids (Figure 4.3). The
downscaled product shows a higher level of spatial variability due the increased
spatial detail achieved by downscaling soil moisture to 1x1km grids (S4 Fig). Our
predictions reveal a clear bimodal distribution of soil moisture values (e.g., from the
east to the west, Figure 4.4) which is also evident in the original estimate (S5 Fig). The
statistical comparison between the original product and the downscaled product
shows a high level of agreement with an r? value of 0.72.

We provided a visual comparison between the original satellite estimate
and the down- scaled results including both median (Figure 4.4A and Figure
4.4.B) and standard deviation values (Figure 4.4C and Figure 4.4D). We also
show the uncertainty of the original soil moisture product as reported by its
developers (Figure 4.4E) and the r> map from the validation against field stations
(Figure 4.4F). This r? map (Figure 4.4F) is based on the spatial autocorrelation
found in the variogram estimation (e.g., sill > nugget) applied to the r? values of

the data used for validating our approach (S1 Fig).
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Thisr? map is indicating areas with similar soil moisture conditions
regulating the spatial variability of soil moisture and affecting the performance of
our models, around the sites of avail- able field data for validating our approach.
The r> map shows the lowest values across the Central Plains of the US and the
lower Mississippi basin. The lower values in the r> map are consistent with the
high uncertainty values of the original satellite estimate (Figure 4.4E).

The r? map in Figure 4.4Fprovided insights about the relationship
between soil moisture gridded surfaces and soil moisture field data. Higher r?
values were found across the east coast, the Northern Plains and water-limited
environments across the western states. We found that our soil moisture
downscaled output better correlates (nearly 25% improvement) with NASMD field
observations when compared to the original soil moisture satellite estimates (Figure
4.5).

This improvement was consistent after repeating it using random samples
and different sample sizes (from 10 to 90% of available validation data) from the
NASMD field observations (Figure 4.5). Consistently, we found a negative mean
bias (surrogate of systematic error) in the ESA-CCI when compared against field
stations of the NASMD (-0.051) that is slightly lower when comparing the
downscaled soil moisture predictions against the NASMD (-0.048). The resulting
RMSE of validating against field data was also slightly lower (0.057 m3/m3) for the
downscaled estimate compared with the original product (0.062 m3/m3). However,

there is a sparse distribution of validation data and large areas of CONUS lack of
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field information for validating/calibrating soil moisture predictions (Figure 4.6).
Considering the quality-controlled records available from the NASMD across
CONUS and the coarse scale of the ESA-CCI soil moisture product, our approach
suggests an improvement in the spatial resolution (from 27 to 1km grids) of soil
moisture estimates while maintaining the integrity of the original satellite values.
Theoriginal satellite values, the downscaled product and the ISMN dataset
showedasimilar correlation with the terrain predictors. For example, the first PCA
(represented by the distance to channel network and elevation), was negatively
correlated with field soil moisture, the satellite original product and our soil
moisture predictions. The correlation values werer=-0.17, r=-0.27,andr=-0.28
respectively. These relationships showed asimilar pattern in the statistical space

(Figure 4.7).
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Table 4.1. The cross-validation results for each year. This table shows the
correlation, root mean squared error (RMSE) in m3/m3, the number of
training data available (72), the optimal kernel function (okf), and the
optimal number of neighbors used for predicting to new data (k).

Model Year Cgrrel RMSE n okf k
ation

1 1991 0.85 |0.03 18058 triangular (18
2 1992 0.89 |0.03 18429 triangular (16
3 1993 0.88 |0.03 18107 triangular (18
4 1994 09 0.03 18367 triangular 16
5 1995 0.88 0.03 18385 triangular 18
6 1996 09 0.03 18454 triangular 15
7 1997 0.88 0.03 18428 triangular 15
8 1998 0.88 0.03 18540 triangular 16
9 1999 0.89 0.03 18542 triangular 15
10 2000 09 10.03 18547 triangular |15
11 2001 09 10.03 18523 triangular |15
12 2002 0.9 0.03 19170 triangular (16
13 2003 0.89 [0.03 19132 triangular |16
14 2004 0.89 0.03 18934 triangular 16
15 2005 0.89 0.03 19132 triangular 16
16 2006 09 0.03 19131 triangular 16
17 2007 0.88 |0.03 19142 triangular (16
18 2008 09 10.03 19136 triangular |16
19 2009 0.9 10.03 19142 triangular (16
20 2010 0.88 |0.03 19245 triangular |18
21 2011 0.9 0.03 19255 triangular (18
22 2012 0.9 0.03 19252 triangular (16
23 2013 0.89 |0.03 19226 triangular |16
24 2014 0.89 |0.03 19227 triangular (16
25 2015 0.88 |0.03 19231 triangular (16
26 2016 0.88 |0.03 19225 triangular (16
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Figure 4.3. Annual means of soil moisture (1991-2016) downscaled to 1x1km grids across
CONUS using terrain parameters as prediction factors.
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Figure 4.4. Comparison of the original (27km grids) and the downscaled (1km grids)
soil moisture products. Median (a, b) and standard deviation (c, d, sdev)
values of satellite soil moisture and downscaled soil moisture values
(1991- 2016). Uncertainty reported by the ESA-CCI soil moisture (¢) and
the explained variance map (r?) between field data and downscaled soil
moisture (f).
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4.4 Discussion

Our soil moisture downscaling framework was able to improve the spatial
detail of ESA-CCI satellite soil moisture product and its agreement with field soil
moisture records from the NASMD. It is well known that topography has a direct
influence on the overall water distribution across the landscape [38-39] and in the
angle between satellite retrieval and the Earth’s surface. Thus, we demonstrated how
a coarse scale satellite-based soil moisture product (27x27km of spatial resolution),
in combination with hydrologically meaningful terrain parameters, can be coupled
using machine learning algorithms to generate a fine-gridded and gap-free soil
moisture product at the annual scale across CONUS.

We found a correlation between field soil moisture estimates and
topography that is similar to the correlation between satellite estimates and
topography (Figure 4.7), suggesting that topography can be an effective predictor
for direct soil moisture measurements (i.e., from microwave remote sensing).
Previous studies have confirmed this correlation between topographic variability
and soil moisture conditions for downscaling soil moisture across multiple
catchment scales and environmental conditions [40-41]. We recognize that our
modeling approach based on digital terrain analysis does not directly account for
local variations of evaporation, soil structure or vegetation (but indirectly). Our
approach assumed that topography (described by the shape of multiple digital
terrain parameters) isalso capturing some variability associated to all factors
affecting soil moisture. In contrast to previous downscaling efforts using

vegetation and climate information [33, 66], we generated 26 annual soil
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moisture predictions (1991-2016, 1x1 km of spatial resolution) that are
independent of ecological data (i.e., vegetation greenness) and climate
information, (i.e., precipitation and temperature). This topography-based
approach is able to maintain the original satellite soil moisture statistical
distribution (S5 Fig) and has the advantage that our modelling output could be
further related to independent datasets of ecological or climate variables [67-68] and

avoid subsequent spurious relationships.
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Figure 4.5. Validation of soil moisture gridded estimates (original 27 and 1km grids)
against NASMD field observations. Dashed line represents the relationship
of field stations and soil moisture gridded estimates at 27x27km, while
black line represents the relationship between field stations and the
downscaled 1x1km soil moisture product. In all cases (all sample sizes),
the 1x1km product showed higher r2 with the NASMD than the ESA-CCI
soil moisture estimates.
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Figure 4.6. Explained variances computed for each meteorological station of the NASMD
and the corresponding pixel of our soil moisture predictions based on
geomorphometry.
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Figure 4.7. Relationships between the first PC of terrain parameters with soil
moisture field data (a), with the ESA-CCI satellite product (b), and with
the soil moisture predictions based on terrain parameters (c).
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We showed that this topography-based approach is able to improve the
correlation of the original estimate when compared against field data from the
NASMD while maintaining the integrity of its values (i.e., same systematic error
between the NASMD and the original or the downscaled product). Therefore, we
provided areliable (topography-based) approach to predict the satellite soil
moisture patterns across finer spatial grids and in areas where no satellite soil
moisture isavailable.

The downscaling process of satellite soil moisture from 27 to 1km grids
across CONUS is supported on both internal (Table 4.1) and independent (Figure
4.5) validation frameworks to describe modeling performance. The accuracy of our
modeling framework showed explained variances >70% and RMSE values
considerably below (~0.03 m® m) the satellite soil moisture mean of 0.22 m* m,
which is suitable for many applications [66], such as the detection of irrigation
signals [69]. Similar results have been found recently for specific study sites [70].

Our results obtained by the cross-validation strategy and ground validation
supports the application of atopography-based model to predict satellite soil
moisture estimates (Figure 4.4).

Our results showed that higher soil moisture values could be found across
lower elevations, areas with generally large and gentle slopes mainly across valley
bottoms and across catchment areas where water tends to accumulate. This
interpretation could explain the short distance in the multivariate analysis of

satellite soil moisture estimates to elevation and derived terrain parameters such as
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the vertical distance (of each pixel) to the nearest channel network, the valley depth
index and the topographic wetness index. The multivariate analysis also suggested
some degree of statistical redundancy between the topographic prediction factors

(S1 Appen- dix) as they were derived from the digital elevation model by the

means of geomorphometry [34-39]. For example, we found that the topographic
wetness index is highly correlated with the length-slope factor (>0.80%), and this is
because they are two secondary parameters that depend on slope (primary terrain
attribute) [35]. Elevation and slope are respectively required for calculating
secondary terrain parameters such as the valley depth index and the topographic
wetness index [36] and these terrain parameters varied closely with soil moisture

in the multivariate space (S1 Appendix). Thus, understanding the main

relationships between topographic prediction factors and soil moisture can be
useful for reducing modeling complexity while increasing our capacity to
interpret modeling results.

