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RESUMO

SIQUEIRA, Rafael Gomes, D.Sc., Universidade Federal de Vigosa, mar¢co de 2023.
Aprendizado de Maquinas aplicado ao Mapeamento Digital de Solos na Antartica:
modelagem e predicdo espacial de classes e atributos do solo. Orientador: Elpidio Inacio
Fernandes-Filho. Coorientadores: Carlos Ernesto Gongalves Reynaud Schaefer e José Joao
Lélis Leal de Souza.

O mapeamento convencional de solos baseado em modelos mentais ¢ uma abordagem comum
para compreensao da distribuicao dos solos na Antartica. No entanto, o Mapeamento Digital de
Solos baseado em modelos empiricos e quantitativos tem sido escassamente aplicado no
continente. As vantagens do mapeamento digital sdo de grande relevancia em paisagens
remotas como as areas livres de gelo da Antartica, onde coletas de solos sdo muito limitadas.
Além disso, existe uma necessidade de dados precisos de solos para a Antartica, especialmente
sob as pressdes impostas atualmente pelas mudancgas climaticas e disturbios antropicos no
continente. Neste trabalho foram preditas as distribui¢des espaciais, nas regioes da Antartica
Maritima e Peninsula Antartica, de importantes atributos fisico-quimicos do solo: areia, silte,
argila, soma de bases, H+Al, pH, carbono orgénico total, P, Na e P remanescente; e de classes
de solos identificadas com os sistemas Soil Taxonomy and World Reference Base — FAO. Para
isso, foi utilizada a base de dados de solos do Grupo Terrantar da Universidade Federal de
Vicosa - Brasil, compilada a partir de trabalhos de campo realizados durante 20 anos na
Antéartica. Também foi usado um grande conjunto de covariaveis preditoras representando os
fatores do modelo scorpan: atributos do terreno gerados a partir de Modelo Digital de Elevagao,
dados multiespectrais Sentinel representando covariaveis de vegetagdo, distancias euclidianas
para geleiras, costa e pinguineiras, geologia, coordenadas e outros atributos do solo. Para a
modelagem e mapeamento, técnicas de Aprendizado de Maquinas foram aplicadas e diferentes
modelos foram testados, destacando-se o modelo Random Forest. Este estudo mostra o
potencial da aplicagdo da metodologia do Mapeamento Digital de Solos para producdo de
mapas detalhados na Antartica, um continente geralmente negligenciado para mapeamentos
devido a auséncia de dados de solos robustos. Com nossos resultados, pretendemos subsidiar a
tomada de decisdo sobre solos na Antartica, além de fornecer dados pioneiros que podem ser

incorporados em modelos ecologicos globatis.

Palavras-chave: Antartica. Aprendizado de Maquinas. Mapeamento Digital de Solos.

Modelagem. Predicdo espacial.



ABSTRACT

SIQUEIRA, Rafael Gomes, D.Sc., Universidade Federal de Vigosa, March, 2023. Machine
Learning applied for Soil Digital Mapping in Antarctica: modelling and spatial prediction
of soil classes and attributes. Adviser: Elpidio Inacio Fernandes-Filho. Co-advisers: Carlos
Ernesto Gongalves Reynaud Schaefer and José Jodo Lélis Leal de Souza.

Conventional soil mapping based on mental models is a common approach for understanding
the soil distribution since the first soil surveys in Antarctica. However, Digital Soil Mapping
based on empirical, quantitative models has rarely been applied in the continent. The Digital
Soil Mapping advantages are even more important in remote, harsh landscapes such as the
Antarctic ice-free areas, where soil information is very limited. Besides that, nowadays there is
a pressing need for accurate soil data for Antarctica, especially under the pressures imposed by
climate changes and human disturbances on the continent. This study aimed to predict the
spatial distribution of major physico-chemical soil attributes (sand, silt, clay, bases sum, H+Al,
pH, total organic carbon, phosphorous, sodium and remaining P; and of soil classes according
to the Soil Taxonomy and World Reference Base — FAO systems) in Maritime Antarctica and
Antarctic Peninsula regions. For that, we used the Brazilian Terrantar Group soil dataset,
compiled from several soil surveys carried out during 20 years in Antarctica. We also used a
large set of environmental predictor variables representing the scorpan factors: terrain attributes
generated from a Digital Elevation Model, multispectral Sentinel data representing vegetation
covariates, Euclidean distances to glaciers, coastline and penguin rookeries representing varied
factors of soil development in Antarctica, geology, coordinates, and others soil attributes. For
modelling and spatial prediction, we applied the Machine Learning techniques by testing
different models, but with special attention to the Random Forest. This study shows the
potential of applying the Digital Soil Mapping methodology to produce detailed soil maps in
Antarctica, a continent generally neglected so far due to the lack of robust soil datasets. With
our results, we aim to subsidize decision-making about soils in Antarctica, besides providing

pioneer data that can be incorporated in global ecological models.

Keywords: Antarctica. Machine Learning. Digital Soil Mapping. Modelling. Spatial prediction.
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INTRODUCAO GERAL

A Antartica possui 90% da dgua doce no mundo e por causa da sua altitude e posigdo
geografica exerce uma influéncia importante nos sistemas atmosféricos e criosféricos globais,
com destaque para o hemisfério sul (Ugolini e Bockheim, 2008). O continente antartico
compreende 13 x 10° km? (incluindo plataformas de gelo), dos quais apenas 0,44% sdo areas
livres de gelo com potencial para desenvolvimento de solos (Brooks et al., 2019). As areas
livres de gelo sdo localizadas principalmente na Peninsula Antartica e ilhas do entorno, areas
costeiras no perimetro do continente e ao longo de nunataks e vertentes nas Montanhas
Transantarticas (Bockheim, 2015).

Os primeiros estudos de solos na Antartica se iniciaram na segunda metade do século
XX, incluindo trabalhos pioneiros de mineralogia, microbiologia, influéncia da fauna, presenga
de sais e da relagdo com processos pedogenéticos, principalmente na Antértica Continental
(Blakemore e Swindale, 1958; Claridge, 1965; Claridge e Campbell, 1968; Flint e Stout, 1960;
Glazovskaya, 1958; Syroechkovsky, 1959; Ugolini, 1973) e de forma menos intensa na
Peninsula Antartica (Everett, 1976; Holdgate et al., 1967; O’Brien et al., 1979).

Desde os primeiros estudos algumas das perguntas cruciais respondidas pelos
pedologos antarticos era se o intemperismo quimico realmente ocorreria sob as condi¢des
climaticas extremas da Antartica e ainda se o material superficial inconsolidado do continente
poderia realmente ser chamado de solo (Ugolini € Bockheim, 2008). Descobertas em torno de
processos como mobilizacdo de sais e ions nos perfis, oxidagdo e formagdo de horizontes
mostraram que os solos da Antértica sdo suficientemente afetados por processos pedogenéticos
e respondem aos fatores de formagdo como os solos de outras partes do planeta (Bockheim e
Ugolini, 1990; Campbell e Claridge, 1987; Tedrow e Ugolini, 1966). Em geral, os solos mais
desenvolvidos da Antartica tém sido identificados na regido da Antartica Maritima, onde o
clima mais quente e umido em comparagdo com o restante do continente favorece um
intemperismo quimico mais pronunciado, acumula¢do de matéria organica, além de
transformagdes fisico-quimicas associadas a fosfatizagdo (Beyer et al., 2000; Blume et al.,
2001; Bolter et al., 1997; Tatur e Myrcha, 1984; Tatur ¢ Myrcha, 1989; Simas et al., 2007,
2008).

Visando aumentar o conhecimento acerca da extensao, diversidade e distribui¢ao dos
solos antarticos, o mapeamento e a classificacdo de solos passaram a ser um dos principais
objetivos dos estudos de solos no continente (Balks et al., 2014; Ugolini e Bockheim, 2008). O

primeiro mapa de solo da Antartica foi produzido por McCraw (1967). Ainda assim, nas
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primeiras décadas, as pesquisas de solos na Antartica foram focadas principalmente na
descri¢dao da génese dos solos, sem muitas iniciativas para a compreensao da sua distribuicao
espacial. A partir dos anos 2000, a disponibilizagdo crescente de mapas geologicos e
geomorfologicos, das tecnologias SIG, de imagens de satélite de alta resolugdo e modelos
digitais de elevacdo possibilitou o desenvolvimento de mapas em diferentes escalas que
capturam de forma relativamente detalhada as relagdes solo-paisagem nos ecossistemas
antarticos (Balks et al., 2014).

Ainda assim, poucos mapas de solos tém sido produzidos na Antartica, seja na
Antartica continental (Bockheim e McLeod, 2008; McLeod et al., 2008; 2009) ou na Peninsula
Antartica (Abakumov et al., 2020; Moura et al., 2012; Rodrigues et al., 2019, Schaefer et al.,
2017). Os mapas produzidos também fazem parte do que se pode chamar de mapeamento
convencional, baseado em modelos mentais de cada peddlogo, por sua vez, enraizados no
modelo conceitual de Dokuchaev/Jenny, onde os solos sdo produto da agdo integrada dos
diferentes fatores de formacdo. No entanto, como o mapeamento convencional é altamente
dependente do conhecimento e experiéncia dos peddlogos em todas as etapas, sua natureza
qualitativa pode trazer algumas desvantagens como a falta de reprodutibilidade, dificuldades de
validagdo dos mapas e na representacdo da real variabilidade dos solos (Ma et al., 2019;
Minasny e McBratney, 2016). Além disso, levantamentos convencionais sdo excessivamente
demorados e caros para areas de grande extensao, e este problema ¢ ainda mais acentuado para
ambientes extremos como a Antartica.

Desta maneira, neste estudo buscou-se aplicar de forma inédita os principios do
Mapeamento Digital de Solos (como o modelo scorpan de McBratney, 2003) e técnicas de
Aprendizado de Maquinas (Machine Learning) para a modelagem e predicao de propriedades
fisico-quimicas e classes de solos para regides de grande valor ecolégico na Antartica: as Ilhas
Shetland do Sul representando a Antéartica Maritima e a area livre de gelo Hope Bay e as Ilhas
James Ross representando a Peninsula Antartica. Raras iniciativas tém sido tomadas até entdao
para a aplicacdo do Mapeamento Digital de Solos na Antartica, envolvendo técnicas de
Geostatistica (Moraes et al., 2017) e Aprendizado de Maquinas (Roudier et al., 2014;
Schunemman et al., 2022); porém, nenhuma com a abrangéncia espacial abordada neste
trabalho. Desta maneira, estes serdo os primeiros mapas digitais de solos produzidos para o
continente em detalhe em escala regional, uma vez que os projetos globais de mapeamentos de

solos ndo englobam o continente antartico devido a escassez de dados.
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ABSTRACT

Soil texture is one of the most important soil properties as it drives several physical,
chemical, biological, hydrological, and mechanical properties, and processes. In Antarctica the
soil texture controls different important ecological processes, such as carbon stocks, nutrient
leaching, and toxic metals retention. Thus, there is a pressing need for accurate soil data for the
Antarctic ice-free areas, especially under the pressures imposed by climate changes and human
disturbances on the continent. In this work, we predicted the distribution of sand, silt, and clay
of the main ice-free areas of Maritime Antarctica and Northern Antarctic Peninsula, allowing
novel soil texture maps to be produced for Antarctica. We used legacy soil texture data and
tested different machine learning models, of which Random Forest presented the best
performance to the prediction. The best predictors were associated with climate, topography,
and soil development degree, representing the scorpan model factors. The highest accuracy was
obtained for clay prediction, mainly in the topsoil (LCCC of 0.49 and R? of 0.31). In the
mapping, the sand contents presented higher values, with a predominance of sandy loam
texture, although clay contents are higher in some spots where chemical weathering is stronger.
The final maps presented good spatial consistency, with soil texture distributed according to
factors such as geomorphology, parent material and pedogenetic development. With our results,
we aim to subsidize decision-making about soils in Antarctica, besides providing pioneer data

that can be incorporated in global environmental models.

Keywords: Antarctica. Digital Soil Mapping. Random Forest. Scorpan factors. Soil texture.

Spatial modelling.
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1. INTRODUCTION

Knowledge about soil properties in Antarctic Peninsula and its offshore islands has
increased in the last years as a result of the international effort of scientific groups, leading to
production of detailed soil maps (Lupachev et al., 2020; Moura et al., 2012; Rodrigues et al.,
2019; Schaefer et al., 2015). Despite the advances, the nature of these maps based on discrete
representative profiles is limited from the spatial point of a view, since these conventional
approaches assume properties of modal profiles applied to the entire mapping unit, not
applicable in Antarctica due to its complexity.

Digital Soil Mapping (DSM) has arisen as an alternative to overcome the limitations of
the subjective conventional soil mappings. The DSM principle consists in intersecting soil
observation points and layers of secondary environmental data (covariates), so that an empirical
quantitate model of some structure is fitted to describe the relationships between soil and
environment (Minasny and McBratney, 2016). The scorpan model as formulated by
McBratney et al., 2003 has gained acceptance as the standard approach for mapping soil, where
soil classes or attributes are function of soil (other attributes), climate, organisms, relief, parent
material, age, and spatial position, then, fitting well to the DSM scope.

With the advent of the data-driven machine learning (ML) algorithms in soil science,
which can build predictive models through data patterns without explicit programming, the
prediction of soil attributes in the scope of DSM has progressively increased, with special
attention to modelling soil classes (Brungard et al., 2015), soil carbon stocks (Gomes et al.,
2019; Xiong et al., 2014) and soil texture. Although the common use of GIS techniques and
geostatistics (Akumu et al., 2015; Seyedmohammadi et al., 2019), soil texture prediction has
been mainly addressed by the ML modelling, with predictions at regional (Carvalho Junior et
al., 2014; Roman Dobarco et al., 2017), national (Adhikari et al., 2013; Caubet et al., 2019),
continental (Ballabio et al., 2016; Hengl et al., 2015) and global scales (Sousa et al., 2020).
Although the current global coverage, the Antarctic environments have not been contemplated
until now by any DSM program.

Soil texture is defined as the relative proportion of soil particle size fractions and
regulates many other physical, chemical, biological, hydrological and mechanical soil attributes
(Hossain et al., 2018). It also affects important processes, such as evapotranspiration, water
drainage, nutrient transport, pollutant retention and plant root growth (Li et al., 2014; Mills et
al., 20006), thus, directly controlling soil quality and being extremely relevant for management

related to environmental resources (Mansuy et al., 2014). Soil texture also plays a key role to
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understand the soil genesis and distribution, being a property able to give estimations about the
pedogenetic degree and weathering rates (Koseva et al., 2010). The vertical and horizontal
variability of soil texture is controlled by many processes and factors linked to the pedogenesis,
such as illuviation, pedoturbation, surface removal, aggradation and parent material inheritance
(Phillips, 2004).