The spatial detail of soil moisture estimates using 1km grids across the
continental scale of CONUS is consistent with the variability of soil moisture
patterns between the western and eastern United States. While drought scenarios
have been recently reported for the western states [71] evidence of precipitation
increase has beenreported recently in the eastern states [72]. Our soil moisture
downscaled estimates (Figure 4.3) revealed asoil moisture gradient across the

Central Plains of CONUS and a clear separation of two major soil moisture data
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populations (i.e., soil moisture values with a bimodality distribution) from the
drier west, to the humid east (S5Fig).

The original satellite soil moisture estimates also show this bimodal
distribution but with a lesser extent (S2 Fig). The bimodal distribution of soil
moisture could be explained by a negative soil moisture and precipitation feedback
in the western CONUS and a positive soil moisture and precipitation feedback in
the eastern CONUS [68]. Furthermore, areas with soil moisture bimodality have
been recognized across global satellite observations and climate models [73]. We
identified areas of low agreement between our soil moisture predictions and field
stations (lower r? values) across the transitional ecosystems (Figure 4.4) from drier
to humid soil moisture environments (i.e., Central Plains and lower Mississippi
basin). It is likely that these transitional areas drive changes in water availability in
surface and subsurface hydrological systems [74]. The lower Mississippi basin,
specifically the area across the surroundings of the Mississippi delta, is an example
of a transitional area experiencing aquifer depletion [75] where both flooding
events and droughts tend to occur within shorter distances that are not captured by
the original satellite soil moisture information. These are the type areas where we
found lower values of agreement (r? values) between satellite and ground soil
moisture observations. These low correlation values can be also explained by the
use of multiple soil moisture networks with different types of sensors and

measurement techniques [19]. Also, the imperfections of prediction factors used
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for soil moisture spatial variability models represent a potential source of
uncertainty.

As any downscaling effort dependent on covariates (i.e., terrain parameters),
our approach is vulnerable to data quality limitations such as the presence of
systematic errors on these covariates. Other errors are derived from input data
imperfections and difficulties meeting modeling assumptions. These errors in soil
moisture modeling inputs increase the risk of bias and uncertainty propagation to
subsequent soil moisture modeling outputs and soil mapping applications [76-78].
For example, elevation data surfaces derived from remote sensing data (such as the
global DEM used here) could show artifacts (i.e., false pikes or spurious sinks) due
to data saturation or signal noise that can be propagated to final soil moisture
predictions [79]. We minimized this issue by using SAGA-GIS [36] as it has
adopted methods for preprocessing and perform DEM quality checks [80] before
deriving the topographic prediction factors used in this study. Because input
covariates could not be fully free of errors, we advocate for reporting information on
bias and r? values to inform about accuracy (e.g., Table 4.1) as important
components for interpreting soil moisture predictions.

Our results suggest that the original coarse scale soil moisture product and
the values of soil moisture from the NASMD (Fig 5) are difficult to compare in
terms of spatial variability, as is highlighted in previous studies [19]. This is because
a satellite soil moisture pixel from the ESA-CCI product provides a value across a

larger area (27x27km) than a field measurement at a specific sampling location
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(defined by geographical coordinates). This scale dependent effect (27x27km vs 1:1
field scale) is reduced (>25%) with soil moisture predictions across finer grids
(1km). The downscaled soil moisture maps showed a higher agreement with field
soil moisture records from the NASMD (Figure 4.5), supporting the applicability of
this soil moisture product for applications that required higher spatial resolution.

Our soil moisture predictions across 1km grids suggest that topography can
be effectively used to improve the spatial detail and accuracy of satellite soil
moisture estimates. Several studies have highlighted differences in spatial
representativeness between ground-based observations and satellite soil moisture
products [77, 81]. Other studies have shown that the spatial representativeness of
the ESA-CCI soil moisture compared with field observations is higher from
regional-to-continental scales than from ecosystem-to-landscape scales [82-83].
There- fore, large uncertainties of soil moisture spatial patterns (below 1km grids)
needs to be resolved for assessing and better understanding the local variability of
soil moisture trends.

We argue that currently there is an increasing availability of high-quality
digital elevation data sources with high levels of spatial resolution (e.g., 1-2 to 30 to
90m grids) across large areas of the world [84-85] that can be used to derive reliable
hydrologically meaningful terrain parameters for predicting soil moisture. The
relationship of these digital terrain parameters and field soil moisture (i.e.,
meteorological stations) is similar to the relationship between terrain parameters

and satellite soil moisture gridded estimates (Figure 4.7).
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From a single information source (a remotely sensed DEM), we downscaled
satellite records of soil moisture using a framework that theoretically is
reproducible across multiple scales. The ultimate goal of reducing the multiple
information sources for predicting soil moisture is to reduce the statistical
redundancy in further modeling efforts (i.e., land carbon uptake models) and large-
scale ecosystem studies (i.e., ecological niche modeling) that combine similar
prediction factors for soil moisture (i.e., climate or vegetation indexes). These
include models estimating water evapotranspiration trends [86] and process based
global carbon mod- els that could also benefit from more accurate and independent
soil moisture inputs [78]. To improve the spatial representativeness of satellite soil
moisture estimates, the number of studies developing new downscaling approaches
based on prediction factors is rapidly expanding [26, 28, 66, 87]. There is a pressing
need to solve the current uncertainty of soil moisture estimates to accurately
understand how soil moisture is limiting the primary productivity of terrestrial
ecosystems [6]. Previous studies have identified a topographic signal in satellite soil
moisture [88] supporting the reliability of our modeling approach. Therefore, our
results pro- vide an alternative applicable to continental scales for downscaling
satellite soil moisture estimates based on hydrologically meaningful terrain
parameters.

The novelty of this approach is that it could be applicable to multiple
temporal resolutions (e.g., monthly or daily) as it generates independent models for

each period of interest and at multiple spatial scales as the availability of terrain
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parameters for modeling purposes has increased substantially (i.e., meters) in the
last decade. Increasing the temporal resolution of downscaled maps (i.e., from
annual to monthly predictions) is beyond the scope of this study, will increase
computational costs, but are theoretically possible following this approach. While
monthly or weekly (or even daily soil moisture datasets) are valuable sources for
large scale earth system modeling, annual averages are also valuable for detecting
long term trends in the climate-land system. Rather than focusing on temporal
variability of soil moisture, our results provide insights for improving the spatial
variability and consequently the spatial representation of soil moisture gridded

surfaces derived from satellite information.

4.5 Conclusion

Recent studies highlight the necessity of detailed soil moisture products to
account for soil moisture limitation in terrestrial ecosystems. We developed a
geomorphometry-based framework to couple satellite soil moisture records with
hydrologically meaningful terrain parameters. This approach is useful to avoid
statistical redundancies when downscaled soil moisture is further used or analyzed
with vegetation- or climate-related variables not included in the downscaling
framework. We predicted (i.e., downscaled) soil moisture using 1x1km grids across
CONUS at an annual scale from 1991 to 2016. This gap-free soil moisture product
improved the spatial detail of the original satellite soil moisture grids and the overall

agreement (increased by >20%) of these grids with the NASMD field soil moisture

records. Our findings suggest that digital ter- rain analysis can be applied to elevation
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data sources to derive hydrologically meaningful terrain parameters and use these
parameters predict soil moisture spatial patterns. Our framework is reproducible
across the world because it is based on publicly available DEMs, ground and satellite

soil moisture data. Our protocol and R code is available online

(http://dx.doi.org/10.17504/ protocols.io.6cahase) as well as input parameters and
annual means of soil moisture at 1km grids

(https://www.hydroshare.org/resource/b8f6eae9d89241cf8h5904033460af61/).

Supporting information available in:
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0219639#sec010

S1 Appendix. Thisfile (AppendixS1.html) contains the results of the automated PCA report
described in the methods section, for exploring relationships between soil moisture and
topography.

(HTML)

S1 Fig. Spatial distribution of the NASMD validation set with information for the first 0- 5cm
depth (n 668).

S2 Fig. ESA-CCI satellite soil moisture across CONUS (~27km grids).
(TIF)

S3 Fig. PCAmap ofthe firstand second principal components. The individual point
cloud across the plane between the first and second PCA (a). The orthogonal
relationship of the vari- ables with higher contribution to this plane (b). Soil
moisture is represented by the dotted blue line. An interpretation of these can be

found in S1 Appendix.
(TIF)

S4 Fig. Mean soil moisture for the year 2016. Comparison between the original satellite
soil moisture (a) and soil moisture predicted at 1km grids (b).
(TIF)
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S5 Fig. Bimodal distribution of satellite soil moisture (black) and the downscaled
soil moisture estimates (red).

(TIF)

S1 Table. This table (S1 Table) contains a description of primary and secondary terrain
parameters used in this study for generating soil moisture predictions.
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Abstract

Soil moisture is key for quantifying soil-atmosphere interactions and the ESA-
CCI (European Space Agency Climate Change Initiative) provides historical (>30
years) satellite soil moisture gridded data at the global scale. We evaluate an alternative
approach to increase the spatial resolution of the original ESA-CCI soil moisture
measurements from 27km to 15km grids by coupling machine learning (ML) with
information from digital terrain analysis at the global scale. We modeled mean annual
ESA-CCI soil moisture values across 26 years of available data (1991-2016) using a
ML kernel method and multiple terrain parameters (e.g., slope, wetness index) as
prediction factors. We used ground information from the International Soil Moisture
Network (ISMN, n=13376) for evaluating soil moisture predictions. We provide gap-

free mean annual soil moisture predictions, which increase by nearly 50% the spatial
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resolution of ESA-CCI soil moisture product. Our predictions showed a statistical
accuracy varying 0.69-0.87% and 0.04 m3/m?of cross-validated explained variance and
root mean squared error (RMSE). We found no significant differences between the
ESA-CCI and our predictions, but we found discrepancy between multiple evaluation
metrics (e.g., bias vs efficiency) comparing the ESA-CCI with the ISMN. We found a
negative bias (-0.01 to -0.08 m3/m?) between the values of ISMN when comparing with
the ESA-CCI and our predictions across the analyzed years. A temporal analysis, using
a robust trend detection strategy (i.e., Theil-Sen estimator), suggests a decline of soil
moisture at the global scale that is consistent in both gridded datasets and field
measurements of soil moisture varying from -0.7[-0.77, -0.62]% in the ESA-CCI
product, -0.9[-1.01, -0.8]% in the downscaled predictions, and -1.6 [-1.7, -1.5]% in the
ISMN. The soil moisture predictions provided here (Guevara, et al., 2019,

https://doi.org/10.4211/hs.b940b704429244a99f902ff7cb30a31f) could be useful for

quantifying soil moisturespatial and temporal dynamics across areas with low
availability of soil moisture information in the original ESA-CCI soil moisture current

and future versions.