Many ecological processes in the Antarctic ice-free areas are highly dependent on soil
properties, of which the soil texture is of key importance. The coastal environments of
Antarctica are pools of bioavailable nutrients and carbon due to the long-term sea-land transfers
carried out by marine birds, with creation of favorable sites for plant colonization (Bockheim,
2015). The soil retention of these elements is directly dependent on the soil texture, mainly clay
content. Indirectly, this also influences other important environmental processes, such as the
CO,—C exchange rates (Thomazini et al., 2016). Soil texture also influences the chemistry of
the surface and subsurface waters of the Antarctic ice-free areas, controlling the leaching in the
areas where the chemical weathering is more pronounced (Lopes et al., 2021). It is also an
important factor to decreasing the reaction of toxic metals in soil, reducing the risk of
contamination promoted by the anthropogenic action in Antarctica (Lima Neto et al., 2017).

There are various reasons for accurately predicting the spatial variability of properties
such as soil texture in the Antarctic ecosystems: 1) to increase the knowledge about weathering
and pedogenic processes in Antarctica, 2) to provide information on the distribution of the main
Antarctic soil types, 3) to help environmental decision-making in the Antarctic ice-free areas,
mainly under environmental pressures imposed by climate changes and increasing human
occupation in the continent, 4) to offer inputs for ecological, hydrological and climatic and other
environmental models for the Antarctic ecosystems.

Thus, our main objective was to predict the horizontal and vertical distribution of
textural fractions (sand, silt, and clay) of the main ice-free areas of Maritime Antarctica and
Northern Antarctic Peninsula, creating novel soil texture maps for Antarctica. We also
evaluated the predictive performance of a set of ML algorithms for soil texture prediction, as
well as the importance of different environmental predictors to modelling soil texture in

Antarctic landscapes.

2. MATERIAL AND METHODS

2.1. Study area
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Maritime Antarctica (MA) encompasses the South Shetland Islands (SSI), situated
northwest of the Antarctic Peninsula. The Northern Antarctic Peninsula (NAP) is represented
here by the coastal area of Hope Bay and the James Ross Islands (JRI), in the Weddell Sea
Sector (Fig. 1). In SSI, the ice-free areas represent around 9% of the total area and have a
maximum altitude next to 400 m a.s.l. On the other hand, they correspond to 23% of the JRI,
and altitudes reach 600 m a.s.l. Deglaciation started between 8 and 6 Ky BP in SSI, whereas in
JRI it is dated between 7.4 and 4.7 Ky BP (Ingolfsson and Hjort, 2002).
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Figure 1. Studied ice-free areas of South Shetland Islands. Circled areas are those with soil

samples.

The SSI forms the southern sector of the Scotia Arch and, is composed of marine
sandstones and mudstones recording a forearc sedimentation, metamorphic rocks, intrusive
bodies, and olivine-basaltic, andesite-basaltic and andesitic lavas associated with tuffs of
similar composition (Smellie et al., 2021b, 2021a). The SSI rocks have an overall age varying
from Jurassic to Paleogene. The exceptions are the basaltic and andesitic-basaltic lavas and
tuffs linked with Late Quaternary to Recent age volcanics from Deception and Penguin islands

(Smellie et al., 1984).
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Hope Bay area is composed of a series of metasedimentary and volcanic rocks
representative of the Antarctic Peninsula geological sequences. In JRI, rocks are part of the
back-arc James Ross sedimentary basin, composed by a set of marine sandstones, mudstones
and conglomerates predominantly of Cretaceous age (Pirrie, 1994). The Cretaceous sediments
are overlain by Neogene olivine-basaltic lavas, hyaloclastic breccia and tuffs (Nelson, 1975) or

by Cenozoic sandstones, mudstones and drifts (Zinsmeister, 1982).
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Figure 1 (continued). Studied ice-free areas of Northern Antarctic Peninsula — James Ross

Islands and Hope Bay.

The geomorphology of the ice-free areas is marked by a set of erosive and depositional
landforms, indicating the complexity of the geomorphic processes (Lopez-Martinez et al., 2012.
The SSI landscape is constituted by three distinctive landform groups: moraines deposited after
and before the Last Glacial Maximum; raised marine terraces formed by Holocene
glacioisostasy; and marine and subaerial platforms, whose the highest ones are also identified
as cryoplanation platforms (John and Sugden, 1971). The NAP landforms have strong
similarities with the SSI ice-free areas, maintaining marine terraces, moraines and patterned

ground surfaces as the main landforms (Schaefer et al., 2015). In the JRI, the topography also
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shows a strong structural control, with flat-topped plateaus formed by basalt floods (Davies et
al., 2013) or resistant sedimentary strata, whereas the less resistant sediments form the lowest
erosional surfaces.

The climate and vegetation cover of the ice-free areas varies considerably according to
the latitude. The SSI have a sub-Antarctic moist and mild maritime climate with mean annual
precipitation ranging from 350 to 800 mm and mean annual air temperature around -2°C
(Blumel and Eitel, 1989). Luxuriant carpets and turfs of mosses are widespread in the SSI areas,
mainly in areas with higher water availability, whereas lichens dominate on the drier highlands
(Schmitz et al., 2020b). Along with lichens and bryophytes two vascular plant species also
occur (the grass Deschampsia antarctica and the herb Colobanthus quitensis, Ferrari et al.,
2020). Also, macroalgae communities are found next to penguin rookeries (Poelking et al.,
2015). In the PA, the climate is somewhat drier, with mean annual temperature of -5°C in Hope
Bay and -6°C in JRI, and mean annual precipitation from 300 to 500 mm (van Lipzig et al.,
2004). In Hope Bay, vegetation is dominated by macroalgae communities and other
lichens/mosses sub-formations. Due to the cold semiarid climate, the vegetation in JRI is scarce,
with rare small moss communities.

In MA, the soil types follow an altitudinal gradient. Soils at altitudes > 80 m a.s.L.
generally show continuous permafrost and expressive cryoturbation due to the freeze-thaw
cycles and are classified as Turbic Gelisols. From 20 to 80 m a.s.l. the permafrost is
discontinuous, and Gelisols usually occur associated with Entisols and Inceptisols. Below 20—
30 ma.s.l. permafrost is usually absent or sporadic, and most soils key out as Entisols. Important
SSI soil features are the thick organic horizons developed under large moss carpets (Michel et
al.,, 2006), and the ornithogenic character promoted by the P-rich avian guano reactions
(Rodrigues et al., 2021). The ornithogenesis is also an important process in Hope Bay, with
dominance of the ornithogenic Gelisols (Pereira et al., 2013). The main JRI soils are Gelisols
due to the widespread permafrost, which can be ice-cemented or dry-frozen (Delpupo et al.,
2014). JRI have unique soils with cryoturbic features typical of moister environments mixed
with typical desert saline features (Daher et al., 2019a). Acid sulfate soils developed from
sulfide-bearing parent materials are also an important pedological type of both region (Lopes

etal., 2019, Siqueira et al., 2022a).

2.2. Soil data
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We used legacy soil texture data, mainly produced by the Brazilian Terrantar Group,

often in intensive soil surveys in the MA and PA during the last two decades. The dataset is

composed of complete soil profiles, surface (0 - 10 cm) and pit samples (0 — 30 cm), collected

on the main ice-free areas. Additional soil data were obtained from the literature to complement

the dataset (Table 1). Overall, the dataset used contained 1035 points, accounting for 2867

samples (Supplementary data, Fig. 1). Most of the samples were in MA, totaling 2578. We used

the sand, silt, and clay contents in %. We did not transform the data to meet compositional data-

constraints supposedly necessary due to soil texture data being a three-dimensional composition

(constant sum in 100%), since there are not always consistent advantages of using data

transformations when modelling soil texture, which is dependent on the study area and data

distribution as pointed out by Lark and Bishop (2007).

Table 1. Legacy soil texture data of the Maritime Antarctica and Northern Antarctic

Peninsula used as input data.

Soit  Seil - Other o
Ice-free areas Points profile soil Soil Surveys
profiles samples
samples samples
South Shetland Islands
King George Island
Keller Peninsula (Francelino et al., 2011; Pires et al., 2017;
145 30 130 266 396 Schiinemann et al., 2022; Thomazini et al., 2016)
. (Ferrari et al., 2020; Krauze et al., 2021; Lachacz et
Western Admiralty Bay 55 44 164 11 175  al,2018; Michel et al., 2006; Simas et al., 2008)
Hennequin Point 4 - - 12 12 (Vieira et al., 2013)
Lions Rump/Low Head 24 24 94 - 94 (Almeida et al., 2021; and unpublished data)
Potter Peninsula 18 18 71 - 71 (Poelking et al., 2015)
Barton Peninsula 41 41 114 - 114 (Lopes etal., 2019; and unpublished data)
Fildes Peninsula (Lin et al., 2021; Mendonga et al., 2013; Michel et
36 36 109 - 109  al,2014)
Nelson Island
Stansbury Peninsula (Neufeld et al., 2015; Schmitz et al., 2020a; and
33 23 81 10 91 Meier et al., 2023)
Harmony Point 123 46 180 67 247 (Rodrigues et al., 2019; and unpublished data)
Robert Island
Coppermine Peninsula 12 12 47 - 47 (Unpublished data)
Livingston Island
(Moura et al., 2012; Navas et al., 2005; Navas et al.,
Byers Peninsula 2008; Otero et al., 2013; Silva et al., 2022; and
80 &0 282 - 282 unpublished data)
Hurd Peninsula (Ganzert et al., 2011; Haus et al., 2016; Ilieva et al.,
21 21 76 - 76 2021; Navas et al., 2008)
Elephant Point 10 - - 20 20 (Navas et al., 2017)
Snow Island
President Head Peninsula 30 30 85 - 85 (Lopes et al., 2022a; Lopes et al., 2022b)

Elephant Island
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(Navas et al., 2018; Schmitz et al., 2020b; Schmitz et

Stinker Point 46 31 94 15 109  al,2022)

Ardley Island 17 17 38 - 38 (Michel et al., 2014)

Deception Island (Diaz-Puente et al., 2020; Vicek et al., 2018; and
25 6 12 19 31 unpublished data)

Penguin Island 3 3 12 - 12 (Unpublished data)

Half Moon Island 21 21 54 - 54 (Schmitz et al., 2021)

Barrientos Island 5 5 19 - 19 (Daher et al., 2019b)

Northern Antarctic Peninsula

Hope Bay 21 21 72 - 72 (Pereira et al., 2013; Schaefer et al., 2015)

James Ross Island
(Dabher et al., 2019a; Meier et al., 2019; Vicek et al.,

Ulu Peninsula 32032 106 - 106 2018)

Vega Island

Cape Lamb 30 30 86 - 86 (Siqueira et al., 2021)

Seymour Island 44 44 183 - 183  (Delpupo et al., 2014; Gjorup et al., 2020)
Cockburn Island 3 3 6 - 6 (Unpublished data)

2.3. Environmental predictors

To model the spatial variability of soil texture we used a set of environmental predictors
related to the scorpan factors (McBratney et al., 2003). We generated a set of 61 topographic
predictors involving primary and secondary terrain attributes, besides terrain-based attributes
classifications (Table 2), derived from the 8-meter spatial resolution Reference Elevation
Model of Antarctica (REMA). The REMA mosaic was constructed from individual Digital
Elevation Models (DEM) extracted from stereoscopic imagery of the WorldView-1,
WorldView-2, WorldView-3, and GeoEye-1 satellites, collected mostly over the austral
summer seasons of 2015 and 2016. Each individual DEM was vertically registered to satellite
altimetry measurements from Cryosat-2 and ICESat, resulting in absolute uncertainties of less
than 1 m over the most area (Howat et al., 2019). Some coastal ice-free areas presented voids
due to the proximity to the sea level. These voids were recursively filled with a moving cell
window-based interpolation until no empty pixel remained. In the MA ice-free areas covered
solely by the 2-meter REMA mosaic, we downscaled the spatial resolution to achieve 8 meters.

We used multispectral data from Sentinel-2 mission satellite imagery as soil predictors,
assuming that remote sensing data is able to give detailed information on the soil, since the bare
surface reflectance is an intrinsic property of the soil material and may indicate other soil
attributes, like texture or mineralogy (McBratney et al., 2003). This assumption is better applied
in areas with spatially limited vegetation, as is the case in Antarctica. The images, collected

between 2017 and 2021 during the summer seasons, were chosen according to their lowest



25

possible cloud and snow covers in each ice-free area, to maximize the multispectral data

capability as soil predictors.

Table 2. Environmental predictors representing the scorpan factors.

Environmental predictors

r: topography c: climate
Aspect Slope height BioClim 1
Convergence index Slope length BioClim 2
Cross-secational curvature Standardized height BioClim 3
Diurnal anisotropic heating Surface specific points BioClim 4
Diffuse insolation Roughness concentration index BioClim 5
Direct insolation Tangential curvature BioClim 6
Direct to diffuse ratio Terrain ruggedness index BioClim 7
Downslope curvature Terrain surface classification BioClim 8
Drainage density Terrain surface convexity BioClim 9
Effective air flow height Terrain surface texture BioClim 10
Elevation Topographic openess BioClim 11
Flow line curvature Topographic position index BioClim 12
Flow horizontal distance Topographic wetness index BioClim 13
Flow vertical distance Total curvature BioClim 14
General curvature Total insolation BioClim 15
Geomorphons Upslope curvature BioClim 16
Gradient Valley BioClim 17
Gradient difference Valley depth BioClim 18
Hill height Valley index (0-1) BioClim 19

Hill index (0-1)
Hillslope index (0-1)
Hillshade

Local curvature
Longitudinal curvature
LS factor
Mass-balance index
Maximum curvature
Mid-slope position
Minimum curvature
Morphometric protection index

Multi-resolution ridge top flatness

Multiresolution index of valley bottom

flatness
Normalized height

Plan curvature
Profile curvature
Real surface area
Ridge level

Sky view factor

Slope

Vector terrain ruggedness

Wind exposition

s. soil

Sentinel band 2 (blue)
Sentinel band 3 (green)
Sentinel band 4 (red)
Sentinel band 5 (red edge)
Sentinel band 6 (red edge)
Sentinel band 7 (red edge)
Sentinel band 8 (NIR)

Sentinel band 8a (red edge)

Sentinel band 11 (SWIR)
Sentinel band 12 (SWIR)
Sentinel ratio 3/2
Sentinel ratio 4/2
Sentinel ratio 8/4
Sentinel ratio 12/4
Sentinel ratio 12/8

Frost change frequency

0. organisms

Net primary productivity
NDVI

SAVI

Rookeries (0-1)
Rookeries distance
Vegetation (0-1)

p: parent material

Geology

a: time
Coastline distance

Glacier distance

n: spatial position
Latitude
Longitude




26

We used 6 predictors to represent the biological (organisms) factor: Soil Adjusted
Vegetation Index (SAVI) and Normalized Difference Vegetation Index (NDVI) obtained from
Sentinel band ratios; a Boolean (0-1) vegetation layer obtained from the NDVI; and the
CHELSA net primary productivity (NPP), placed to represent the vegetation influence; and a
rookeries Boolean layer and the rookeries distance, representing the fauna (mainly penguins)
activity.

A group of 19 bioclimatic covariates available for Antarctica by the CHELSA program
were applied as climatic predictors, representing a 30 years’ time series (1981-2010). The
CHELSA (Climatologies at high resolution for the earth’s land surface areas) data consists of
temperature and precipitation estimates at a spatial resolution of 30 arc sec, ~1km (Karger et
al., 2017), using the ERAS models as forcing data. Bioclimatic variables provide meaningful
biological information, representing annual trends, seasonality and limiting environmental
factors, which are often used in ecological modelling. We also used the CHELSA frost change
frequency (FCF), which records the number of events in which temperatures vary above or
below 0°C. Both the Sentinel and CHELSA variables were resampled using cubic convolution
to match the REMA 8-meter spatial resolution.

The distance to glaciers and distance to coastline were used as predictors of the time
factor, since it is assumed that there is a time (age) range in the Antarctic ice-free areas, in
which areas farthest from the glaciers and from the coastline represent the oldest surfaces,
which directly influences soil development. To account for parent material effects, we created
a simplified geology layer (e.g., volcanic, sedimentary, plutonic, unconsolidated sediments,
etc.) from existing local geological maps (Smellie, 2013; Smellie et al., 2021b, 1984). At last,

the spatial position factor was incorporated from the latitude and longitude variables.

2.4. Data preparation

All processing, illustrated in Fig. 2, was done on the free statistical software R (R Core
Team, 2023). The majority of the terrain attributes and classifications used as topography
covariates were generated with the RSAGA package (Brenning, 2008). To model the soil
texture, we harmonized the soil data in three standard depths (0-10, 10-30 and 30-100 cm). For
this we applied the mass preserving quadratic spline of Bishop et al., 1999 using the mpspline2
package. For each spline we used a smoothing parameter value of 0.1 leading to values of soil

texture for each cm. Next, the spline averaged the soil texture according to the standard depths.
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The average step reduced the original number of samples to 2538. In the case of pit samples (0-

30), the same value was used to the two depths 0-10 and 10-30.

Soil texture data
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o ¢ — 1
Map prediction

¥ Environmental predictors
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Figure 2. Methodological flowchart containing the steps for the soil texture prediction. To
obtain information about the models and metrics acronyms the readers are referred to the

topics 2.6. and 2.8., respectively.

The following steps of the processing were performed using the caret (Kuhn, 2021) and
mdsFuncs packages (Fernandes-Filho et al., 2021). The soil texture data were randomly split
for each depth into training and test sets in a 3:1 ratio (holdout), with the function

createDataPartition, which arranges the data into subsets based on percentiles and samples
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within these subsets. In this way, 75% of the data was included in the training set and 25% in

the test set.

2.5. Selection and importance of predictors

To select the most important predictors, we applied a three-step method. Firstly, we
removed the highly correlated predictors with Spearman correlation > |0.95|, using the function
findcorrelation. If two predictors had a high correlation, this function removes the predictor
with largest mean correlation with all datasets. We also removed strongly autocorrelated
predictors with Moran’s I > |0.85|. Then, we applied the Recursive Feature Elimination (RFE)
algorithm using the function rfe to backward select the optimal set of predictors for each ML
model used. RFE starts with the complete set of predictors and calculates the importance of
each in a full model, ranking them according to the importance index available for each model.
Then it removes the least important predictor and refits the model. This process is repeated
several times to determine the best set of predictors, considering the loss of accuracy when
removing relevant predictors (Oliveira et al., 2021). RFE was run with the full set of predictors
and 130 subsets: first at intervals of 5 predictors until leaving 30 predictors, and then at intervals
of 2. RFE was run 100 times, and we chose the optimal subset considering a range of 2%
performance loss from the subset with the highest accuracy for the sake of model simplification.

Before the training, we scaled the predictor variables by dividing mean-centered values
by their respective standard deviations. This is important to minimize the effect of large
variations across the descriptive predictors. Dummy variables were created for the proper
handling of categorical predictors with many classes. The relative predictor’s importance to the
prediction was estimated using the function varlmp. With this function, values of importance
are normalized for a scale of 0 to 100, where the most important predictor is at 100 and the least
important at 0. It can use a model-based approach, when the models have specific metrics for
calculating importance, or a model-independent approach (Kuhn, 2008). We also evaluated the

number of times (frequency) that the predictors were chosen throughout the 100 runs.

2.6. Machine Learning algorithms

We used seven supervised ML algorithms representing the main machine learning
families (Table 3). RF is based on ‘ensemble learning’ (Breiman, 2001), which generates a large

set of decision trees and aggregates their results into a single prediction. To build the forest, RF
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uses the bagging approach (sampling with replacement) to randomly create bootstrap sets from
the original training. Each set is then used independently to train a single tree. The training is
done by splitting the dataset according to a series of if—then rules, with the most important
predictors being placed on the top of trees to create nodes and leaves of higher homogeneity.
The outcome is the average prediction of all trees. The main hyperparameter tuned to improve

the model performance was the ‘mtry’, which is the number of predictors used at each tree.

Table 3. Machine learning models used and machine learning families.

Models R packages Machine learning families*
Bayesian Generalized Linear Models (GLM) arm Probability-based learning
Stochastic Gradient Boosting Models (GBM) gbm Information-based learning
Monotone Multi-Layer Perceptron Neural Network (MONMLP)  monmlp Error-based learning

Radial Support Vector Machine (SVM) kernlab Error-based learning
Random Forest (RF) randomForest Information-based learning
Weighted k-Nearest Neighbors (k-NN) kknn Similarity-based learning

GBM (Friedman, 2002) constructs additive regression trees where subsequent ones are
built from the residuals of the previous tree. The model performs a boost by selecting a random
subsample at each iteration, without replacement, from the full training data. This subsample is
then used to update the model and sequential improvements are obtained with the boosting
biasing the new trees to pay more attention to instances that previous models predict incorrectly.
The improvement of the model was achieved from the tuning of the hyperparameters ‘n. trees’,
which is the number of adding trees, and ‘interaction. depth’, which is the number of splits
performed on a tree.

SVM (Cortes and Vapnik, 1995) performs the training searching for a hyperplane able
to separate the data with the largest possible margin. The margin is constructed as the space
between the decision boundary and the first sample points on each side. The Radial SVM uses
a radial base kernel function to transform the data into a higher-dimensional space, and then,
produce flexible decision boundaries when the data are not easily separated. The algorithm
performance depends on a good balance between the ‘sigma’ and ‘cost’ hyperparameters. The
‘sigma’ controls the degree of nonlinearity of the model, while the ‘cost’ controls the trade-off
between margin and training errors.

MONMLP (Lang, 2005) is a multi-layer perceptron neural network developed for multi-
dimensional function approximations. Multi-layer perceptron (MLP) consists of a feedforward

artificial neural network which contains an input, an output and one or more hidden layers of
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nonlinearly activating neurons. Each neuron of the hidden layers combines the inputs with back-
propagation weights and the output is delivered as the inputs for the neurons of the following
layer. The MONMLP has advantages in relation to a normal MLP by incorporating the
monotonic constraints between inputs and outputs through the neural network structure. Two
hyperparameters were tuned: ‘hidden1’, which is the number of neurons in the first hidden layer
and ‘n. ensemble’, the number of ensemble members to fit.

The Weighted k-NN (Hechenbichler and Schliep, 2004) performs the prediction of new
samples using the k closest samples from the training set. k refers to the number of nearest-
neighbor samples used. To avoid overlapping of predictors with large range, all predictors must
be transformed before running. Weighted k-NN differs from other k-nearest neighbor
algorithms because it uses kernel functions to weigh the neighbors according to their
Minkowski distances. The main hyperparameter used for optimization was ‘kmax’, which is
the number of neighbors and must be chosen precisely, since small and large values of k usually
overfit and underfit the data, respectively.

GLM (Nelder and Wedderburn, 1972) is a generalized and flexible linear regression
which aims to determine the causal relationship between the independent and response
variables. The differences of the GLM to the classical linear regressions is that although
assuming the predictor has a linear effect, the response is treated with different types of
statistical distributions than the normal, besides handling with non-linear relationships. The
Bayes GLM incorporates Bayesian techniques for efficiently predicting the unknown
parameters of the model and is also considered suitable to avoid overfitting and increase the

predictive power. There is no hyperparameter to be tuned in this model.

2.7. Model training

We trained the ML models by extracting and analyzing the predictors’ information for
each training sample, using the function #rain. We tuned the models using a 10-fold cross-
validation and ten possible values of tuning hyperparameters. With this method, the training
samples are partitioned into 10 near-equally sized folds. Then, the models are trained by
repeatedly leaving out one of the folds and the training performance is determined by predicting
on the fold left out (Meyer et al., 2019). To overcome the effect of sampling variability, we ran

the models 100 times, creating repeatedly different training and test datasets.

2.8. Model test
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To test the models’ performance, we applied the fitted models to the test data and
expressed the performance of the prediction by five statistical indexes. The mean absolute error
(MAE) (Eq. 1) and root mean squared error (RMSE) (Eq. 2) summarize the residuals and
describe the absolute accuracy of the models, which means how close the predicted values are
to the actual values. The mean bias error (MBE) is calculated as the mean error (Eq. 3). It is not
considered a measure of accuracy, since with its positive and negative errors cancel each other,
muting the magnitude of errors. Thus, it is a useful indicator of model bias.

The coefficient of determination (R?) (Eq. 4) indicates the proportion of the variance in
the target variable that the model explains and compares how much the model improves
prediction over simply using the mean of the observed target variable as the prediction. R?
varies between 0 and 1. Finally, the Lin’s concordance correlation coefficient (LCCC)
evaluates the agreement between the observed and predicted values. LCCC assesses both
precision and accuracy of the prediction. In this case, precision refers to the spread of points
around the regression line (correlation coefficient) for the predicted versus observed. Accuracy
refers to the correspondence between that regression line and the perfect line (1:1 line). In
general, LCCC can be considered a more appropriate evaluation than R? by capturing bias in
the model prediction (Khaledian and Miller, 2020). It varies between —1 and 1 and has been
assigned the term p¢ (Eq. 5).

As an additional validation, we applied the “Null” MAE and “Null RMSE”, by
calculating the metrics for a null model with the mean observations as predictors. The use of
“Null” models is a good strategy to establish thresholds and evaluate the “badness” of the
models, since it allows the comparison of the tested models with a model where the parameters
(predictors) are 0 (null).

1 n
MAE = —2 i — x| ()

n i=1

RMSE = J%Z?ﬂ(yi - x)? 2)

1 n
MBE = - Z i — x) 3)
n i=1
R2=1-— ?=1(xi - yi)z (4)
e (x — %)
2p00,.0.
LCCC: p xl yl (5)

0% + 03 + (X — y)?
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2.9. Prediction and uncertainty

To build the soil texture predicted maps at different depths, we selected among the
models that attained the best performance throughout the test. This resulted in 100 maps for
each soil particle size fraction at each depth, and final maps of the sand, silt and clay were the
resulting mean value for each pixel. We classified the soil fractions data into soil textural classes
applying the package soiltexture (Moeys et al., 2022) and using the Soil Taxonomy’s textural
triangle (Soil Survey Staff, 2014). The classes were validated using the classes of the original
dataset and the kappa and global accuracy classification measures.

We also evaluated the local uncertainty (pixel-level uncertainty) following Gomes et al.,
2019 proposal. For that, we computed the upper (Q95) and lower (Q5) percentiles for each pixel
through the 100 runs. Then, we estimated the uncertainty as the difference between the 95" and
the 5" percentiles - 90% Prediction Interval (PI). The higher the PI width for a pixel, the higher
the uncertainty. Additionally, we calculated the coefficient of variation (CV % = standard
deviation / mean) of the 100 times predictions and made a qualitative evaluation of the spatial

patterns of uncertainty across the study area.

3. RESULTS

3.1. Characterization of soil data

In the original data, the sand fraction presented the highest values, with a mean of 63%,
followed by silt (mean 23%), and clay fractions (mean 14%). Little changes were observed with
depth (Table 4). The soil texture showed predominance of the sandy-loam textural class, but

sandy, loamy sand, sandy clay loam and loam classes were also significant in our dataset (Fig.

3).

Table 4. Descriptive statistics of the sand, silt and clay fractions from the soil dataset splined

according to the standard depths.

Depth Min Max  Mean Median SD g/V)
0
0-10 cm Sand % 0.02 99.99 63.82 63.80 17.04  26.70
n: 1023 Silt 0.00 75.77  21.90 20.94 12.82  58.55
Clay 0.00 55.61 14.27 13.92  8.09 56.72
10-30 cm Sand % 0.37 99.99 62.53 62.03 17.53  28.03
n: 997 Silt 0.00 9433 2342 22.24 13.72  58.59

Clay 0.11 51.08 14.14 13.55 8.03 56.79
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Figure 3. Soil texture triangle with the MA and NAP soil data. Representative value (red
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point) corresponds to the median and low-high region (polygon) defined by the 5th and 95th

marginal percentiles. C: clay, CL: clay loam, L: loam, LS: loamy sand, S: sand, SC: sandy

clay, SCL: sandy clay loam, SL: sandy loam, SIC: silty clay, SICL: silty clay loam, SIL: silt

3.2. Selection of predictors

loam, SI: silt.