5.1 Introduction

Assessing the reliability of currently available soil moisture datasets is
fundamental for a comprehensive understanding of the global water cycle (Al-Yaari et
al., 2019). Soil moisture datasets are useful to characterize hydrological patterns (Greve

and Seneviratne, 2015), the influence of soil moisture on terrestrial carbon dynamics
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(van der Molen et al., 2011), and global climate variability (Seneviratne et al., 2013).
Soil moisture information is used for identifying trends in the water cycle and could be
useful to better characterize the response of ecosystems productivity to soil moisture
decline (Zhou et al., 2014). However, quantifying the response of ecosystems
productivity to soil moisture decline is challenging due to a current lack of accurate and
detailed long-term soil moisture datasets across large areas of the world. This lack of
soil moisture information can affect our capacity to detect regional-to-global soil
moisture trends and could be an important source of uncertainty in global models of
land-atmosphere interactions (May et al., 2016).

Large-scale hydrological and ecological analyses (e.g., continental, global) and
syntheses of global climate variability benefit from soil moisture information provided
by multiple soil moisture monitoring networks (Dorigo et al., 2011a) and from satellite
soil moisture measurements (Dorigo et al., 2017; Liu et al., 2011). Field soil moisture
measurements (from soil moisture monitoring networks; Figure 5.1) and satellite soil
moisture measurements are two main sources of continuous soil moisture information at
the global scale used for quantifying regional-to-continental soil moisture patterns and
trends.

Field soil moisture measurements are representative of small footprints within
specific study sites, at specific soil depths (e.g., 0-5 cm) and the availability of field soil
moisture measurements is sparse and limited across large areas of the world. On the
other hand, satellite microwave radiometry using L-band (~ 1.4-1.427 GHz) and C-band

(~4-8 GHz) for example, is optimal to estimate regional soil moisture (Mohanty et al.,
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2017). The number of efforts for providing satellite soil moisture data at the global scale
(based on microwave radiometry) have increased during the last decade (Al-Yaari et al.,
2019).

Satellite soil moisture datasets are representative for the first few cm of soil
depth (e.g., 0-5 cm) and they are provided in grids with spatial resolution varying
between 9 and 25 km (Senanayake et al., 2019). This is a range of spatial resolution
commonly used in global studies quantifying land and atmosphere interactions (Crow et
al., 2012; Jung et al., 2010). However, there are also large areas of the world (across
specific environmental conditions) where no satellite soil moisture data are available
due to intrinsic sensor limitations (McColl et al., 2017). Collection of field soil moisture
information across these missing areas is expensive, time consuming, and in many cases
impossible due to logistical reasons. Consequently, many information gaps exist and
modeling/validation efforts for predicting soil moisture values across unmeasured areas
are required to increase the applicability of soil moisture datasets in studies at multiple
scales (Singh et al., 2015).

Currently, the historical soil moisture product from the European Space Agency-
Climate Change Initiative (ESA-CCI) provides soil moisture grids at the spatial
resolution of ~27x27 km grids (Liu et al., 2011). The ESA-CCI soil moisture product is
a synthesis from multiple soil moisture sources and it covers four decades (from the
1978 to 2018) of accurate soil moisture values at the global scale. The ESA-CCI soil
moisture product contains uncertainty of measurements and it covers a longer period of

time (from 1978 to 2018) compared with other satellite-derived soil moisture products
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(Al-Yaari etal., 2019), and is suitable for applications in long-term ecological and
hydrological studies (Dorigo et al., 2017).

Across large areas of the world, the ESA-CCI soil moisture product is being
validated and calibrated against ground truth (i.e., field) soil moisture measurements
(Al-Yaari et al., 2019; Dorigo et al., 2011a). Previous work has included a quality
control framework to remove potentially wrong measurements from the ESA-CCI soil
moisture product, with the ultimate goal of improving its spatial representativeness and
reliability (Gruber et al., 2017). The ESA-CCI soil moisture product is constantly being
improved in each released version and we highlight that versions 4.4 and 4.5 have
substantial spatial gaps across the world (Figure. S1). Therefore, the development of
alternative modeling and validation frameworks is needed to provide new datasets and
information to complement the different versions of the ESA-CCI soil moisture product.

To improve the spatial resolution of satellite soil moisture gridded datasets,
multiple efforts have used statistical learning methods to couple coarse satellite soil
moisture datasets with multiple sources of environmental information at higher spatial
resolutions. These sources of environmental information include vegetation indexes
(from optical imagery) and climate information (Alemohammad et al., 2018).
Chloropeth maps (i.e., land use, land forms) and soil information have also been used as
prediction factors to improve the spatial resolution of soil moisture gridded datasets
under statistical modeling (e.g., regression) frameworks (Peng et al., 2017). The sources
of environmental information are the basis for downscaling satellite soil moisture grids

because they are available at higher spatial resolution than the original satellite soil

186



moisture grids. For example, optical remote sensing (i.e., light detecting and ranging) is
able to provide vegetation indexes with a spatial resolution of meters (Dubayah and Drake,
2000), as well as elevation data is now available at higher levels of spatial resolution
(e.g., meters; Tadono et al., 2014). For this study, we focus on the potential of using
elevation data to represent topographic variability and consequently represent the role of
topography in the overall distribution of water across the landscape (Moeslund et al., 2013,
Mason et al., 2016, Guevara and Vargas 2019).

Elevation data is the basis of digital terrain analysis to quantify topographic
variability and land surface characteristics (e.g., terrain roughness, terrain slope, terrain
convexity; Wilson, 2012). Previous studies have found evidence of a topographic signal
in satellite soil moisture measurements (Mason et al., 2016). Other studies have
highlighted the potential of using these land surface characteristics as prediction factors
for soil moisture and developing soil moisture products with higher spatial resolution
compared with the original satellite soil moisture measurements (Guevara and Vargas,
2019; Western et al., 2002). Digital terrain analysis are calculations of land surface
characteristics that largely depend on topography, such as the terrain slope and aspect,
or the topographic wetness index, which is a parameter that characterizes areas where
soil moisture could increase by the effect of the overland flow accumulation. The
overland flow as well as the potential incoming solar radiation are two important
topographic drivers of the spatial distribution of soil moisture (Nicolai-Shaw et al.,
2015), its memory after precipitation events (McColl et al., 2017), and its role as a

dominant control of plant productivity (Forkel et al., 2015).
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Our overarching goal is to test how the application of digital terrain parameters
(e.g., terrain slope and aspect, or the topographic wetness index) as predictors of soil
moisture information could increase the spatial resolution of global mean annual
satellite soil moisture information. The specific objectives are: 1) improve the spatial
resolution (from 27 to 15km grids; an improvement of about 50%) of the ESA-CCI soil
moisture product (version 4.2 at the annual scale; years 1991- 2016); 2) test how this
downscaled mean annual global estimate compares with the statistical distribution of
the ESA-CCI soil moisture measurements; and 3) test the consistency of temporal
analyses at the global scale using our downscaled product, the ESA-CCI product, and
field soil moisture measurements around the world. In this study, we provide a new
dataset of gap-free mean annual global soil moisture estimates at 15km resolution for
the years 1991-2016 (Guevara, et al., 2019,
https://doi.org/10.4211/hs.b940b704429244a99f902ff7cb30a31f).

5.2 Methods

We used a data-driven modelling approach including Geographical Information
Systems (GIS) and platforms for geoscientific analysis and statistical computing for
combining digital terrain parameters, soil moisture gridded estimates and soil moisture
tabular datasets. Field information of soil moisture is used for validating our soil
moisture predictions based on one data driven 115 model for each year of available

satellite soil moisture data in the ESA-CCI.
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Figure 5.1. Data distribution of the ISMN dataset (n=13376) available for the period
1991-2016. Values represent overall mean values at each location for the
period 1991-2016.

5.2.1 Datasets

This study is based on the analysis of ESA-CCI soil moisture measurements
(version 4.2, years 1991-2016; Figure 5.2). We postulate that mean annual soil moisture
(for any specific year) can be predicted using a regression model and digital terrain
parameters (derived from elevation data) as prediction factors. In this regression
framework, soil moisture is represented by the yearly mean of soil moisture values (for
each calendar year) at the central coordinates (latitude and longitude) of pixels from the
ESA-CCI soil moisture measurements. A similar approach was applied at the regional-

scale within the conterminous United States providing an improvement in spatial
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resolution and ground truth validation of satellite soil moisture derived from the ESA-
CCI (Guevara and Vargas 2019).