Depending on the depth, 22 to 27 redundant predictors were discarded through the

correlation and autocorrelation elimination steps, representing mainly some bioclimatic,

spectral bands and indexes, curvature, insolation, terrain attributes linked to the surface slope,

and latitude and longitude. The RFE managed the remaining predictors to select the optimal set

of predictors. The subsets chosen varied in size according to the models, soil particle size

fraction and depth (Fig. 4). Considering the 100 runs, the number of predictors selected for a
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subset varied from seven to 47 (mean 18) for the clay fraction, seven to 72 (mean 24) for the
sand, and five to 58 (mean 15) for the silt, indicating a higher tendency to construct simpler
models when predicting the silt fraction. On the other hand, the number of predictors varied
from six to 31 (mean 13) for 0-10 cm, nine to 55 (mean 20) for 10-30 cm, and seven to 72 (mean
24) for 30-100, indicating simpler models at the topsoil. Overall, the GLM, GBM and k-NN
constructed large subsets for all fractions. The RF selected intermediate-sized subsets of three

to 26 predictors (mean 10).
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Figure 4. The average number of predictors selected by the models for each soil particle size
fraction, throughout the 100 runs. Error bars mean the standard deviation. bayesglm:
Bayesian Generalized Linear Models, gbm: Stochastic Gradient Boosting Models,
monmlp: Monotone Multi-Layer Perceptron Neural Network, svmRadial: Radial Support

Vector Machine, rf: Random Forest, kknn: Weighted k-Nearest Neighbors.

3.3. Importance of predictors

In general, the best predictors selected by the RFE were the bioclimatic variables, the
Euclidean distances to glaciers and coastline (variables linked to soil development) and a few
terrain attributes (Fig. 5). The most important variable for the clay fraction was the temperature
seasonality (BioClim 4), achieving 100% of relative importance at the first two depths. It was
followed by the glacier distance and isothermality (BioClim 3) at all depths, whereas the annual
precipitation (BioClim 12) and precipitation seasonality (BioClim 15) were also important
bioclimatics regardless of the depth. In turn, the terrain surface texture and drainage density,

variables associated with the surface’s rugosity, were the most relevant terrain attributes for all
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depths. The Sentinel band 11 and the Sentinel band ratio 8/4 were significant for clay at the
depth 0-10, indicating the importance of the multispectral data to prediction at topsoil.
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Figure 5. Mean relative importance and frequency of selection during the 100 runs of the RF-
predictors for each soil fraction and depth. Depicted data are the top 8 predictors with
frequency > 10. The complete data with all predictors chosen in the 100 times are shown in

Supplementary data, Fig. 2.

The bioclimatics were also important for the silt and sand fractions, mainly the
temperature seasonality which was not the best predictor only for sand at the deepest layer (30-
100 cm). The glacier distance and coastline distance were also important for the two fractions,
with the first one showing the highest importance for silt at 10-30 cm (75%) and the second for
sand at 0-10 cm (25%). For the silt, the terrain attributes were more important when predicting
at subsoil, mainly at 30-100 cm depth. The most relevant were those related to the topography’s
height, such as standardized height, effective air flow heights, elevation, and wind exposition.

A similar pattern was observed for the sand fraction. The standardized height was the most
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important predictor for this fraction at the deepest layer, with a mean relative importance of
95% and 100 times of frequency of selection.

The predictors related to the organism’s factor had less importance to the models. The
NDVI and SAVI indexes were removed by high correlation with the Sentinel 8/4 predictor, so,
we can assume this band ratio as a potential predictor related to the biological factor. Geology
had a smaller overall contribution but appeared with some important classes for clay and sand
fractions (Supplementary data, Fig. 2). The most important geology classes for clay were the
pyritized rocks and marine mudstones and sandstones, parent materials which contribute with

high rates of clay to the soils.

3.4. Model performance

The RF presented the best training performance for all fractions and depths, with LCCC
values always next to 0.9, and maximum R? of 0.32, followed by the GBM, k-NN and SVM
(Supplementary data, Table 1). In general, the RF also showed higher test performance,
indicating the best agreement and least deviations between the observed and predicted values
among the models. It is also followed by the GBM and k-NN models (Fig. 6), whereas the GLM
was the worst for almost all fractions and depths (with minimum LCCC and R? of 0.04 and
0.02, respectively) (Supplementary data Table 1), which can be expected since the incapacity
of this model in extracting the non-linear patterns necessary to modelling the soil texture.

The models had better performance when predicting on clay fraction, with RF showing
the highest results at the depth 0-10 cm (LCCC of 0.49 and R? of 0.31). As well the other
models, the RF generated the worst performance when predicting silt, with mean test LCCC
and R? as low as 0.17 and 0.29, respectively (Table 5). The bias values were higher at the depth
30-100 for all fractions, indicating the greatest tendency to the errors in the deepest layer. RF
was also the model with the lowest MAE and RMSE values (Supplementary data, Table 1) and
was the only model which presented better MAE and RMSE than the null models for all soil
fractions (Fig. 6), indicating its greatest adequacy for predicting soil texture. The MBE values
< 1% indicate insignificant model bias, demonstrating virtual absence of systematical errors.
Nonetheless, the negative values indicate a weak tendency of RF to underestimate the observed

values.
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Figure 6. Test performance of the models on soil texture prediction. bayesglm: Bayesian

Generalized Linear Models, gbm: Stochastic Gradient Boosting Models,

monmlp: Monotone Multi-Layer Perceptron Neural Network, svmRadial: Radial Support

Vector Machine, rf: Random Forest, kknn: Weighted k-Nearest Neighbors.

The errors of RF prediction increased at subsoil. The largest decreases were observed

for sand, with a fall in LCCC values of 0.43 at 0-10 to 0.34 at 30-100 cm. This decrease is also

observed for the silt and clay fractions, although with less intensity (Table 5). Since all measures

indicated the RF as the model with the best performance and generalization capacity, we

selected it to spatial modelling and producing the soil texture maps.

Table 5. Test performance of the RF for sand, silt, and clay predictions at three depths.

Fractions Depth

R? LCCC MAE RMSE MBE

Sand

Silt

0-10
10-30
30-100

0-10
10-30

0.26 0.43 11.33 14.82
0.24 0.40 11.84 15.39
0.19 0.34 12.98 16.50

0.19 0.35 8.59 11.73
0.17 0.30 9.27 12.67

-0.69
-0.97
-0.96

-0.69
-0.85
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30-100 0.17 0.29 9.31 12.09 -0.88

Clay 0-10 0.31 0.49 5.06 6.77 -0.41
10-30 0.28 0.45 5.22 6.87 -0.43
30-100 0.29 0.44 5.85 7.48 -0.44

3.5. Prediction and mapping

According to the statistics of the final RF maps, the sand fraction showed the highest
contents at the three depths. The highest sand contents are found at 0-10 cm, with a mean of
66.3% and maximum of 83%. On the other hand, silt contents were higher (mean 24%) in the
greatest depth, whereas clay presented the lowest contents between the three fractions, with a
general around 13%. The predicted values did not vary significantly through the depths (with a
mean difference among depths of just < 3% for all fractions), following the uniformity of the
original samples. The silt fraction presented the highest CV%, achieving 20% at the deepest
layer and indicating a greater variability throughout the study area. The least variation occurred
with the sand fraction, not exceeding 9%. The contents of all fractions are similar between MA
and NAP, with a maximum difference of just 5% for the sand fraction (Supplementary data,
Table 2). The final maps underestimated and overestimated high and low observed values,
respectively. The greatest overestimations occurred for the sand, whereas the highest

underestimations were associated with the silt and clay contents (Fig. 7).

Sand Silt Clay
50-
80
40-
e
B
< 30-
5 60
o)
a 5
20- .-
40- ) £
= 10 48
0 30 60 90 0 20 40 60 40

Observed (%)

Figure 7. Observed vs mean predicted over the 100 runs data for sand, silt, and clay fractions

for the depth 0-10 cm.
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Half Moon and Penguin Islands presented the highest sand values, averaging around
76%, followed by Barrientos, Deception, and Livingston islands. Livingston Island presented a
great variability of the sand contents, with ice-free areas with mean values of 73% (Hurd
Peninsula) and others with values as low as 25% (Byers Peninsula, mean of 60%). The islands
with the lowest sand values were Ardley, with 58%, followed by King George, Elephant, and
Nelson islands. In NAP, values do not reveal large variations, with mean values ranging
between 61 and 65%. The highest silt contents were found in Elephant Island, averaging 26.5%
(Supplementary data, Table 3). The highest clay contents are found in Snow, Nelson, King
George, and Ardley islands, with mean between 14% and 16%. Western Admiralty Bay in King
George Island was the ice-free area with the highest clay contents (19 %), followed by Byers
Peninsula (Livingston) and Harmony Point (Nelson) and Keller Peninsula (King George). Vega
Island presented the highest values in NAP, averaging 14.5% (Supplementary data, Table 3).
The lowest clay contents were found in Half Moon, Penguin, Barrientos, and Elephant islands
(Fig. 8,9,10,11 for the mean contents in 0-100 cm; the complete maps for each depth are found
in Supplementary data, Fig. 4).

The higher variability of soil texture contents in MA is also expressed for the soil
textural classes mapping. The sandy loam texture was the dominant class (Fig. 12), representing
almost 100% of the total NPA area. In MA, the loamy sand texture represented 84% of the area,
followed by the sandy clay loam, loam and loamy sand, with approximately 5% each one. The

clay loam class had an area < 1% and it was found only in Byers Peninsula.

3.6. Prediction uncertainty

Considering the local uncertainty, the CV% was higher at the deepest layers, except for
the silt fraction. This can be related to a lesser precision when predicting over lesser data, as
happened to the depth 30-100 cm. CV% was higher on silt prediction, with mean CV% of 13%
and lower for sand (mean 5,5%, Supplementary data, Table 4). Nonetheless, the prediction
interval width was larger for the sand fraction (mean PI = 10.9%), indicating higher deviations
of the 5™ and 95" percentiles from the predicted mean, whereas the lowest values associated to
the clay prediction (mean PI = 4.8%) (Supplementary data, Table 5). Considering the depths,
the uncertainty addressed by the percentiles follow the trend observed with the CV%, with a
general higher and lower uncertainty in the depths 30-100 and 0-10, respectively.
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From a look at the Prediction Interval and CV% maps (Supplementary data, Fig. 5 and
6), the uncertainty showed a very clear spatial pattern, mostly controlled by the spatial structure
of the main predictor variables and/or by the presence of extreme soil fractions values. The
local uncertainty was slightly higher on MA in comparison to NAP, mainly in large areas such
as Deception Island, Byers Peninsula and Fildes Peninsula where anomalously high or low
contents of sand, clay, and silt, respectively, are common. Differently what was observed by
Ballabio et al., 2016 and Gomes et al., 2019 the uncertainty did not increase according to the
complexity of terrain and it was not sensible to sample density. So, it is clear the importance of
the extreme values for the uncertainty distribution in our study area, indicating the difficulty of
our model in dealing with natural outliers associated with the pedological complexity of the

Antarctic ice-free areas.

4. DISCUSSION

Our methodological framework was able to optimize the soil texture prediction by
applying processes to handle multicollinearity and spatial autocorrelation, to backward
selecting the best environmental predictors, to optimize the models hyperparameters, to assess
performance using an independent validation dataset and to use repetitions to handle the input
data variability. We also tested the prediction accuracy of different ML models, which is an
important approach since the performance of the models can largely vary depending on the

particularities of each problem and study area.

4.1. RF: optimal model

RF presented the best overall performance when predicting the soil texture. RF has been
commonly used for DSM (Akpa et al., 2014; Hengl et al., 2015; Malone and Searle, 2021;
Sousa et al., 2020), due to the advantages that this model presents in comparison to other
models, which is mainly due to the fact RF is an ensemble model that benefits from a set of
decision trees to improve the generalization ability of the model and to determine a more
accurate and stable prediction (low variance) (Kelleher et al., 2015).

Besides the predictive power, the RF advantages also include, great efficiency against
noises and overfitting, good performance on small datasets, good interpretability, ease of use,
optimization of non-additive and non-linear relationships (Biau and Scornet, 2016; Breiman,
2001). RF also largely surpasses individual decision trees by constructing smoother decision

surfaces and producing maps more consistent with reality (Chagas et al., 2016).
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RF has been widely used in DSM studies relative to other algorithms, such as
convolutional neural networks (CNN) (Taghizadeh-Mehrjardi et al., 2020), multiple linear
regressions (Chagas et al., 2016; Zeraatpisheh et al., 2019) and other regression trees (Hitziger
and LieB3, 2014; LieB et al., 2012), involving soil texture predictions in different parts of world.
In these studies, only the CNN and GBM (Hitziger and Lief3, 2014) models presented prediction
performance similar or higher than RF. When comparing ten supervised ML, Caruana and
Niculescu-Mizil, 2006 found the GBM and RF, close followed by SVM, as the best learning
algorithms, in agreement with the higher performance of these models in our study.

In this study, the best accuracy was found for predictions on clay fraction, whereas the
worst was found on silt fraction. Many studies showed the same trend in different regions in
the world (Akpa et al., 2014; Mansuy et al., 2014; Poggio and Gimona, 2017), indicating higher
correlation of the clay contents with the predictor covariates. However, Roméan Dobarco et al.,
2017 have already found the best accuracy to silt and worse to clay, indicating this is extremely
variable according to the region and predictors used. Our results also showed a higher
prediction performance in the topsoil and increasing prediction error in the lower depth
intervals. This finding is in line with the results of Adhikari et al., 2013 and Taghizadeh-
Mehrjardi et al., 2020. In general, the lower accuracy measures found in this study in
comparison to other works reveal the complexity of the Antarctic ice-free area’s landscapes

condition.

4.2. Advances and challenges of our methodology

Soil is a natural three-dimensional body with variability in all three dimensions (Ma et
al., 2021). The mass-preserving spline function used in this work is designed to handle this
tridimensionality of soil data (Bishop et al., 1999). It is particularly relevant to handle legacy
data, making continuous down-profile estimates of attributes and allowing depth
standardization of soil observations often obtained over horizons with different depths and
thicknesses. Predictions based on the spline function can be defined as a multi-layered pseudo
3D or 2.5D prediction, since it includes independent predictions over depth intervals without
influence of the other depths, whereas full 3D modelling approaches are characterized by
incorporating depth along with spatial covariates as predictor variables (Ma et al., 2021).
However, different studies have pointed out the 3D modelling results in much higher
uncertainty and unrealistic predictions relative to the 2.5D approach (Ma et al., 2021; Nauman

and Duniway, 2019), which supports maintaining the use of spline in DSM.
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Removing predictors with high correlation is also a common method in DSM (Gomes
et al., 2019; Mansuy et al., 2014), since the collinearity can drive to problems such as high
performance estimates despite few or no significant predictors and predictors estimate
instability (Riza et al., 2021). Less addressed in the DSM literature is the need to deal with
predictors with strong spatial autocorrelation (SAC). According to Lennon, 2000 predictors
with SAC tend to be preferably selected or acquire non-realistic importance due to their spatial
structure, mainly if the response variable has also some degree of SAC. This would lead to a
biasing in the prediction, causing misinterpretations and preventing spatial models from making
meaningful contributions (Meyer et al., 2019). Nonetheless, these steps must be taken with
caution (particularly the use of the thresholds) since they can hinder prediction interpretation
by eliminating relevant and/or easily interpretable predictors.