The explanatory variables for soil moisture were represented with the values of
the terrain parameters for the locations of the aforementioned central coordinates of the
original ESA-CCI soil moisture measurements. Therefore, soil moisture for each
model/year can be predicted at finer spatial resolutions defined by the spatial resolution
of the digital terrain parameters (Guevara and Vargas, 2019). We first harmonized (e.g.,
same geo-spatial reference, same extent) the ESA-CCI soil moisture and topographic
data (elevation and derived terrain parameters) using open source geographic
information systems (Hijmans, 2019). The digital terrain parameters (Figure 5.3) were
derived from elevation data in SAGA-GIS (System for Automated Geoscientific
Analysis-GIS) (Conrad et al., 2015). The source of elevation data was a radar based
digital elevation model (Becker et al., 2009) that we resampled to a spatial resolution of
15 km across the world. We recognize that this resolution is still too coarse to represent
the local variability of soil moisture but this dataset has two advantages: 1) it is nearly a
50% improvement of spatial resolution when compared with the original ESA-CCI (~27
km grids) soil moisture product, and 2) our framework produced a gap-free global
annual soil moisture estimate at 15 km resolution and it is theoretically applicable for

predictions at higher temporal resolution (e.g., of months, weeks or days).
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Figure 5.2. ESA-CCI soil moisture mean (a) and standard deviation (b) for the period
1991-2016 from ESA-CCI soil moisture version 4.2. White areas are areas
where no complete information is available during the analyzed period.
The black line shows geopolitical borders.
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Topographic terrain parameters that were derived from the DEM using
SAGA-GIS. These terrain parameters were used as prediction factors for
the values of the ESA-CCI soil moisture product. These terrain parameters
were standardized by centering their means in 0 by a variance unit for
improving visualization purposes. a) aspect: terrain aspect, b) carea: specific
catchment area, c) chnl base: channel network base level, d) chnl dist: distance to channel
network, e) convergence: flow convergence index, f) hcurv: horizontal curvature, g) land:
digital elevation model, h) Isfactor: length-slope factor, i) rsp: relative slope position, j)
shade: analytical hillshading, k) sinks: smoothed elevation, 1) slope: terrain slope, m) vall

depth: valley depth index, n) vcurv: vertical curvature, o) wetness: topographic wetness
index.
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5.2.2 Refinement modeling

To predict soil moisture at a finer spatial resolution (15 km) than the original
ESA-CCI product (27 km), we used a machine learning (ML) kernel-based method
known as weighted Kernel Nearest Neighbors (KKNN; Hechenbichler and Schliep,
2004). This ML method was used to account for likely non-linear relationships between
soil moisture and terrain parameters at the global scale. The KKNN method is a time
efficient algorithm compared with more complex ML algorithms (i.e., tree- based, deep
learning based). It is a pattern recognition technique based on multiple data neighbors to
account also for variations in the relationship of soil moisture with its explanatory
variables from one place to another. The KKNN algorithm has two main user defined
parameters, the parameter k determines the number of neighbors from which
information will be considered for prediction. The second parameter is a kernel function
(e.g., triangular, epanechnikov or Gaussian among others) that allows to convert
distances into weights (the farther the neighbor, the smaller the weight it will be
assigned) that can then be used to take a weighted vote or a weighted average
respectively for classification (i.e., predicting categorical variables such as soil type) of

for regression problems (i.e., predicting continuous variables such as soil moisture).

5.2.3 Model parameter selection

For each yearly mean, each model was first parameterized (selection of optimal
parameters for each model/year) using cross validation and folds of 10 % of available
data out of each iteration. The cross-validation indicators (information criteria about
model performance) were the Pearson correlation coefficient (r) and the root mean
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squared error (RMSE) for each modeled yearly mean. Using the combination of k and
kernel function of the model generating the lowest RMSE and highest r for each
model/year, we predicted soil moisture at the resolution of the aforementioned terrain
parameters (i.e., 15 km) at the global scale.

Then, the resulting soil moisture predictions and the ESA-CCI soil moisture
product were validated against the available soil moisture data reported in the
International Soil Moisture Network (ISMN; Dorigo et al., 2011a, 2017) for each
annual mean (1991-2016). We extracted the values of soil moisture gridded
measurements to the locations on the ISMN available data. A total of 8080 tables with
soil moisture information with multiple data sizes (from multiple contributing networks)
were extracted from the ISMN for the analyzed period of time (1991-2016). We also
provided this information harmonized in an annual basis, including the values of the

ESA-CCI and our predictions for the locations of the ISMN dataset (see section 5).

5.2.4 Assessment metrics

The ISMN data was used to calculate multiple model evaluation indicators (see
Carslaw ,2015) for comparing the ESA-CCI soil moisture product and the soil moisture
predictions based on digital terrain analysis approach. These evaluation statistics were
performed using the openair package of the R software (Carslaw and Ropkins, 2012).
These evaluation statistics included the number of complete pairs of data (n) and the
Pearson correlation coefficient (r) between predicted and observed values as well as
systematic error indicators:

- MB, the mean bias;
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- MGE, the mean gross error;

- NMB, the normalized mean bias;

- NMGE, the normalized mean gross error;

- RMSE, the root mean squared error;

The fraction of predictions within a factor of two of the observed values (FAC2)
was another evaluation indicator included in our analysis. The FAC2 is a robust metric
for model evaluation because it is not overly influenced by outliers (Chang and Hanna,
2004). Other evaluation indicators that are not sensitive to outliers and extreme values
were also included:

- The Coefficient of Efficiency (COE, based on Legates and McCabe, (1999)

and Legates and McCabe (2013)). The COE has been used widely used to
evaluate the performance of hydrological models. A perfect model has a

COE =A value of COE= 0 or negative implies low prediction capacity;
IOA, the Index of Agreement (Willmott, Robeson, and Matsuura 2012),

which spans between -1 and 1 and with values approaching +1 representing
better model performance. The 10A indicates the proportion of the sum of
the error magnitudes in relation to the sum of the observed-deviation

magnitudes.

By interpreting the aforementioned model evaluation indicators, a perfect model
would have a FAC2, r, COE and IOA ~ 1.0, while all the others ~ 0. These metrics
represent a valuable set of information criteria for comparing both the ESA-CCI soil
moisture product and the soil moisture predictions based on digital terrain analysis

against ground data from the ISMN.
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5.2.5 Trend detection

We also performed a non-parametric trend detection test (i.e., Theil-Sen
estimator) to compare soil moisture trends between the ESA-CCI soil moisture product
and the downscaled soil moisture predictions based on digital terrain analysis (yearly
means 1991-2016). The same trend detection test was applied to the field information
contained in the ISMN dataset for comparative purposes. A pixel-wise trend detection
test was also applied to search for changes in the regression relationship (i.e., soil
moisture ~ years) using different regression parameters before and after any possible
breakpoint. A minimum of four years are required between break points for detecting
trends and segments between break points with less than eight observations are not
considered. Therefore, this method is considered to provide a robust trend detection

estimate (Forkel et al., 2013, 2015).

5.3 Results

We provided a dataset of gap-free downscaled mean annual soil moisture
predictions at the global scale at 15 km grids for years 1991-2016. These predictions are
based on ML and digital terrain parameters and they are provided in a generic raster
format (Guevara, et al., 2019,

https://doi.org/10.4211/hs.b940b704429244299f902ff7chb30a31f). Supporting the

reliability of our prediction framework, the original ESA-CCI and our downscaled soil
moisture predictions based on digital terrain analysis showed consistently a global mean
annual value of 0.19 m¥/m3and a standard deviation of 0.6 m%m?considering the mean
value of all analyzed years. The downscaled soil moisture predictions showed a similar
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bimodal distribution compared with the original ESA-CCI soil moisture product (Figure
5.4). The ISMN showed also a bimodal distribution but a larger range (>50%) of soil
moisture values compared with both soil moisture gridded measurements (Figure 5. 4).
The ISMN values (in an annual basis) showed a mean value of 0.24 and a standard
deviation 0.12 m*méa. Thus, the complete range of soil moisture variability in the ISMN
is higher than the ESA-CCI satellite measurements and therefore is also higher than the

downscaled soil moisture predictions based on digital terrain analysis (Figure 5. 4).
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Figure 5.4. Probability distribution functions showing the statistical distribution of soil
moisture gridded datasets (i.e., ESA-CCI, and our soil moisture product
[Predicted]) and soil moisture observations from the ISMN.

5.3.1 Model parameter selection

The cross-validated Pearson correlation coefficient (r) between observed and
predicted soil moisture across the analyzed years varied from 0.78 to 0.81,
demonstrating a reliable prediction capacity. The RMSE varied from 0.03 to 0.04
m3/m3, in all cases below the first quartile of the ESA-CCI soil moisture training data

distribution (0.15 m3/m?, Table 5.1).

198



Table 5.1  Cross validated correlation (r), RMSE, training data pixels (n), the kernel
type, and the number of neighbors of the parameter k in the soil moisture
prediction models for each year.

year |r rmse |n kernel k
1 1991 [0.78 |0.0448 (195886 ftriangular [20
2 1992 [0.81 |0.0404 (198624 triangular (19
3 1993 [0.81 |0.0405 (198144 triangular (19
4 1994 0.81 |0.0408 (198458 triangular (19
5 1995 [0.82 |0.0400 (198595 triangular (18
6 1996 [0.81 |0.0398 (198752 triangular (18
7 1997 [0.81 |0.0398 (198655 triangular (19
8 1998 [0.81 |0.0409 (199076 triangular (18
90 1999 [0.81 |0.0407 (199067 triangular (18
10 2000 [0.81 |0.0404 [199089 triangular (19
11 2001 |0.80 |0.0422 (199008 triangular {19
12 2002 |0.81 |0.0407 (208167 triangular {19
13 2003 |0.78 |0.0441 (178580 triangular {21
14 2004 |0.83 |0.0374 [152696 triangular {19
15 2005 |0.82 |0.0398 (173179 triangular {18
16 2006 |0.80 |0.0405 (176761 triangular {19
17 2007 |0.80 |0.0398 [208161 triangular {18
18 2008 [0.81 |0.0393 [209543 triangular (18
19 2009 [0.81 |0.0391 [209276 triangular (19
20 2010 [0.79 |0.0398 211717 triangular (18
21 2011 [0.80 |0.0391 [211581 triangular (19
22 2012 10.80 |0.0399 [212042 triangular (18
23 2013 [0.81 |0.0400 [209584 triangular (18
24 2014 |0.80 |0.0403 [209573 triangular (18
25 2015 |0.80 |0.0402 [209590 triangular {19
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5.3.2 Evaluation against field data

The validation of the ESA-CCI soil moisture product and the ISMN (Table 5.2)
showed relatively similar results compared to the validation of the downscaled soil
moisture predictions based on digital terrain analysis and the ISMN (Table 5.3). In
Table 5.2 and Table 5.3 the calculated evaluation statistics (n, FAC2, MB, MGE, NMB,
RMSE, r, COE, and 10A) are provided.