The use of variable selection algorithms has been proved an important approach to
design parsimonious models, besides increasing the computational efficiency (Gomes et al.,
2019). Variables selection is also important when testing different models, as each model can
have a particular set of optimal predictors. Variables selection techniques can also enhance the
models results (Xiong et al., 2014), although it doesn’t happen to all tested datasets (Nussbaum
et al., 2018). As a backward process, RFE does not test all predictors combinations, but it is
less time-consuming and computationally expensive, being more feasible for larger datasets. In
particular, RFE has proven effective to select optimal predictors when applied with Random
Forests (Brungard et al., 2015; Hounkpatin et al., 2018). The good fit of the RF with the RFE
process is evidenced once the RF-optimal sets almost always present better performance than
the full predictors (Supplementary data, Fig. 3), indicating the stronger RF generalization
capacity using lesser explanatory variables (Brungard et al., 2015; Gomes et al., 2019).

Some predictors were selected just a few times during the 100 repetitions, conditioned
by particularities of the training dataset. Repetitions prevent these predictors retained to solve
specific problems in the training dataset from being of great relevance to the overall results. At
the same time, combining the frequency of selection along the 100 runs with the relative
importance of the predictors to evaluate the final importance of the predictors showed to be of
great relevance. Taking our results again, some of the predictors selected sporadically presented
high importance scores, such as the drainage density for silt at 0-10 and drainage vertical
distance for clay at 30-100, which, although selected only once presented a relative importance
higher than 50% (Fig. 5). The use of frequency as a criterion allowed surpassing this problem,

avoiding misleading importance evaluation.
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Other important approaches in our study are the use of an independent dataset to test
(holdout dataset) and of many iterations (repetitions). The use of the holdout dataset is the best
approach to really know the predictive power of the fitted models in space, on other words, if
the models can predict beyond the spatial location of the observations, and at the same time,
avoiding overoptimistic error estimates by testing on observations which were used for fitting
the model. Wadoux et al., 2021 also argue that approaches using an external independent dataset
(which they call probability sample) similar to the holdout strategy used in this work are the
most appropriate method to evaluate the performance of spatial models since they are the best
way to deal with the autocorrelation present in most spatial data, far surpassing other
approaches of spatial cross-validation (Meyer et al., 2019). The only difference of the
probability sampling used by Wadoux et al., 2021 to our holdout strategy is they performed the
sampling to obtain the external dataset over the population space, whereas we performed it over
the sample space (our sample dataset). However, it is important to remember that having a
ready-made population space is mostly viable only in strict methodological procedures, such as
in Wadoux et al. 2021, which is not plausible to most modelling works that aim to generate
novel data.

In turn, several iterations are important to determine the prediction variability, since
different groups of training and test datasets can generate different accuracy results. Repetitions
are even more necessary to deal with variations of performance when few sites are used to
calibrating models over complex landscapes (Vaysse and Lagacherie, 2017). In our work, the
different sets of variables selected in each run show how different training datasets can drive
distinct predictors and consequently predicted maps. The repetitions also allow the uncertainty
estimation to have a quick idea of mapped areas with lower assurance level (Ballabio et al.,
2016; Sousa et al., 2020).

It has already been overly discussed in literature the importance of the evaluation of
uncertainties based on 90% PI (Malone et al., 2011). The PI reports the range of values within
which the true but unknown value is expected to occur 9 times out of 10, with a 1 out of 20
probabilities for each of the two tails (Arrouays et al., 2014). Its relevance stands out by the fact
that a DSM model is considered suitable not only for its ability to accurately predict the value
of a soil property (comparing the observed and predicted values) at a given location but also for
its ability to predict how uncertain this prediction is (Vaysse and Lagacherie, 2017). A common
approach for addressing the uncertainty is to use the quantiles prediction based on the
bootstrapped trees from the Quantile Random Forest (Ma et al., 2021; Vaysse and Lagacherie,

2017). However, this method is limited to just one algorithm and alternative approaches have
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been developed to address the uncertainty for other ML algorithms (Ballabio et al., 2016). In
this work, we followed the proposal of Gomes et al., 2019 by using the 100 iterations to
construct the 90% PI. This approach not only incorporates the uncertainty present at the trees
level into each single iteration, but also permits to address the uncertainty for the wide range of
prediction models that can be used in DSM.

Finally, we recognize the limitations of the soil data used in this work. The limited
number of soil samples down the soil profiles (largely associated with the shallowness of the
Antarctic soils) did not allow the fitting of our data to the six standard depths proposed by the
Global Soil Map project (Arrouays et al., 2014), restricting us to only three depths. Another
important limitation is the low range of the soil texture data, which resulted in the extensive
domain of the sandy-loam soil texture and the homogeneity observed for the two regions
mapped. This can also be noted when analyzing the vertical variability of the sand, silt, and clay
values, which vary little across the soil depths (Table 4). This could also be potentialized using
the RF, which tended to reduce the range of values by smoothing the few extreme values (Fig.
7), a behavior already shown for this algorithm in other works (Yang et al., 2016). Anyway, the
homogeneity of the soil texture is a characteristic of the original data, and although the intrinsic

difficulties, we assume the results were able to make separations within the limited range.

4.3. Soil texture-environment relationships

The dominance of sand contents is a common feature of the Antarctic soils, with varied
proportions of coarse sand and fine sand depending on the parent materials (Siqueira et al.,
2021). The predominance of the sandy loam texture on MA and NAP soils has been largely
recorded (Daher et al., 2019a; Delpupo et al., 2014; Francelino et al., 2011; Lopes et al., 2019),
and has been addressed to the weaker soil development and prevalence of cryogenic weathering
processes (Bockheim, 2015), although clay formation by cryoclasty has also been recorded
(Simas et al., 2006). Nevertheless, the MA and NAP are the regions with the greatest pedogenic
development of Antarctica (Balks et al., 2013). Among other characteristics, this development
is evidenced by the greater clay formation conducted by the weathering processes (Haus et al.,
2016), conditioned by a warmer and moister climate than in the rest of the continent.

The application of soil texture—environment relationships from the use of different
predictors has proved to be an efficient way to model the variability of soil texture fractions

(Greve et al., 2012). In general, climatic variables obtained from spatial climate models and
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topographic variables derived from DEMs are among the most important predictors used for
soil texture predictions (Amirian-Chakan et al., 2019; LieB et al., 2012; Riza et al., 2021).

The bioclimatic variables had higher influence when predicting at the topsoil. These
results were consistent with those reported by Ma et al., 2017 and Taghizadeh-Mehrjardi et al.,
2020. The higher importance of the bioclimatic predictors at surface shows the close association
of the soil texture with the climate, since the greatest exposition to the atmospheric factors
favors the surface weathering and clay accumulation, even during limited warmer and wetter
conditions (Bishop et al., 2018).

The climate is the main driver of the pedogenesis in the Antarctic continent (Balks et
al., 2013). The direct proportional relation of the clay values with the bioclimatics seasonality
of temperature (BioClim 4) and precipitation (BioClim15), as well as the negative relation with
the isothermality (BioClim 3) (Supplementary data, Fig. 7) shows the importance of the annual
climate variability for accumulating clay. Seasonality variables represent the variations of the
monthly mean temperatures and monthly precipitation estimates over the year and captures the
differences of the seasons in the Antarctic continent. The importance to the soil texture
distribution is associated with the fact that they highlight the concentration of optimal climatic
conditions which favor the weathering and pedogenetic processes. Whereas in the winter the
soil processes are deactivated due to the extremely freezing temperatures, the largest seasonality
reflects summer temperatures high enough to fluctuate around the freezing point daily
(Hrbacek, et al., 2017; Schaefer et al., 2017), allowing liquid-water availability in soil and
freeze-thaw cycles both influencing the clay formation through physical and chemical
weathering (Simas et al., 2006).

Although in Antarctica the precipitation rates peak during the equinoxes, the rainfall
(liquid-water precipitation) is higher in the summer season (Vignon et al., 2021), what, along
with the melting of the snow, contributes to increasing the soil moisture and soil processes
during the warmest months. The relevance of the water availability to the soil texture is also
evidenced by the annual precipitation (BioClim 12), although without the same importance as
the precipitation seasonality by incorporating the water-equivalent snow precipitation.

The predicted soil texture patterns have been largely interpreted as result of catena
sequences, with erosion and eluviation of fine particles increasing the sand contents on slopes
and clay contents in depositional areas (Amirian-Chakan et al., 2019; Hitziger and LieB3, 2014).
This can partly explain the relevance of drainage density for clay prediction, indicating the
importance of the soil fluxes in the particle size redistribution (Zhao et al., 2009). At the same

time, the higher clay contents in the areas of greater drainage density reveal a greater formation
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of clay in the areas of a more mature landscape, with a better development of the periglacial
drainage network (Siqueira et al., 2021).

The terrain surface texture was the main topographic attribute to predict clay,
influencing it negatively (Supplementary data, Fig. 7). In general, the steepest areas of the ice-
free areas of Antarctica (e.g., talus-slopes) correspond to younger and unstable paraglacial
landscapes modified by a series of erosive agents, such as catena processes, rivers, wind,
gravity, etc. (Siqueira et al., 2022b). This leads to the extensive clay removal and concentration
of the coarser fractions and evidences the clear confluence between the pedological and
geomorphological development in Antarctic ice-free areas (Francelino et al., 2011; Lopes et al.,
2022b).

The topographic attributes were more important at the deepest layers. In general,
predictors associated with absolute and relative heights have been pointed as the main
topographic predictors to modelling soil texture (Carvalho Junior et al., 2014; Hitziger and LieB3,
2014), which corroborate our findings, at least, to the silt and sand predictions. These predictors,
coupled with the Euclidean distance variables, also evidence the soil-landscape interplays. The
coastline and glacier distances were of great importance for sand and clay/silt contents,
respectively (Supplementary data, Fig. 7). The highest sand contents are found in the low
coastal domain, mainly in the uplifted marine terraces and beaches where the waves deposition
favored the sand grains accumulation and formation of soils with loamy sandy and sandy texture
(Francelino et al., 2011; Michel et al., 2014; Schaefer et al., 2015). The importance of the
predictor variable standardized height and at lower rates the variables effective air flow heights
and elevation, in which the greater contents of sand are directly related to the lowest values of
these variables (Supplementary data, Fig. 7), also depicts the dominance of sand on the beaches
and terraces raised in the Mid-Holocene at a mean maximum rate of 20 to 30 m a.s.1. (Fretwell
et al., 2010).

On the other hand, the highest silt and clay contents are generally found in the highlands
over landforms such as moraines and high cryoplanated surfaces (Lopez-Martinez et al., 2012).
Moraines are glaciogenic deposits formed after the ice retreat and are composed of non-sorted
debris involved by a silt-clayey matrix that commonly originates soils with loamy textures
(Francelino et al., 2011). The accumulation of silt and clay is directly related to the glacier’s
abrasion, which grinds the substrates concentrating the finer particles in the moraine sediments,
and the post-glacial cryoclasty which acts on the boulders and minerals left by the glaciers
(Gonzalez-Guzman et al., 2017). These landforms are generally located closely to the glaciers

front (Davies et al., 2013), which explains well the greatest contents of the finer fractions



54

associated to the lowest distances from the glaciers, whereas the opposite is seen to the sand
fraction.

The high cryoplanated surfaces are the more stable and older periglacial surfaces from
the study area and present highly developed soils with typical presence of finer textures, such
as the sandy clay loam common in King George and Nelson islands (Michel et al., 2014;
Rodrigues et al., 2019). The interplays of the high contents of fine particles with these high
surfaces, whose altitude can reach up to 200-300 m a.s.l, are mainly represented by altitude
variables, highlighting the elevation as a great important predictor for the silt fraction.

The high clay content is also closely related to the higher intensity of chemical and
physical weathering acting longer in these surfaces. Chemical weathering is mainly associated
to the phosphatization process, which has its highest rates over the above-cited islands
(Rodrigues et al., 2021; Simas et al., 2007), and conditions intense clay minerals neoformation
due to the chemical reactions associated to the input of P-rich birds’ guano (Almeida et al.,
2021). In turn, the presence of a continuous permafrost over the highlands in MA (Balks et al.,
2013) conditions the higher activity of the frost weathering and other periglacial processes in
the cryoplanated platforms. Particularly, cryoturbation drives soil particle sorting across the soil
profile, resulting in concentration of finer particles in depth and influencing the vertical
variability of soil texture in the study area (Siqueira et al., 2021).

Although geology presented a relatively lower importance, the predicted maps show the
distribution of the soil texture is closely dependent on the different types of parent materials.
Besides the predominance over the unconsolidated sediments of marine terraces, sand contents
were also higher in islands with great abundance of tuffs, such as Deception Island, since
extremely sandy volcanic soils are formed from this parent material (Vlcek et al., 2018). On the
other hand, the most important classes for clay prediction were the marine mudstones and
pyritized rocks. The inheritance from mudstones conditions the presence of soils with the
highest clay contents found in the study area, located in northwestern Byers Peninsula (Moura
et al., 2012). The higher contents of clay in the areas of pyritized rocks evidences the
contribution of sulfurization to the clay formation through the extreme weathering associated
to pyrite oxidation (Lopes et al., 2019; Siqueira et al., 2022a).

Differently of what was found elsewhere for remote sensing multispectral data (Chagas
et al.,, 2016; Taghizadeh-Mehrjardi et al., 2020), in this work the Sentinel bands had low
importance for soil texture prediction. Sentinel bands only had some importance on the clay

prediction at the depth 0-10 cm, involving particularly the short-wave-infrared bands — SWIR.
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This partially agrees with Gholizadeh et al., 2018 and Taghizadeh-Mehrjardi et al., 2020 who
found SWIR bands had a strong influence on the prediction of clay in the topsoil.