Table 5.2 and Table 5.3 provide model evaluation statistics (agreement metrics
between observed and modeled) for 26 different yearly models for the years 1991 to
2016. The number of complete pairs of data available for validation (n) increases with
time. (i.e., respectively for Table 5.2 and Table 5.3, we counted in 102 and 104
available pairs of points for 1991 while for 2016 these numbers increased to 1165 and
1194 pairs of points). The higher data density (e.g., with >1000 spatial coordinates with
soil moisture from the ISMN and pixel soil moisture values from the ESA-CCI) was
found between 2011 and 2016 (Table 5.2). In all cases, the evaluation statistics are
equal or better for the downscaled soil moisture predictions based on digital terrain
analysis (Table 5.3) than the original ESA-CCI soil moisture product (Table 5.2).

Evaluation statistics such as FAC2, RMSE, r, COE and I0OA showed variability
across the analyzed years (Table 5.2 and Table 5.3). The FAC2 from 1991 to 2016
never falls below 0.70. This implies that no less than 70% of the predicted values were
within a factor of 2 of the observed values. For the ESA-CCI soil moisture product, the

lowest FAC2 value was 0.70 for 2012 and the highest value was 0.93 for 2000. These
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numbers were consistent for the downscaled predictions based on digital terrain analysis
(0.79 and 0.94 respectively for the same years). From both Table 5.2 and Table 5.3 the
RMSE varied from 0.09 to 0.13 m¥m3. We found in all cases a negative mean bias,
confirming that the ESA-CCI soil moisture product (and consequently our predictions)
tend to underestimate the values of yearly soil moisture means from field measurements
in the ISMN. The values of the mean bias varied from -0.01 to -0.1. Lowest bias was
found for 2013 and highest bias for 1996. For the models after 1997, the r values range
from 0.30 to 0.60. These values indicate a weak to moderate positive relationship
between soil moisture gridded measurements and field soil moisture data. Before 1998,
values on both tables indicate weak to no linear relationship. In all cases, we also found
that the COE was less than 0 from 1991 to 2001. This suggests that the simple observed
mean has a better agreement than the ESA-CCI with the values of the ISMN. For years
2001 onward, the models showed a relatively higher COE (Table 5.3). For the IOA
values in both tables, all of the 26 values are above 0, and range from 0.10 to 0.57.
Therefore, this indicates a low to moderate, positive correlation between gridded soil
moisture measurements and field soil moisture data. From this evaluation section, our
results show that the original ESA-CCI soil moisture product tends to underestimate the
values of the ISMN. The downscaled predictions based on digital terrain analysis are
not significantly different compared with the ESA-CCI soil moisture product when
evaluated against observed field values from the ISMN, but they provide 1) gap free
soil moisture-related information and 2) higher spatial resolution (from 27 to 15 km

grids).
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Table 5.2.

Agreement metrics between the ISMN dataset and the ESA-CCI soil
moisture product at the annual scale. n, the number of complete pairs of
data; FAC2, fraction of predictions within a factor of two; MB, the mean
bias; MGE, the mean gross error; NMB, the normalized mean bias;
NMGE, the normalized mean gross error; RMSE, the root mean squared
error; r, the Pearson correlation coefficient; COE, the Coefficient of
Efficiency; I0A, the Index of Agreement.

year

n FAC2 [MB MGE NMB NMGE |RMSE | COE IOA

1991

102 (0.892 |-0.069 [0.081 |-0.241 [0.282 0.105 0.091 -0.499 [0.251

1992

123 (0.837 [-0.077 [0.091 |-0.269 [0.316 0.115 0.165 [-0.455 [0.272

1993

113 [0.903 [-0.076 [0.085 |-0.251 [0.282 0.108 0.234  0.466  0.267

1994

113 (0.823 [-0.088 [0.093 |-0.292  [0.308 0.119 0.055 0.782 0.109

1995

94 10.851 [0.078 |0.090 [-0.272 |0.317 0.110 0.251 -0.478 [0.261

1996

118 (0.847 [-0.099 [0.106 |-0.332 [0.357 0.128 0.252 -0.644 0.178

1997

121 [0.909 [-0.080 (0.098 |-0.274 |0.339 0.115 0.319 |-0.433 [0.284

1998

119 (0.899 [-0.082 [0.098 |-0.282 [0.334 0.117 0.357 0.380 0.310

1999

72 0903 [-0.055 [0.091 [-0.203 |0.337 0.103  0.589 |0.012 [0.494

2000

82 0927 [-0.062 [0.089 [-0.228 |0.328 0.104  0.522 |0.067 [0.467

2001

133 [0.880 [-0.039 0.085 |-0.163  |0.357 0.102  |0.465 |0.077  [0.538

2002

205 (0.883 [-0.038 [0.078 [-0.168 |0.349 0.094 0.581 |0.126  [0.563

2003

299 0.796 [-0.032 |0.083 |-0.148 |0.385 0.102  0.470 |0.108  [0.554

2004

380 [0.845 |-0.047 [0.081 [-0.205 [0.351 0.105 0.433 [0.041 [0.521

2005

469 0.806 [-0.033 |0.083 |-0.156  |0.390 0.109 0.271  0.020 0.510

2006

507 (0.805 [-0.033 |0.080 [-0.159 |0.381 0.102  |0.308 |0.008  [0.504

2007

573 |0.859 [-0.028 [0.073  [-0.133  [0.350 0.090 0.452  0.059 0.529

2008

613 |0.853 [-0.041 [0.081 [-0.187 [0.368 0.106 0.453  |0.065 0.532

2009

696 (0.876 [-0.035 [0.079 [-0.157  [0.358 0.104 0.468 0.089 0.544

2010

900 |0.839 [-0.029 [0.078 [-0.135 [0.363 0.107 0.331 0.041 0.521

2011

1031 [0.826 |-0.032 [0.080 |-0.152 |0.375 0.112 0.334 |0.046 0.523

2012

1318 [0.705 [-0.045 0.091 |-0.218 |0.439 0.126  0.200 |0.055 [0.472

2013

1242 0.812 |-0.019 [0.076 |-0.099 |0.387 0.107 0.433 0.133 0.566

2014

1237 [0.840 |-0.026 [0.075 |-0.126  |0.368 0.103 0.469 0.129 0.565

2015

1253 [0.812 |-0.034 |0.083 |-0.161 |0.388 0.119  0.415 0126  [0.563

2016

1194 [0.845 |-0.031 |0.082 |0.145 0.378 0.118 |0.366 |0.086  [0.543
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Table 5.3.

Agreement metrics between the ISMN dataset and the downscaled soil
moisture predictions based on digital terrain analysis. n, the number of
complete pairs of data; FAC2, fraction of predictions within a factor of
two; MB, the mean bias; MGE, the mean gross error; NMB, the
normalized mean bias; NMGE, the normalized mean gross error; RMSE,
the root mean squared error; r, the Pearson correlation coefficient; COE,
the Coefficient of Efficiency; IOA, the Index of Agreement.

year

n FAC2 |MB MGE |NMB |NMGE |RMSE [r COE 10A

1991

104 (0.904 |-0.078 [0.084 [0.270 [0.292 [0.108 [0.077 [-0.561 [0.220

1992

125 10.880 [-0.084 [0.094 |-0.292 |0.326  0.118 [0.120 |-0.509 |0.245

1993

115 (0.887 |-0.085 [0.093 |[-0.280 [0.306 [0.116 [0.112 [-0.597 [0.202

1994

115 (0.826 -0.092 [0.095 |-0.302 (0.315 (0.117 [0.133 [-0.806 [0.097

1995

96 0.865 [0.085 [0.094 |0.296 [0.328 0.115 [0.214 |0.528 |0.236

1996

119 |0.849 [-0.099 (0.106 -0.333 [0.355 0.127 [0.276 |-0.638 |0.181

1997

122 |0.910 [-0.081 0.098 |-0.279 [0.337  0.117 [0.295 |-0.427 |0.287

1998

120 |0.900 [-0.082 [0.096 |-0.279 |0.326 0.116 [0.372 |-0.349 |0.325

1999

73 0.904 [0.051 [0.092 [0.189 [0.344 0.103 [0.601 |0.015 |0.492

2000

84 0.940 -0.056 (0.089 |-0.208 [0.328 [0.102 [0.560 |-0.047 [0.477

2001

136 (0.904 (0.031 [0.083 |-0.129 (0.348 [0.096 [0.544 [0.106 |0.553

2002

211 (0.872 f0.030 [0.079 [0.134 [0.355 0.094 [0.568 [0.127 |0.564

2003

307 (0.798 [0.027 [0.084 [0.128 [0.391 0.101 [0.492 0.108 |0.554

2004

389 [0.871 [-0.040 (0.081 [0.173 [0.354 [0.103 [0.411 |0.045 [0.522

2005

483 (0.810 (-0.032 [0.083 |-0.150 [0.388 [0.107 |0.331 [0.031 [0.516

2006

522 0.830 [0.031 [0.080 [-0.148 |[0.376 |0.101 [0.353 |0.035 [0.517

2007

586 [0.884 [-0.026 [0.073 [-0.127 (0.351 [0.090 [0.454 [0.059 [0.530

2008

626 [0.874 -0.041 |0.082 |0.187 [0.371 [0.107 [0.456 |0.056 [0.528

2009

710 [0.885 -0.034 |0.081 |[-0.154 [0.365 [0.106 [0.449 |0.070 [0.535

2010

911 [0.856 [-0.028 [0.080 [-0.129 0.368 [0.106 [0.333 [0.030  [0.515

2011

1051 [0.829 |-0.031 [0.082 [-0.143 [0.384 [0.112 0.301 [0.024 [0.512

2012

1341 (0.786 |-0.035 [0.084 [-0.166 |0.405 [0.115 [0.299 [0.028 [0.514

2013

1273 (0.807 [-0.012 [0.079 |[-0.061 [0.402 [0.108 [0.380 [0.096  [0.548
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20141268 0.834 [-0.020 [0.079 [-0.098 [0.382 |0.106 [0.380 [0.091 [0.546