In our study, the reflectance of Sentinel 11 band was positively correlated with the clay
contents (Supplementary data, Fig. 7), which disagrees with the overall tendency of sandy soils
presenting higher reflectance in the shot-wave-infrared. However, this is more valid to light
sandy soils with high amounts of quartz (Conforti et al., 2015), as the case of the sandy soils
developed from sandstones in NAP. For the predominantly volcanic soils from MA whose sand
fraction is dominated by heavy ferromagnesian minerals (black sand), phyllosilicates and light
phosphates (clay minerals) (Simas et al., 2006) increase the reflectance at the surface of soils
with higher clay contents.

Overall, vegetation indices are the best predictors about the organism factor in soil
texture modeling studies (Dharumarajan and Hegde, 2022; Poggio and Gimona, 2017). In this
work, the Sentinel ratio 8/4, which, like the vegetation indices, also uses the spectral response
of the red and near infrared bands, was the main predictor associated with the vegetation cover.
This follows other studies where band ratios have also been successfully used to predict soil
texture (Chagas et al., 2016; Gholizadeh et al., 2018). In Antarctica, high contents of clay were
also correlated to the areas with extensive plant cover, which can be associated to the larger
amounts of organic matter and higher acidity that favors chemical weathering and clay
formation in these sites (Otero et al., 2013). Furthermore, many of the present-day vegetated
areas correspond to former abandoned penguin rookeries (Tatur and Myrcha, 1989), so bearing

greater contents of clay from the phosphatization.

5. CONCLUSIONS

In the present study we created the first digital soil mapping for the ice-free areas of
Antarctica, producing a tridimensional soil texture map with high spatial resolution (8 m) for
an important region of the continent. To achieve the results, we applied statistical modelling
with data-driven ML techniques aiming to predict the contents of sand, silt, and clay for the ice-
free areas of MA and NAP. We also used an array of legacy soil texture data produced from
pedological fieldworks conducted by the international scientific community, highlighting the
Brazilian soil scientist’s contribution.

RF was the model which presented the best performance to predict soil texture. The best
predictors were associated with climate, topography, and soil development, attending well to

the scorpan model factors. Higher accuracy was obtained on clay prediction, mainly when



56

predicting in the topsoil. In the maps, sand contents presented higher values, leading to the
predominance of the sandy loam texture, although clay contents are higher in some areas where
the chemical weathering is stronger. The final maps presented great spatial consistency, with
the soil texture distributed according to factors such as geomorphology, parent material and
pedogenetic development.

This study is a first contribution to satisfying a crescent need of continuous and accurate
soil information for Antarctica, aiming to give subsidies about soil to decision-making toward
conservation of the continent. Furthermore, we aim to provide pioneer data that can be
incorporated in future environmental models, since the current global models do not incorporate
the ice-free areas of Antarctica due to the limited available data and complexity of the continent.
This data can be of great value in furnishing supplies to the better understanding of permafrost
dynamic in the Antarctic soils, as well as the influence of soil texture on its distribution. This
information is even more important in the Antarctic Peninsula and offshore islands, which are
the Antarctic zone more threatened by the changes at the global warming context. Our data can

also be used as support data in the future scientific expeditions in the region mapped.
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ABSTRACT

The Digital Soil Mapping advantages, including quantitative estimations of soil attributes in
areas with little or no soil information, are even more important in remote, harsh landscapes
such as the Antarctic ice-free areas. Our objective in this work was to predict the spatial
distribution of major soil chemical attributes in the Northern Antarctic Peninsula and Maritime
Antarctic regions; as well as to identify the main environmental drivers of these attributes. For
this, we compiled one of the largest soil databases of the Antarctic continent and applied the
machine learning algorithm Random Forest. We predicted seven soil attributes, and they can
be listed as follows from the highest performance to the lowest: bases sum (mean R? of 0.41
and maximum of 0.48), H+Al, pH, total organic carbon, remaining P (P-rem), Na, and available
P (mean R? 0f 0.25). The pH and P-rem presented the lowest prediction uncertainty (mean PIR
of 0.07 and 0.13, respectively), whereas the Na and P presented the highest (mean PIR of 0.85
and 1.24). Both error and uncertainty indicators show the difficulties of the Random Forest in
handling natural outliers. In general, the spatial variability of the soil attributes were mainly
related to the distribution of the mean annual temperature and annual precipitation climatic
covariates, vegetation indexes and multispectral bands related to the vegetation response, the
rookeries distance expressing the birds’ activity, and topographic attributes associated to the
altitude. Overall, the soil attributes showed a climatic gradient, with higher values of bases sum,
pH, and Na in Northern Antarctic Peninsula, while the highest values of TOC, H+Al and P were
present in Maritime Antarctica. This clearly shows the climate covariates influence the soil
distribution in a macroscale, whereas the terrain predictors control the soil variability at local
scales through strong soil-landscape relationships. This study shows the potential of applying
the Digital Soil Mapping methodology to produce detailed soil maps in Antarctica, aiming to

improve soil information as a support for environmental policy in the continent.

Keywords: Antarctic Peninsula. Digital Soil Mapping. Machine Learning. Maritime

Antarctica. Soil attributes.
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1. INTRODUCTION

Digital Soil Mapping (DSM) has shifted from an emerging sub-discipline to one of the
most relevant fields of soil science (Ma et al., 2019; Minasny et al., 2014). DSM growth has
been prompted by advances in computation, population of new data produced by remote and
on-the-ground sensors and the growing global demand for soil data (McBratney et al., 2000;
Nelson et al., 2011). According to Lagacherie and McBratney, 2006, DSM can be defined as
the creation of soil spatial information systems coupling field and laboratory observational
methods with spatial, computational inference systems. So, the DSM aims to model spatial or
spatial-temporal soil distribution from the use of quantitative techniques, making estimations
even in areas with little or no soil information (McBratney et al., 2003; Minasny and
McBratney, 2016).

The DSM can be subdivided into five basic steps, which are important to describe its
nature: 1) the input of soil observations in the form of soil legacy data or new samples; 2) the
selection of spatial, environmental covariates to represent the scorpan factors (McBratney et
al., 2003); c) the building of statistical or mathematical models to quantitatively relate the soil
observations and covariates; d) the model assessment through performance and uncertainty
issues; and e) the use of the fitted models to predict in space the soil distribution as a function
of the covariates (Ma et al., 2019; Minasny et al., 2014; Thompson et al., 2012).

Many computational techniques have been developed to map soils inside the scope of
DSM, including knowledge-based models, soil geostatistics and the most common spatially
factorial models, also known as environmental correlation approaches (Minasny and
McBratney, 2016). In environmental correlation, many works apply Machine Learning (ML)
techniques (Khaledian and Miller, 2020), as powerful tools to implement the DSM principles
by algorithms which independently fit to the data to extract the best function that underlies the
predictive relationships between soil observations and predictor variables (Brungard et al.,
2015; Wadoux et al., 2021). In this way, the computational ML algorithms have been proved
to be the most successfully techniques applied to digital mapping soil types and attributes
(Brungard et al., 2015; Camera et al., 2017; Dharumarajan and Hegde, 2022; Guo et al., 2015;
Hengl et al., 2015; Ma et al., 2017; Meier et al., 2018; Riza et al., 2021; Roman Dobarco et al.,
2017).

Algorithms from different ML families have been tested in DSM, such as probability-
based (Bayesian models) (Taalab et al., 2015), similarity-based (k-nearest neighbors) (Mansuy

et al., 2014), error-based (artificial neural networks and multiple regressions) (Ballabio et al.,
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2019; Kalambukattu et al., 2018) and information-based (decision trees and random forests)
learners (Xiong et al., 2014; Yang et al., 2016). Random Forest is one of the most used ML
algorithms due to the advantages it presents in comparison to other models, including greater
efficiency against noise and overfitting, good performance on small datasets, ease of use and
interpretation and production of more consistent maps (Greve et al., 2012; Hengl et al., 2018).
Many studies have pointed out RF presenting greater performance for modelling different soil
characteristics, such as soil carbon stocks (Gomes et al., 2019; Hounkpatin et al., 2018), soil
texture (Chagas et al., 2016), soil types (Chagas et al., 2017; Taghizadeh-Mehrjardi et al., 2020)
and soi chemistry (Kumaraperumal et al., 2022).

Maybe the greatest advances achieved with DSM are related to the mapping of soil
attributes continuously distributed on space, since the conventional surveys are not able to
constrain the real variability of these attributes (Kumaraperumal et al., 2022). DSM
achievements are even more important in remote, harsh environments where obtaining
continuous soil data at great resolutions and extents is very restricted due to difficulties of
accessibility, cost, and time, as the case of the Antarctic ice-free areas (Siqueira et al., 2022).

Probably, the main importance of obtaining soil information in Antarctica is the extreme
vulnerability of its environment to the global warming (Turner et al., 2014). The most part of
the pedosphere in the continent is composed of permafrost-affected soils (Bockheim and Hall,
2002), in which the effects of the rising temperatures (e.g., permafrost melting and changes in
soil hydrology) are crucial in the global changes’ scenario. Other ecological shifts are changes
on the vegetation cover (Convey and Peck, 2019), changes in distribution and size of flying
birds’ populations (Barbraud et al., 2011), intensification of geomorphic processes, and
exposure of new substrates, which are factors that are proven to affect pedogenic development
and the physicochemical character of the soils in Antarctica (Francelino et al., 2011; Gonzélez-
Guzman et al., 2017; Lopes et al., 2019; Otero et al., 2013; Rodrigues et al., 2021; Simas et al.,
2007). This condition is even more critical in the Antarctic Peninsula and Maritime Antarctica,
regions where the temperature rising rates are the greatest in the continent (Vaughan et al.,
2003).

Understanding the current state of the soils as to their chemical variability is a
fundamental step to monitoring the future responses of the Antarctic ecosystems to climate
changes, and detailed maps produced by DSM in Antarctica can subsidize a wide range of
research communities with spatial soil information able to be used as support for ecological
models, environmental management, and future scientific expeditions over the continent. In

view of this, we aimed to apply the Random Forest algorithm to modelling and map the spatial
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distribution of seven soil chemical attributes: bases sum (BS), total organic carbon (TOC),
potential acidity (H + Al), available Na, available P, pH in water, and remaining-P (P-rem), in
the Northern Antarctic Peninsula and Maritime Antarctic regions; as well as to identify and
understand the main environmental drivers controlling the spatial distribution of these key

attributes.

2. MATERIAL AND METHODS
2.1. Study area

Maritime Antarctica (MA) encompasses the South Shetland Islands (SSI) (Fig. 1). The
SSI are composed of marine sediments, metamorphic rocks, intrusive bodies, tuffs and basaltic
to andesitic lavas, of age varying from Jurassic to Late Quaternary (Smellie et al., 2021b,
2021a). The geomorphology is marked by a set of erosive and depositional landforms typical
of paraglacial and periglacial environments, including landforms such as moraines, raised
beaches, outwash plains, high platforms, blockfields and talus and scree slopes (Francelino et
al., 2011; Lopez-Martinez et al., 2012). The SSI have a maritime climate with mean annual
precipitation (MAP) ranging from 350 to 800 mm and mean annual air temperature (MAAT)
around -2°C (Blumel and Eitel, 1989). Mosses-lichens communities form the main vegetation,
whereas flowering plants are also common in some areas (Ferrari et al., 2020). The soils, in
turn, follows an altitudinal gradient, with Gelisols dominating in the high parts due to the
presence of a continuous permafrost, and the gradual increase of other classes, such as
Inceptisols and Entisols as altitude decreases (Balks et al., 2013).

The Northern Antarctic Peninsula (NAP) is represented by the James Ross Islands (JRI)
and the Antarctic Peninsula coastal area Hope Bay (Fig. 1). The JRI are mainly composed of
marine sandstones, mudstones, and conglomerates predominantly of Cretaceous age overlain
by Neogene basaltic lavas and breccia (Pirrie, 1994). The JRI geomorphology is like the SSI,
with topography also showing a strong structural control due to sedimentary and volcanic rocks
(Jennings et al., 2021). The climate is drier, with MAAT varying from -5°C to -7°C and MAP
from 300 to 500 mm (van Lipzig et al., 2004). Due to the cold semi-arid climate, the vegetation
is scarce. The main JRI soils are Gelisols due to the widespread permafrost, which can be ice-
cemented or dry-frozen, with sporadic shallow Entisols (Daher et al., 2019a; Delpupo et al.,

2014).
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Figure 1. a) The location of the mapped areas: Maritime Antarctica encompassed by the
islands of the South Shetland Islands (b — most part of the archipelago, ¢ — Elephant Island, d
— Low Island) and Northern Antarctic Peninsula represented by the James Ross Islands (e)

and Hope Bay (f).

2.2. Soil data and environmental covariates

We used legacy soil data produced by the Brazilian Terrantar Group in intensive soil
surveys in Antarctica. The dataset is composed of complete soil profiles, surface (0 - 10 cm)
and pit samples (0 — 30 cm). Additional soil data were obtained from the literature to
complement the dataset (Table 1). The total number of soil samples varied for each of the

chemical attributes modelled, ranging from 2207 for P-rem to 3140 for TOC (Table 2).

Table 1. Legacy data of the Maritime Antarctica and Northern Antarctic Peninsula containing

the soil chemical data used in this work.
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Soil

Ice-free areas Points Soil profile Other soil ~ Total Soil Surveys
profiles samples samples samples
South Shetland Islands
King George Island
(Carvalho et al., 2013; Francelino et al., 2011; Pires
. ., 2017; P re et al., 2016; R hetal., 2012;
Keller Peninsula 16230 130 286 416 gt:?llii’nii)naﬁn (Stgzii 3822; ’Th(())rr?e;zirfie:f ali 201,6;Oand’
unpublished data)
(Bolter et al., 1997; Ferrari et al., 2020; Kozeretska et
Western Admiralty Bay 74 66 243 17 265 al.? 2010; Krauze et al.., 2021; Lachacz et al., 2018;
Michel et al., 2006; Simas et al., 2008; Tatur and
Myrcha, 1984)
Hennequin Point 4 - - 12 12 (Vieira et al., 2013)
Lions Rump/Low Head 24 24 94 - 94 (Almeida et al., 2021; and unpublished data)
Potter Peninsula 18 18 71 - 71 (Poelking et al., 2015)
Barton Peninsula 2 4l 114 31 145 (Lee et al., 2004; Lopes et al., 2019)
(Abakumov, 2018; Abakumov et al., 2021; Alekseev
Fildes Peninsula 47 47 141 43 184 and Abakumov, 2020; Boy et al., 2016; Mendonga et
al., 2013; Michel et al., 2014)
Nelson Island
Stansbury Peninsula 33 23 81 10 91 (Meier et al., 2023; Schmitz et al., 2020a)
Harmony Point 123 46 180 67 247  (Rodrigues et al., 2019; and unpublished data)
Robert Island
Coppermine Peninsula 14 12 47 4 51 (Thomazini et al., 2020; and unpublished data)
Livingston Island
- Silva et al., 2022; Moura et al., 2012; Navas et al.,
Byers Peninsula 98 80 282 37 319 2008, 2005 Otero et al., 2013)
. Ganzert et al., 2011; Haus et al., 2016; Ilieva et al.,
Hurd Peninsula 21 21 76 12 88 2021; Jordanolla et a’l., 2022; Na,Vas etal., 2008)
Cape Shirreff 6 - - 6 6 (Ramirez-Fernandez et al., 2019)
Elephant Point 10 - - 20 20 (Navas et al., 2017)
Snow Island
President Head Peninsula 30 30 85 - 85 (Lopes et al., 2022a, b)
Elephant Island
Stinker Point 46 31 94 15 109 (Navas et al., 2018; Schmitz et al., 2022, 2020b)
Boy et al., 2016; Guo et al., 2018; Michel et al.,
Ardley Island 4 23 62 2 84 go?zyt; Perfetti-Bolafio et al., 2018)
. Diaz-Puente et al., 2021; Fermani et al., 2007; Vlcek
Deception Island 25 > 1 39 >0 gt al., 2018; and unpublished data)
Penguin Island 3 3 12 - 12 (Unpublished data)
Half Moon Island 21 21 54 - 54 (Schmitz et al., 2021)
Barrientos Island 5 5 19 - 19 (Daher et al., 2019b)
Northern Antarctic Peninsula
Hope Bay 21 21 72 - 72 (Pereira et al., 2013; Schaefer et al., 2015)
James Ross Island
. Dabher et al., 2019a; Meier et al., 2019; Prater et al.,
Ulu Peninsula 4038131 2 133 (2021; Prietzel et al., 2019; Vicek et al., 2018)
Vega Island
Cape Lamb 30 30 86 14 100 (Moreno et al., 2012; Siqueira et al., 2021)
Seymour Island 44 44 183 - 183 (Delpupo et al., 2014; Gjorup et al., 2020)
Cockburn Island 3 3 6 - 6 (Unpublished data)
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As environmental covariates (Table 3), we used a set of primary and secondary terrain
attributes and terrain-based classifications derived from the 8-meter spatial resolution
Reference Elevation Model of Antarctica (REMA) (Howat et al., 2019). The terrain attributes
were generated using the R package RSAGA (Brenning, 2008). We also used multispectral
bands (varying from the visible to the short-wave-infrared) from Sentinel-2 mission satellite
imagery. For representing the biological influence, we used the Soil Adjusted Vegetation Index
(SAVI) and Normalized Difference Vegetation Index (NDVI), besides the rookeries Euclidean
distance representing the fauna activity. We also used the bioclimatic covariates available for
Antarctica by the Climatologies at high resolution for the earth's land surface areas (CHELSA)
program (Karger et al., 2017). The Euclidean distances to glaciers and to coastline were used
as predictors of the time factor whereas to account for parent material effects, we used a
simplified geology extracted from local geological maps. The features used for the creation of
the Euclidean distance covariates (rookeries, coastline, and glacier limits) were delimited by
photointerpretation over the Sentinel images cited before. All the covariates were resampled to
a 32-meter spatial resolution. For more information about the relation of the covariates used in
this work with the scorpan-factors (McBratney et al., 2003), their sources, generation and

preparation, the readers are referred to Chapter 1.

Table 2. The number of samples and statistics for each attribute from the soil observations
and according to the depth increments. BS: bases sum, TOC: total organic carbon, H+ALl:

potential acidity, Na: available Na, P: available P, pH: pH in water, P-rem: remaining P.

Attribute Total 0-100cm 10-30cm  30-100 cm 0-10 cm 10-30 cm 30-100 cm

n Min Mean Max Min Mean Max Min Mean Max
BS 2505 859 849 475 cmolckg! 0.5 17.1 89.1 0.6 174 139 0 20.7 80.7
TOC 3140 1187 1114 547 dag kg! 0 33 46.6 0 277 406 O 1.7 25.3
H+Al 2479 853 854 470 cmolc kg1 0 7.8 62 0 8 50.8 0 7.9 49.1
Na 2351 802 781 470 mg kg! 0 489 9177 0 427 5830 0 470 6243
P 2591 903 885 482 mg kg! 0 547 11911 O 565 9998 0 476 10602
pH 3056 1117 1053 537 - 28 6.15 10.3 2.8 6.2 96 24 63 9.7
P-rem 2207 768 762 451 mg L1 0.1 299 60 02 30 60 0.8 329 60

All data processing, modelling and prediction were carried out using the statistical
software R (R Core Team, 2023). To fit the originally discrete data in standardized soil depths
we applied a mass-preserving or equal-area quadratic spline using the R package mpspline2

(O’Brien et al., 2022), which models a continuous depth function of attributes in soil profiles
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(Bishop et al., 1999). An equal-area spline consists of a series of local quadratic polynomials
that join at ‘knots’ located at the soil horizon boundaries. It passes through each soil horizon,
maintaining the average value of the soil attribute, and is linear between and quadratic within
the horizons giving a linear-quadratic smoothing spline. The areas above and below the fitted
spline in any horizon are equal—hence the name equal-area (Adhikari et al., 2013). For the
spline function, we used a smoothing parameter value of 0.1, leading to values of soil attributes
for each cm. After that, the continuous values of the spline were averaged within three depth
increments, 0 to 10, 10 to 30 and 30 to 100 cm. The new values for the standard depths acted
as new point data at different depths, and before the regression modelling, they were split into
training and test sets in a 3:1 ratio (holdout), with the function createDataPartition of the caret
package (Kuhn, 2008). In this way, 75% of the data was included in the training set and 25%

in the test set.

Table 3. Environmental covariates organized according to their types and sources.

Data source n Types of covariates

Soil

Sentinel 2 dataset 15 Multls'pectral band_s of visible, near infrared and short-
wave infrared, besides bands ratios.

Climate

Climatic data from 19 Bioclimatic data containing MAAT, MAP, precipitation

CHELSA seasonality, isothermality, etc.

Organisms

Sentinel 2 dataset and 6 Vegetation indexes such as NDVI and SAVI, distance to

CHELSA rookeries, and net primary productivity.

Relief

Terrain attributes of height, slopeness, flatness, hills,
Digital Elevation Model 61 curvature, aspect and hillshade, surface gradient, drainage
REMA density, insolation, texture, valley, wind exposition,
wetness, geomorphons, landforms, etc.

Parent materials

Layer of generalized geological units, containing
Geology map 1 volcanic, sedimentary, metamorphic rocks,
unconsolidated sediments, pyritized rocks,

Time (soil development)

Euclidean distances 2 Euclidean distances to glaciers and coastline

2.3. Covariates selection
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To select the most important covariates, we applied a two-step procedure according to
Poggio et al., 2021, using the caret package. Firstly, we conducted a de-correlation to select
only covariates that had a Spearman pairwise correlation coefficient < |0.95] with all other
covariates. For each pair of covariates correlated above this threshold, the predictors with the
greatest mean correlation with all set of predictors were removed.

As the second step, we applied the Recursive Feature Elimination (RFE) algorithm
(Guyon et al., 2002) to backward selecting the best predictors for each soil attribute model. The
RFE is a methodology that has proven very effective to select an optimal subset of covariates
for the Random Forest model (Gomes et al., 2019; Hounkpatin et al., 2018). The algorithm
starts by fitting a model using all covariates, assessing its performance, and ranking covariate
importance. The least important covariates are then removed from the pool, and again the model
is fitted, assessed, and the least important covariates are removed. The procedure repeats down
to a pool between 2 (in our case) and N covariates. Here, we backwardly refitted the model at
every 5 covariates until 30 of them last, and then at intervals of 2, since removing just one
predictor at each fit is largely time-consuming. The RFE was run 50 times and the subsets
conducting to models with the lowest Mean Absolute Error (MAE) were chosen as the optimal
subsets for the training and prediction steps. This two-step procedure have as main goals to
minimize the redundancy between covariates, and obtain a more parsimonious, interpretable,

and computationally feasible model (Poggio et al., 2021).

2.4. Random Forest training

The Random Forest (RF) is a ML algorithm developed to be used for both regression
and classification modelling (Breiman, 2001). RF is a method of ‘ensemble learning’ that bases
its result on the aggregation of the single results of individual Classification and Regression
Trees (CART) (Breiman, 2001). To build the decision trees, RF uses the bagging to randomly
select bootstrapped samples from the original training set. The bagging is a mechanism where
the selection of samples is done with replacement - where individual samples can be chosen
more than once. About one-third of the observations is left out (out of bag - OOB), which is
used to test the performance of the trees as well as the importance of the covariates (Liaw and
Wiener, 2002).

Additionally, RF also randomly selects covariates subsets, aiming to create de-

correlated trees (Nussbaum et al., 2018). These covariates are used for setting the if-then rules
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at the tree nodes, splitting the data in the training process or establishing the paths of the new
observations during the prediction. The definition of the rules over the predictor space as well
as the choice of the covariates for each node are made recursively to create intermediate and
leaf nodes with the lowest possible variance. In regression tasks, this is made through the
combination of covariate/rules that guarantees the least mean square error (MSE) in the
resulting nodes (Kelleher et al., 2015). In this process, the best covariate available for the tree
is placed in the root node, to optimize the tree growth. The predicted values of new observations
will be the values of the response variable in one leaf node, defined as the mean value of the
training samples sent into this node. In RF, the outcome for each point is the median of the
prediction in all trees, resulting in a lower bias and variance (Hengl et al., 2018).

Three parameters must be defined for RF training: the number of trees in the forest (ntree
= default 500), the minimum number of data points in each terminal node, which also sets the
tree depth (nodesize = default 5), and the number of covariates selected for each tree (mtry =
default p/3). The ntree and nodesize were used as default, whereas the mtry values were chosen
through model optimization, since it is the only RF tuning parameter that requires special
judgment (Nussbaum et al., 2018). For defining the optimized ‘mtry’ value, we applied a
repeated 10-fold cross-validation during the training, using the caret package. With this
method, the training samples are partitioned into 10 nearly-equally sized folds. Then, the
models are trained by repeatedly leaving out one of the folds and the training performance is
determined by predicting on the fold left out. To overcome the effect of sampling variability,
we ran the models 50 times, creating repeatedly different training and test datasets.

The relative covariate’s importance (RI) was estimated on caret package using the
function varImp. For the RF, this function uses the OOB data to compute the MSE for each
tree, before and after permuting each predictor variable. The mean differences between the two
accuracies over all trees gives us the mean decrease in accuracy index, which measures the
decrease in accuracy that results from the exclusion of covariates from the regression. The
higher the decrease, the higher the relative predictor importance. With varlmp, the values of
importance are normalized for a scale of 0 to 100 (Kuhn, 2008). We also constructed partial
dependence plots with the randomForest package (Liaw and Wiener, 2022) and a Principal
Component Analysis (PCA) using the FactoMineR package (Husson et al., 2023) to better
understand the relationships of the soil attributes with the main environmental covariates.
Partial dependence is an analysis which aim to obtain the functional form of the association

between the soil attributes and the individual covariates (Wadoux et al., 2023).
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2.5. Random Forest test, prediction, and uncertainty

To test RF performance, we applied the independent test data through statistical indexes.
The MAE (Eq. 1) (Eq. 1) and root mean squared error (RMSE) (Eq. 2) summarize the residuals
and describe the absolute accuracy of the models, which means how close the predicted values
are to the actual values. The NRMSE and NMAE are the versions of these indexes normalized
by the average value of the observations, which allow the comparison among models of
different units. The coefficient of determination (R?) (Eq. 3) indicates the proportion of the
variance in the target variable that the models explains, and the Lin’s concordance correlation
coefficient (LCCC) evaluates the agreement between the observed and predicted values. LCCC
(Eq. 4) assesses both precision and accuracy of the prediction (Khaledian and Miller, 2020). As
an additional validation, we applied the “Null MAE” and “Null RMSE”, by calculating the

metrics for a null model with the mean observations as predictors.
1 n
n i=1

RMSE = \/%Z?ﬂ(yi — %) @

RZ —1— Z?=1(xi - yi)z (3)
e (X — f)z
2p00,.0,,.
oz, + 05, +(x— )

Where x; represents soil texture observations, X is the average of these values, y; represents the
soil texture values predicted and y is the average of these values. G,ch. and sz,i are the respective

variances and p is the Pearson correlation coefficient. The indices were obtained for all 50 runs
and compared by the mean values.

The final maps for each chemical attribute at each increment depth was obtained through
averaging the spatial prediction of the 50 runs. Besides the predicted mean, we also computed
the 95" and the 5™ percentiles for each pixel through the runs. Then, we estimated the prediction
pixel-level uncertainty by calculating the 90% Prediction Interval (PI, Eq. 5) and the Prediction
Interval Ratio (PIR, Eq. 6) according to proposal of Poggio et al. (2021).
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Pl = Q95— Q5 (5)

PI
PIR = — ©)
Q50
Where Q95 is the 95" percentile, QS5 is the 5" percentile and Q50 is the median. With the PIR,

we can evaluate comparatively the uncertainty for soil attributes with different units.

3. RESULTS

3.1. RF performance

In training, the repeated-cross validation R? varied from 0.28 to 0.48 (mean values for
the 50 runs), whereas the LCCC results presented more optmistic values, varying from 0.94 to
0.90. Accuracy in test accounted for a mean R? very similar to training, with a range from 0.24
to 0.47. On the other hand, the LCCC values were substantially lower than in training, although
keeping a score higher than the R?, varying from 0.37 to 0.64 (Supplementary data, Table 1).
The BS presented the best performance according to the R? and LCCC on both training and test.
In test, the accuracy of the BS model is significantly higher than for the other attributes at the
depth 0-10 cm. At the depth 10-30 cm, the differences are not signficant in relation to H+Al,
pH and TOC when considering the R?. The lowest accuracy are generally associated to the
attributes P and Na, with the exception to the 30-100 cm, where the P-rem retained the lowest
R? and LCCC. The P and Na performances also presented the largest variations along the 50
runs (e.g., widest boxplots), indicating a higher instability of the results (Fig. 2).