2015(1283 0.812 |[-0.028 [0.086 [-0.129 [0.401 |0.121 [0.341 [0.093 [0.547

20161194 0.845 |[0.031 [0.082 [0.145 [0.378 [0.118 [0.366 [0.086  |0.543

5.3.3 Trend detection results

At the locations with available field soil moisture information from the ISMN,
we found a consistent soil moisture decline. This result was consistent when
considering the values of the same locations for both tested gridded soil moisture
datasets (i.e., ESA-CCI and the downscaled soil moisture predictions based on digital
terrain analysis predictions). Overall, the trend detection test suggests a consistent
decline of soil moisture at the global scale (Figure 5.6). The confidence intervals of the
detected trends overlap between both gridded datasets, but both gridded datasets
significantly underestimate the soil moisture decline detected from the field soil
moisture measurements contained in the ISMN. These detected trends (using yearly
means between 1991-2016) decreased from -1.6 [-1.7, -1.5]% in the field measurements
of the ISMN (Figure 5.6a), to -0.9[-1.01, -0.8]% in the downscaled soil moisture
predictions based on digital terrain analysis (Figure 5.6b), to -0.7[-0.77, -0.62]% in the
ESA-CCI soil moisture product (Figure 5.6¢). Thus, supporting the reliability of our
prediction framework, we found that the trend calculated using the downscaled soil
moisture predictions is closer to the trend of the ISMN data than the trend of the ESA-

CCI soil moisture values (Figure 5.6).
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Figure 5.5. Predicted soil moisture mean based on digital terrain parameters (a) and
standard deviation (b) for the period 1991-2016. The black line shows

geopolitical borders
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Figure 5.6. Trend detection results for soil moisture. Trends of the ISMN dataset (a),
the soil moisture predictions based on digital terrain analysis (b) and the
ESA-CCI soil moisture product (c).
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Both soil moisture gridded products (ESA-CCI and the downscaled soil
moisture predictions based on digital terrain analysis predictions) showed a variety of
pixels showing both positive and negative trends during the analyzed period of time at
the global scale (Figure 5.7). At the global scale, from the original ESA-CCI soil
moisture product we found that 25.16% of pixels (53374 of 212141 total pixels of
27x27km) with available data during 1991 and 2016 showed significant positive and
negative trends (using a probability threshold of 0.05). For the soil moisture predictions
based on digital terrain analysis this value showed a similar percentage (26.16%,
368614 of 1409020 total pixels) of pixels showing positive and negative trends (same
probability threshold of 0.05) during the analyzed period. The downscaled soil moisture
product based on digital terrain analysis revealed a larger area of significant soil
moisture decline (significant negative trend, probability threshold <0.05). The ESA-CCI
soil moisture product showed 16635 pixels of 27 km with significant positive trend
(12126915 km?) and 36739 pixels (26782731 km?) showing significant negative trend
(Figure 5.7a). However, in the downscaled soil moisture product a total of 103863
pixels of 15 km of spatial resolution showed a significant positive trend (23369175
km?), while 264751 pixels of the same dimensions (59568975 km?) showed a significant
negative trend (Figure 5.7b). Thus, the soil moisture decline detected using the
downscaled product occupies an area >2 times larger than the area where soil moisture
decline was detected using the ESA-CCI soil moisture product.

The downscaled soil moisture predictions based on digital terrain analysis are

useful for quantifying soil moisture trends across areas where no soil moisture
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information for long periods of time is otherwise available (Figure 5.8). These soil
moisture predictions revealed a negative trend across tropical rain forests of the
Amazon basin in Latin America, and the Congo region in Africa (Figure 5.7b). Across
these areas, there are still large spatial gaps of information in the original ESA-CCI
satellite product due to intrinsic sensor limitations and therefore trends and spatial
patterns cannot be resolved across these areas using the ESA-CCI satellite product on

its version 4.2 (Figure 5.7a) or 4.4 (Supplementary Figure S1).

208



— 0.002
o |
n
- 0.001
[}
3 +~ 0.000
S°
S - -0.001
- -0.002
o
o - m3m?
o
S |
=
— 0.002
(=2
wn
- 0.001
(]
3 - 0.000
S ©
3 ~ -0.001
L -0.002
o
B m3m?3
- =3

T T T

T T T T
-150 -100 -50 0 50 100 150

Longitude

Figure 5.7. Pixel based soil moisture annual trend based on the ESA-CCI soil moisture
product (a) and soil moisture annual trends from the soil moisture
predictions based on digital terrain analysis (b) for the period 1991-2016.
The black line shows geopolitical borders. Dark gray areas are areas where
no significant trend (p-value >0.05) was detected.
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Figure 5.8.  Soil moisture predicted across areas with gaps in the ESA-CCI soil
moisture product. Black areas in the global map indicate the areas that
are well covered by the ESA-CCI soil moisture product while the colored
areas are the predictions of soil moisture based on geomorphometry and
machine learning (a). We show mean annual soil moisture predictions
across areas with no data in the ESA-CCI soil moisture product across the
Amazon (b) and the Congo (c) basins.

5.4 Discussion
We developed a regression framework coupling ML and digital terrain analysis
for improving (by nearly 50%) the spatial resolution of satellite soil moisture datasets

from the ESA-CCI soil moisture product at the global scale. We provided a gap- free
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annual mean soil moisture dataset at the global scale for years 1991-2016 using a spatial
resolution of 15 km grids. This dataset could prove useful for analyzing the spatial
variability of long-term drought scenarios associated with soil moisture decline (Berg
and Sheffield, 2018) and its implications in global hydrological models (Zhuo et al.,
2016), climate change predictions (Samaniego et al., 2018), carbon cycling models
(Green et al., 2019), or for monitoring famine spatial relationships with water scarcity for
crops and human use (Mishra et al., 2019).

We provided soil moisture information across areas where no information of the
ESA-CCI soil moisture product is available. These results could contribute with the
validation and calibration of current initiatives for improving the spatial
representativeness and data quality of the ESA-CCI soil moisture product (Gruber et al.,
2017). To predict soil moisture across these areas with gaps in the ESA-CCI soil
moisture product (Figure 5.7a) we assumed that soil moisture (each annual mean soil
moisture estimate) can be predicted as a function of topography (Guevara and Vargas
2019). This is based on physical principles because topography is a major control of the
water distribution in the landscape and topography determines the angle between
satellite soil moisture sensors and the earth surface. Thus, our results bring attention for
the potential of using digital terrain parameters (i.e., surrogates of topography) for
improving the spatial resolution and gap- filling of the current satellite-derived soil
moisture products.

The accuracy of our downscaled soil moisture predictions (Table 5.3) is

consistent with the accuracy of the original ESA-CCI soil moisture product (Table 5.2).
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However, we found that the extreme values (minimum and maximum values) in the
ISMN dataset in an annual basis are underestimated by the ESA-CCI soil moisture
product (Figure 5.4). This subestimation, as explained in previous work (McColl et al.,
2017, Liu et al., 2019), is because satellite soil moisture sensors are not able to provide
accurate estimates across extremely dry conditions or across areas where water
aboveground is higher than water belowground (e.g., extremely humid conditions). For
a better calibration and understanding the main limitations of satellite soil moisture
measurements across multiple environmental conditions, there is an increasing number
of studies reporting validation performances across multiple scales (spatial and
temporal) of available soil moisture satellite datasets (An et al., 2016; Colliander et al.,
2017b; Dorigo et al., 2011b; Minet et al., 2012; Mohanty et al., 2017; Yee et al., 2016).
Several reports have shown similar prediction bias (e.g., similar RMSE values) (Al-
Yaari et al., 2019; Colliander et al., 2017a) as the results of this study. Thus, we
contribute with a modeling framework supported by the direct correlation between
topography and satellite soil moisture (Mason et al., 2016) that brings positive
implications to increase the accuracy of satellite soil moisture measurements.
Increasing the accuracy of satellite soil moisture measurements is critical for
improving interpretations about soil moisture spatial and temporal dynamics. Thus,
multiple alternative modeling evaluation frameworks and model evaluation statistics are
required (or could be useful) to better interpret the spatial variability and dynamics of
global soil moisture (McColl et al., 2017). The use of multiple evaluation statistics is

important because there is not a single best measure, and it is necessary to use a
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combination of these performance measures for model evaluation purposes (Chang and
Hanna, 2004). This is specifically important when working with limited spatial data for
validation of global models based on coarse scale soil moisture gridded measurements.
Our model evaluation is based on a set of multiple evaluation statistics that
allow a better understanding of the discrepancies and the sources of the discrepancies
between the ISMN and both soil moisture gridded datasets (ISMN vs ESA-CCI and
ISMN vs the downscaled soil moisture predictions). The sources of discrepancies can be
associated with the spatial representation of multiple soil moisture products (e.g., points
vs grids) and their spatial representativeness (Nicolai-Shaw et al., 2015). While the
ESA-CCI product shows a coarser spatial resolution and large areas with no available
data (Figure 5.2), then the ISMN shows a sparse distribution of available data. In
addition, most of the ISMN datasets are located at higher latitudes, but large areas
around the tropics and water-limited environments are not represented within the ISMN
(Figure 5.1). Water limited environments across arid and semi-arid regions where
drying trends are prevalent, large discrepancy has been found between satellite and
model-based soil moisture estimates (Liu et al., 2019). The lack of field soil moisture
information across these areas is a major limitation for interpreting the discrepancies
between satellite and model-based soil moisture estimates. This lack of information is
also a limitation for interpreting the accuracy of our prediction framework (and the
accuracy of the ESA-CCI soil moisture product) across large areas where no field data

for validation purposes are available in the ISMN.
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Using the available data contained in the ISMN for validating the ESA-CCI soil
moisture product and the soil moisture predictions generated here, we found consistent
negative trends of soil moisture at the global scale (Figure 5. 6). The main attribution of
this soil moisture drying at the global scale, which is consistent with recent soil
moisture monitoring efforts (Gu et al., 2019a) is anthropogenic climate change (i.e.,
land use change, Gu et al., 2019b). This is consistent with previous reports that have
found similar results reporting a dominance in previous decades of negative soil
moisture trends across the world that were detected using field and satellite soil moisture
measurements (Albergel et al., 2013). It has been shown how soil moisture decline can
be intensified by land warming (Samaniego et al., 2018) or by land use change (Chen, et
al., 2016, Garg et al., 2019) and agricultural practices (Bradford et al., 2017) or
transformations to vegetation cover that directly affect primary productivity,
evapotranspiration rates and drought (Stocker et al, 2019, Martens et al., 2018). Areas
with high rates of primary productivity and the evapotranspiration rates such as the
tropical rain forest of the Amazon or the Congo regions, are examples of areas where is
challenging to accurately assess soil moisture trends due to limitations of historical soil
moisture records (such as in the ESA-CCI). The ESA-CCI also lack spatial information
in higher latitudes across areas with high density of small water bodies (i.e., northeast
United States) or high latitude forested areas (i.e., boreal forest) constantly covered by
snow (Reich et al., 2018). It has been shown that soil moisture regulates climate
warming effects on forest tree species across the aforementioned areas (Reich et al.,

2018). The response of vegetation productivity to long term soil moisture trends is
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needed for improved land management and land surface modeling across all climate
conditions and finer spatial grids. Therefore, we provide annual soil moisture values
across the world (Figure 5.8) that can be used to monitor the long term response of
vegetation to soil moisture decline based on geomorphometry and remote sensing of
soil moisture.

Our prediction framework was useful to improve the spatial representation of
ESA-CCI soil moisture product. Recent soil moisture remote sensing products
(Entekhabi et al., 2010, Piles et al., 2019) are able to provide soil moisture information
across areas with spatial gaps in the ESA-CCI and provide global estimates, however
there are only recent records with full soil moisture coverage (e.g., 2010 to date, ) and
this represent a limitation for studying historical soil moisture and atmosphere
interactions across longer periods of time. Soil moisture trends are crucial in future
projections of the water cycle for identifying regions of strong land—atmosphere coupling
(Lorenz et al., 2015). However higher resolution of soil moisture products are needed to
precisely quantify the contribution of soil moisture on larnd-surface models (Singh et
al., 2015). Although model- based estimates of soil moisture associated to global land
data assimilation systems are available for studying historical soil moisture trends at the
global scale (Fang et al., 2009, Liu et al., 2019), they remain represented with spatial
resolutions > 15km grids. By increasing the spatial resolution of the ESA-CCI soil
moisture product by nearly 50%, we demonstrate the potential of digital terrain analysis
to predict satellite soil moisture spatial patterns and trends while increasing the

agreement between satellite and field soil moisture records predicting historical soil
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moisture trends (Fig 6). While our results are consistent with previous studies predicting
global soil moisture decline (Jung et al., 2010, Albergel et al., 2013), they are also
generalizable to specific spatial extents or higher spatial resolution (e.g., across the
continental United States using 1x1km grids, Guevara and Vargas, 2019) to analyze
spatial and temporal trends of soil moisture.

Future improvements for our approach could include predicting soil moisture
patterns across finer pixel sizes (e.g., 1km or <1km) and higher temporal resolutions
(e.g., monthly, daily). The current version of the downscaled soil moisture predictions
based on digital terrain analysis is provided in an annual basis because is a temporal
resolution useful for multiple ecological and hydrological studies related to climate
change (Green et al., 2019). We recognize that there is an increasing need of soil
moisture datasets with higher temporal resolutions to analyze the seasonal and short-
term memory soil moisture effects after precipitation events (McColl et al., 2017). A
spatial resolution of 15 km is still a coarse pixel size for detailed analysis of hydro-
ecological patterns (e.g., at the hillslope scale), but the main focus of this study was to
test the potential of digital terrain analysis for increasing the spatial resolution of the
original ESA-CCI soil moisture product. Our decision for selecting a 15km pixel size
was driven by the reproducibility or our framework by multiple groups without the need
of high performance computing infrastructure.

In conclusion, to downscale (i.e., increase spatial resolution) coarse satellite soil
moisture grids we used ML to combine satellite soil moisture data with terrain

parameters (as surrogates of topographic variability). Our results support that digital
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terrain analysis can be used for improving the spatial resolution (from 27 to 15 km
grids) of available global satellite soil moisture datasets based on multiple evaluation
metrics against field soil moisture data. We provide a new gap-free and annual soil
moisture product (1991-2016) that can be used for further ecological and hydrological
analysis. The current version of the new generated data set is composed by 26 annual
soil moisture predictions provided across 15 km grids in an annual basis (1991-2016).
These grids could be useful for identifying and characterizing long term patterns in the
soil moisture content across 26 years of available satellite soil moisture datasets from
the regional to the global scale. Future efforts could apply our framework to address the
increasing need of soil moisture datasets with higher temporal and spatial resolution at

the global scale using similar or different satellite-derived soil moisture products.

5.5 Data Source and Scientific Replicability

The training soil moisture dataset used in this study is available (here:

https://www.esa-soilmoisture-cci.org/) thanks to the ESA-CCI soil moisture initiative

(Dorigo et al., 2017). The downscaled soil moisture predictions based on digital terrain
analysis are provided (Guevara, et al., 2019,

https://doi.org/10.4211/hs.b940b704429244a99f002ff7ch30a31f) in a set raster files

with a *.tif extension for generic raster formats (e.g., 1 raster per year, folder:
predicted_sm_global _15km) . This rasters (n=26, 1991-2016) can be imported to any
GIS.
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To ensure the replicability of this study we also provide a spatial data frame (in
R native format *.rds) with the topographic terrain parameters (e.g., file:
topographic_predictors_15km_grids.rds, also provided as *.tif raster in folder:
prediction_factors_15km) used as prediction factors for the yearly means of the ESA-
CCI soil moisture product. We provide the yearly means of the ISMN database that we
used for evaluating the aforementioned soil moisture predictions. The ISMN yearly
means are harmonized with the ESA-CCI soil moisture product and the downscaled soil
moisture predictions based on terrain analysis, and provided in two separated files (e.g.,
files: harmonizedISMNVSESACCI.rds and harmonizedISMNvSPREDICTED.rds).
These predictions are based on ML and digital terrain parameters and they are provided
in a generic raster format (Guevara, et al., 2019,

https://doi.org/10.4211/hs.b940b704429244a99f902ff7cb30a31f). Finally, we provide

the processing R code used to develop our prediction framework (e.g., file:

prediction_kknn_sm_terrain_global_15km_vO0.R).
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CONCLUSIONS

This research described the development of a digital soil mapping strategy
applied to the spatial variability of soil moisture and soil organic carbon from the
country specific to the global scale. The main conclusion of this research is that soil
moisture and soil organic carbon spatial trends can be continuously quantified with
increased detail and increased accuracy across scales using different forms of machine
learning (computer assisted statistical learning) and the synthesis of large amounts of
soil related environmental information. As a fundamental component of soil science,
this research shows how digital soil mapping provides increasing opportunities for
quantifying the spatial variability of soil moisture and soil organic carbon across
multiple spatial scales, land cover classes or periods of time.

The new knowledge on spatial variability of soil moisture and soil organic
carbon could be used for identifying, with higher resolution and certainty, areas with
soil moisture decline, land degraded areas or areas with the potential for soil carbon
sequestration. With this research | provide new soil information and knowledge on soil
moisture and soil organic carbon for obtaining improved estimates around the
contribution of these variables to the regional and global carbon cycle. Specific
conclusions related to the research questions at the end of the introductory section are

explained in the following paragraphs.
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Key conclusions:

There is no one single best method for statistical learning on digital soil
mapping. Multiple models capture the spatial variability of soil values in different forms
(data-driven, hypothesis driven) and they show different sources of errors. The
combination of multiple prediction algorithms could be an efficient way to maximize
the accuracy of digital soil organic carbon maps. As | show in chapter 2, to increase
the accuracy of soil organic carbon predictions across Latin America is needed to solve
discrepancies between country and global soil organic carbon estimates.

Terrain parameters derived from elevation data are key factors for efficient
upscaling or downscaling soil organic carbon and soil moisture information from the
country to the global scale. Terrain parameters, in combination with vegetation
greenness, or climatic variables (e.g., water vapor pressure, precipitation or
temperature) were top ranked predictors in the soil organic carbon modeling approach
described in chapter 3. Using key prediction factors, I estimated a ‘most probable’ soil
organic carbon stock between 46 and 47 Pg across Mexico and the conterminous United
States for the first 30cm of soil depth during the period between 1991 and 2010 (which
is conservative with previous global estimates). The soil organic carbon change between
1991-2001 and 2001-2010 (from 41 to 55 Pg) is challenging to explain or attribute due
to the limited information across large areas for each period of time. The current lack of
multi temporal soil covariates representing soil variability and depth relationships could
be another source of uncertainty explaining the temporal variability of soil organic

carbon at the continental scale of Mexico and the conterminous United States.
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Soil organic carbon could also be predicted as a function of changes in soil
moisture conditions as soil organic carbon is also indicator of soil hydrological
functioning. Satellite soil moisture is able to represent with coarse grids the spatial and
temporal variability of soil moisture conditions across the world. In chapter 4, the
granularity and accuracy of satellite soil moisture was improved using digital terrain
analysis and machine learning. Terrain parameters derived from elevation were also
found to be strong predictors for soil moisture spatial trends and these results were
confirmed from the continental scale of the conterminous United States (in chapter 4)
to the global scale (in chapter 5). With potential implications in the capacity of soils to
store soil organic carbon, in chapter 5 | provide evidence of soil moisture decline
across the global scale that is consistent between field soil moisture observations,
satellite soil moisture records and modeled soil moisture data based on terrain

parameters.

Research summary

From the country specific to the global scale, the overreaching goal of this
research was to develop a digital soil mapping framework to increase the statistical
accuracy of spatially continuous information on soil moisture and soil organic carbon
across different scales of data availability (e.g., country-specific, regional, global).
Comparing and testing multiple machine learning (e.g., tree-based, kernel-based, linear-
based) and combined methods for predicting the spatial variability of soil organic
carbon in a country specific basis, in Chapter 1, we found no best prediction algorithms.

The selection of the best prediction was affected by a) the correlation of available data
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for training models (within each country across Latin America) and its prediction
factors, b) the spatial distribution (representativeness) of available data and c) the
density of soil organic observations in relation to each country area.

Considering that no universal model is best for all data sets, selecting and
combining multiple models (e.g., by the means of different ensemble learning
approaches) could be one way to move forward towards increasing the accuracy of
digital soil organic carbon maps. We highlight large discrepancies between country
specific and global soil organic carbon estimates. We report a country-specific soil
organic carbon stock of 77.8 +43.6 Pg (in the first 0-30cm of soil depth) across Latin
America representing ‘past-current’ conditions (i.e., data from 1950’s to date). This
stock is conservative compared to global estimates (e.g., SoilGrids250m 185.8 Pg, the
Harmonized World Soil Database 138.4 Pg, or the GSOCmap-GSP 99.7 Pg) based on
legacy datasets. These discrepancies between country and global soil organic carbon
estimates could lead to inappropriate applications (e.g, on soil carbon assessments) and
to increased bias in Earth system models predicting trends of land carbon uptake. The
main conclusion from Chapter 1 is that the use of country-specific information and the
use of different modeling approaches will enhance regional soil organic carbon
mapping efforts and will provide insights to identify where and why different modeling
approaches generate similar soil organic carbon estimates.

In Chapter 2 there is a transition from a country specific basis to a continental
scale mapping soil organic carbon across two rich data countries: Mexico and United

States. We focus on variable selection and explore multiple combinations of prediction
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factors across the region using a recursive feature elimination of variables and a global
search method (simulated annealing) to identify the main drivers of soil organic carbon
spatial variability. We quantified soil organic carbon stocks and multiple forms of
uncertainty for the period between 1991 and 2010 (46 +12 Pg in the first 0-30cm of soil
depth). Our results suggest that using key predictors (e.g., the first 5 top ranked
predictors from our variable selection approach) yields a similar performance (~50% of
explained variance) to a high-dimensional covariate space (e.g., n=150 environmental
predictors). These results are consistent with a fully independent datasets supporting the
reliability of our prediction framework. In chapter 2 | provide high spatial resolution
(e.g., 250m pixels) soil organic carbon estimates that account for model uncertainty. As
in chapter 1, we confirm that soil organic carbon stocks are lower (around 30%)
compared with previous global soil organic carbon estimated stocks. In chapter 2 the
results provide insights for interpreting the variance of multiple methods for estimating
soil organic carbon stocks and multiple model-based uncertainty benchmarks for
improving regional-to-global soil organic carbon monitoring efforts.

Soil organic carbon monitoring efforts can substantially benefit from remotely
sensing data, for example, satellite soil moisture records are available in a daily basis
from over forty years ago. However, there are limitations in remotely sensed soil
moisture granularity and accuracy that could be improved by the means of digital soil
mapping. In chapter 3, I describe a topography-modulated digital soil mapping
framework applied to satellite soil moisture across the conterminous United States. The

main goal was to characterize the spatial variability of soil moisture using satellite-
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based information and topography derived terrain parameters as prediction factors. We
focus on topography because regression analysis suggest that terrain parameters derived
from elevation data are strong predictors for satellite soil moisture (r=0.8 in all
model/years from 1991-2018). Modeled soil moisture data (satellite soil moisture +
topography) increased the accuracy of the original satellite soil moisture product against
field soil moisture observations by nearly 25%. We conclude that the machine learning
fusion of topography and satellite soil moisture is useful to increase the spatial detail
(granularity) and accuracy of soil moisture estimates. A trend detection test applied to
the new generated soil moisture estimates reveal a significant soil moisture decline
across 40% of conterminous United States (1991-2016), highlighting the need to
develop effective soil water resources protection strategies. With chapter 3 | provide
new soil moisture estimates that could be potentially good predictors for soil organic
carbon (i.e.,soil organic carbon as a response of changing soil moisture conditions) and
for obtaining new information about soil moisture and soil organic carbon responses to
climate change.

Chapter 4 of this research is an extension of chapter 3 from the country specific
to the global scale. Predicting soil moisture trends using a pattern recognition technique
to couple satellite soil moisture estimates with topography information, we confirm the
effectiveness of using topography information for predicting soil moisture patterns and
improving the quality of satellite-based estimates against field soil observations and
climate data. Our results suggest a soil moisture decline across the world that is

consistent in the field soil moisture records, the original satellite estimates and the
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modeled soil data. The main contribution of this chapter 4 is a novel approach for
predicting soil moisture trends across the world that is independent of climate and
vegetation data. A climate or vegetation independent soil moisture product is appealing
for avoiding spurious correlations in further ecological applications analyzing the
implications of soil moisture in vegetation and climate dynamics. In this paper we
developed a variable importance approach based on permutation to show that
topography has a similar prediction capacity on soil moisture compared with soil type
and bioclimatic information, supporting the potential of terrain parameters for
improving the spatial representation of soil moisture at the global scale. From the
previous chapter to the global scale, my results suggest soil moisture decline across
large areas of the world with potentially negative consequences in the regional to global
carbon cycle. Increased soil moisture decline and aridity conditions may be threatening

factors to the carbon storage capacity of soils in the upcoming years.

Future directions
In this research | described how different soil moisture and soil organic carbon

mapping methods generate different results, as they capture the spatial variability of soil
moisture and soil organic carbon following different assumptions (e.g., data or
hypothesis driven). The results from this research could contribute with the
development of soil carbon and soil water monitoring and information systems.
Contributing with the development of soil information and monitoring systems, all
methodologies cited or developed in this research as well as all soil spatial products

(soil organic carbon and soil moisture maps, harmonized datasets) are public and
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available through stable data repositories (e.g., data repositories supported by the
National Science Foundation or Department of Energy) for its use by multiple soil
information users.

This research is based on the synthesis of the exponentially increasing soil-
related datasets and opens new possibilities to enhance our understanding of the current
and future variability of soil moisture and soil organic carbon stocks. This research
helped to fill some informational gaps around the spatial variability of soil moisture and
soil organic carbon. However large uncertainties remain in our capacity to detect trends
of soil moisture and soil carbon stocks of deeper soil layers along the complete soil
profile. Many areas of the world lack of updated soil information for synthesis studies
and the comparison and refinement of multiple models are still required to predict
realistically spatial and temporal patterns of soil variability. This project provides a
novel framework (including high quality data and novel methodologies) to identify
emergent patterns of soil variability and generate environmentally relevant science that
can be used for the formulation of public policy around soil and water conservation
efforts. Increasing the spatial detail and accuracy of digital soil maps are the eternal
challenges of digital soil mapping. With increased accuracy and increased detail of
previous soil moisture and soil organic carbon estimates, the new knowledge represents
a benchmark against which to assess the impact of climate and land cover changes on

soil organic carbon stocks and soil moisture trends.
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Appendix A

COPYRIGTH STATEMENTS OF PUBLISHED CHAPTERS

The Chapter 2 of this thesis (No silver bullet on digital soil mapping: country
specific soil organic estimates across Latin America by Guevara et al., 2018) has been
published in SOIL under the creative commons attribution license SOIL, 4, 173-193,
2018 DOI: https://doi.org/10.5194/s0il-4-173-2018

The Chapter 3 of this thesis (Soil organic carbon across Mexico and the
conterminous United States by Guevara et al., 2020) has been accepted by for its
publication in Global Biogeochemical Cycles. The current state of this paper (towards

Feb. 2020) is in production and can be used for this dissertation without allowing open

access options DOI: https://doi.org/10.1029/2019GB006219

The Chapter 4 of this thesis (Downscaling satellite soil moisture using remote
sensing and machine learning by Guevara and Vargas 2019) has been published in Plos
One under the creative commons attribution license DOI:

https://doi.org/10.1371/journal.pone.0219639

The Chapter 5 of this thesis (Gap-Free Global Annual Soil Moisture: 15km
Grids for 1991-2016 by Guevara et al., 2019) is currently (Feb. 2020) under review in
Earth System Science Data. This discussion paper is available under the creative

commons attribution license DOI: https://doi.org/10.5194/essd-2019-191
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