When we consider the normalized error metrics, we find a pattern slightly different. The
pH presented the lowest NMAE and NRMSE at the three depths, followed by P-rem and BS.
In turn, the highest errors were found for the P, TOC and Na (Fig. 2). The worst results for the
P and Na prediction are due to errors linked to the presence of extreme values (natural outliers).
This, in turn, is associated to the large range of these attributes, with values varying in mg kg!
scale from 0 to 1191 and 0 to 9177 for the P and Na, respectively, whereas their means are only
529 and 462 mg.kg (Table 2). This is corroborated when we look to the highest P and Na values
for the RMSE/MAE ratio. On the other hand, the lowest pH ratio indicates the outliers affect

more the error metrics than the accuracy ones.
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Figure 2. Test performance of the attribute models accounting the accuracy and error metrics.

The median of the NRMSE and NMAE of the Null models are represented by the red square

plotted along with their respective models. The letters represent the significance of the

differences at 95% of confidence.

The difficulties of the RF in predicting natural outliers is an issue which provenly affect

the model performance, and it has already been addressed in other studies (Yang et al., 2016).

Although this effect is more pronounced for the P and Na prediction, it can be seen in different

degrees for all others attributtes, with the MAE increasing significantly for the last part of the

data distribution (Fig. 3).

In general, the largest errors are associated to the underestimation of the extreme

maximum values, although for the pH and P-rem the greatest MAE values represent the

overestimations of the extreme minimum values. Overall, the lowest accuracy are found in the

30-100 depth, where the smallest number of samples hinders the modelling (Table 2).

Nonetheless, for many of the attributes modelled, the differences between the three depths are
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not statistically significant, indicanting a vertical homogeneity of performance. All

combinations of attributes and depths presented RMSE and MAE lower than the Null models,

indicating the adequacy of the RF for modelling soil attributes.
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Figure 3. Distribution of the predicted vs observed data for each attribute accounting all test
samples from the three depths and the 50 runs; and the MAE calculated for classes of the data,
represented by the different colours. The data classification was done using the Jenk’s natural

breaks method. Colors: red = 1° MAE; yellow = 2° MAE; green = 3° MAE; blue = 4° MAE.

There were large variations of prediction errors at the islands level. The prediction in
Nelson Island showed one of the best results in terms of performance, with the LCCC test being
higher than 0.75 for all attributes and the accuracy being the highest one for the BS, pH and P-
rem. Snow Island and Hope Bay also presented very sactisfatory performances (although with
higher LCCC variations), occupying the first position for the remaining soil attributes. At last,
the greatest prediction errors were obtained for Barrientos and Deception islands, which

commonly presented LCCC lower than 0.10 and negative values at some cases (Fig. 4).
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Figure 4. Performance of the prediction for each attribute and island mapped. The LCCC

values are the mean for the three depths along the 50 runs.

3.2.Covariates selection and importance
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The size of subsets selected by the RFE varyed largely for each soil attribute along the
50 runs. The smallest sets retained only 2 variables, whereas the largest ones presented up to
110 variables, indicating the importance of many repetitions associated to different training data
to obtain an optimal subset of covariates. The attributes with the smallest sets of covariates were
the BS, TOC and Na, with median values between 4 and 8 covariates (Fig. 5), showing the
greater RF capacity in extracting the best relationships of these attributes when dealing with
just a few predictors, although this is not reflected in similar performances.

H+Al and pH presented intermediate-sized subsets, varying from 10 to 14 covariates.
On the other hand, the largest subsets were obtained for the P-rem and P, with maximum median
values of 34 and 25 predictors, respectively (Fig. 5). These attributes also presented the largest
variations of subsets sizes along the 50 runs, which reflects the lack of certainty when handling
different training sets. The models with the largest number of RFE-covariates also have higher
probability of incorporating poorly- important predictors whose patterns extracted are more
related to the presence of artificial noises rather than a real spatially referenced environmental
pattern. This can induce to a significant lost of performance due to overfitting, which in part,

can explain the worst performance of the P modelling.
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Figure 5. The average number of predictors selected by the RFE and chosen for the trees

building (mtry) for each attribute and depth. Error bars mean the standard deviation.

The size of the RFE-subsets influences directly the number of covariates chosen for the
individual decision trees in RF. The lowest mtry values were obtained for the TOC at 0-10 cm

(median of 2), whereas the highest ones were found for the P-rem at the same depth (median of



26 and maximum of 110), indicating the construction of trees more complex and not strongly

de-correlated, according to Nussbaum et al. (2018). With a few exceptions, the largest numbers

of RFE covariates were found for the depth 30-100 cm, of least number of samples (Fig. 5).
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Each soil attribute model also differed on the most important covariates controlling the
prediction. The most important climatic predictors were the Mean Annual Temperature and the
Annual Precipitation. Temperature was the most important covariate for the Na and P-rem
prediction, whereas it was among the most important predictors for the TOC. In turn,
Precipitation was more important for the P and pH prediction, being the best covariate for the
pH in the most depths. Temperature was the most important covariate for the BS in the first two
depths, whereas the Precipitation was more important in the last one. Although less relevant in
general, Temperature and Precipitation were also more important for the H+Al prediction at
surface and subsurface, respectively (Fig. 6).

Rookeries Distance was one of the most important organisms covariates, representing
the birds activity (ornithogenesis) in the Antarctic environments. It was calculated as the
euclidean distance for the major penguin rookeries. It was the most important covariate for the
P and H+Al prediction, whereas it was the second more important for the TOC. The vegetation
indexes SAVI and NDVI were of great importance for the TOC, H+Al and pH, being the most
important covariate for the last attribute in the depth 0-10 cm. The Sentinel bands 11 (short-
wave infra-red), 8 (near infra-red) and 8a (red-edge) also reflected in the most the vegetation
signal, and were important at different degrees for the BS, H+Al pH, P-rem and TOC (Fig. 6).

The topographic attributes selected were mainly related to altitude, slope and surface
dissecation. RCI (roughness concentration index) was the most important covariate for BS
prediction at the depth 30-100 cm. Ridge Level (height associated to the basin dividers and in
the Antarctic ice-free areas directly related to the absolute elevation) was the most important
covariate for the TOC. These two topographic attributes were also relevant for the H+Al
prediction. A higher number of terrain attributes were selected for the P-rem, Na and P
prediction. For the Na, predictors associated to water accumulation and the Coastline Distance
were also important (Fig. 6).

The most important covariates have a well-defined pattern of their contribution when
the partial dependence is plotted (Fig. 7). BS, Na and pH contents sharply decrease around -
6°C and it marks the transition between the colder NAP and the warmer MA. The TOC contents
do not respond to the temperature before -2.5°C, and after a small fall, they tend to a rapid
increase following the temperature evolution, showing the temperature is a relevant driver of
the TOC only in the warmest MA. The precipitation also influences in different degrees the
variables. The pH drops around 500 mm yr-1, whereas the P content starts to respond positively
to the precipitation from 450 mm yr-1. These transitions also marks the differences between

MA and NAP.
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The TOC and H+Al contents respond to the NDVI up to 0.75. In turn, the pH has an
opposite pattern with values decreasing as the SAVI values progress, with the highest response
range between 0 and 0.5. Rookeries Distance has different ranges of contribution for each
attribute influenced. The highest influence on the P prediction occurs up to 500 m, from where
the drop in the values persists in slow rates until approximately 2000 m. Therefore, the closer
to the rookeries, the higher the P contents. A similar behaviour was found for TOC and H+AL
The TOC contents tend to decrease to approximately 80 m of altitude, whereas the H+Al
response lasts longer, up to 150 m. On the other hand, BS and pH increase up to around 80 m.
The Na have a singular behaviour in space. Is values decrease abruptly from the coastline to
approximately 120 m of distance, and as a response to the topography, they go back up from
100 m to 175 m of altitude, when finally the curve flats out (Fig. 7).

BS
’ 30
T ‘225 Ty 25
= =20 %20
10 =

10

70 45 20 275 350 425 2 50 100 150 200
Temperature (°C) Precipitation (mm yr) RCI (% km Eff Air Flow Heights (m)
H+Al H+A| H+AI pH

6.5

6.0

cmol, kg'1

55

0o 2 0 0.250.500.75 ~0 50 100 150 200 0
Rookeries Dist (km) NDVI Ridge Level (m) SAVI

*‘50
'U25

D--
~

08 1.2

6.5

6.0
55

[

, \ : 5.5
300 500 700 70 45 -2.0

100 150 200 4 6
Precipitation (mm yr) Temperature (°C) Eievatton (m) Rookerles Dist (km)
TOC TOC
' - _ 1500
; ; 2 1000
s E o

50 100 150 200 -2.5 -2.0 -1.5 -7.0 -4.5 -2.0
Ridge Level (m) Temperature( C) Temperature (°C)

3000
c» 2000
E 1000

50 100 150 200 50 100 150 200 300 400 500 600
Coast Distance (m) Ridge Level (m) Rookerles Dlst (km) Precipitation (mm yr)

ma kg‘1




94

Figure 7. Partial dependence plots relating the soil attributes predicted values (constructed
over the training dataset) and the marginalized influence of important environmental

covariates.

3.3. Soil attributes distribution

Observing a PCA with the soil attributes modelled, it is possible to distinguish two
groups whose final distribution is controlled by the main environmental covariates selected in
the modelling process (Fig. 8). The two groups of attributes also represent the remarkable
pedological differences between MA and NAP regions and their distribution is clearly
distinguishable in the final predicted maps (Fig. 9). The first group of attributes includes the
TOC, H+AI and P, and is more associated to the MA soils, whereas the second group of

attributes is composed of BS, pH and Na, and its highest values are concentrated in the NAP

soils.
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Figure 8. Principal Component Analysis with the soil attributes modelled and some of the
most important covariates, selected for representing the combined action of climate,

organisms and topography.

The strongest positive correlation was found for the H+Al with the TOC (r = 0.77*) and

P (r = 0.66*), whereas the correlations are moderate in the second group, with maximum of
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0.58* between BS and Na (Table 4). On the other hand, the strongest negative correlations were
found for the pH with the H+Al (r =- 0.67*) and TOC (r = - 0.54%*), indicating an severe spatial
opposition of these attributes, and consequently, of the covariates contribution, as also seen in
the partial dependence (Fig. 7). The P-rem was the attribute with the weaker correlation, not

being incorporated in any of the two groups.

Table 4. Pearson correlation coefficient for the soil attributes predicted.

Attribute TOC H+Al P BS Na pH P-rem

TOC 1.00

H+Al 0.78* 1.00

P 0.57* 0.66* 1.00

BS -0.39* -0.43* -0.15* 1.00

Na -0.30* -0.36* -0.16* 0.58* 1.00

pH -0.54* -0.67* -0.37* 0.56* 0.23* 1.00

P-rem -0.28* -0.24* -0.04 0.04 0.16*  0.17* 1.00
*p <0.05.

The BS contents varied in the final maps from 3 to 64 cmol. kg™, with small differences
between the three depths. The higher contents are present in NAP, with overall mean of 31
against 21 cmolc kg™ in MA (Fig. 10). In NAP, the greatest values are shown in James Ross
Island, whereas in MA the highest values are found in Deception Island (Fig. 11). The pH varied
from 4.3 to 8.7, and there was no significant differences in depth. In both MA and NAP the
mean pH was close to neutrality (Fig. 10). Nonetheless, MA presented a greater variability,
with Deception recording the highest and Ardley the lowest pH (Fig. 11).

The Na contents varied from 11 to 4409 mg kg™ and the differences between MA and
NAP were much bigger than for the previous attributes. In the first region, the mean was 392
mg kg! and in the second it was 1672 mg kg™' (Fig. 10). As for the BS and pH, the highest Na
contents are found in surface and subsurface for NAP and MA, respectivelly, indicating the
different pedogenesis mechanisms acting on each region. In NAP, the Na contents followed an
aridity gradient, with the highest values in the drier Seymour Island and the lowest in Hope Bay
(Fig. 11).

The TOC distribution varied from 0.16 to 24 dag kg™!. Although the great variation in
surface, the TOC contents are significantly higher in MA. As expected, the TOC decreases
gradually from surface to the deepest layer (Fig. 10). The highest contents are found in Ardley

and Barrientos islands, whereas the lowest values are concentrated in NAP Vega and James
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Ross (Fig. 11). The H+Al contents follow a similar spatial pattern to the TOC, but increasing
at the deepest layer from a mean of 3.6 cmol. kg! at surface to 4.8 cmol. kg!, indicating the
increase of acidic conditions in depth, mainly in NAP (Fig. 10).

The P distribution follows a similar distribution to the TOC and H+Al with clear
dominance in MA, although the peninsular ice-free area Hope Bay presented the highest mean
values due to the strong biological influence. In turn, the lowest contents are found in Seymour
Island (Fig. 11), indicating the influence of the rookerie located in the island is spatially
restricted due to the severe climate and/or absence large abandoned sites. The P contents tend
to be higher with depth, indicating the importance of the birds guano leaching to the P profiles
enrichment and deepening of ornithogenesis. In both regions, the mean P-rem values stay

around 30 to 35 mg L' and do not vary according to depth (Fig. 10).

3.4. Prediction uncertainty

According to the PI values, there is no pattern between the prediction uncertainty and
the standirzed soils depths. Whereas the PI range was higher for BS, TOC and Na in the depth
0-10, it was higher for depth 30-100 for H+Al, pH, P-rem and P. It disagrees with the results of
Siqueira et al. (2023), which found higher uncertainties in the last depth when predicting soil
texture in Antarctica, supposedly due to the smaller number of samples (Supplementary data,
Table 2). Taking into account the PIR values, the pH and P-rem were the soil attributes with
the least uncertainty, whereas the Na and P presented the worst results. This clearly indicates
that, such as for the prediction errors, the uncertainty indicators of the RF models are also higher

for the soil attributes with higher ranges and extreme values.
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Figure 9. Predicted mean BS contents for the soil depth interval 0-100 cm.
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Figure 9 (continued). Predicted mean H+Al contents for the soil depth interval 0-100 cm.
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Figure 9 (continued). Predicted mean P-rem contents for the soil depth interval 0-100 cm.
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Figure 9 (continued). Predicted mean Na contents for the soil depth interval 0-100 cm.
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Figure 9 (continued). Predicted mean P contents for the soil depth interval 0-100 cm.

103



104

4. DISCUSSION

4.1. Soil variability and soil-environment relationships

In general, the best covariates selected by the RF model are predictors representing three
basic environmental factors: the climate, the organisms and the topography. Then, we can
assume these are the main soil forming factors (or scorpan factors for the DSM) influencing the
chemical character and differences of the soils from the regions mapped. Besides contributing
to increasing the predictive power of the models, these covariates also express the diverse
environmental factors driving the weathering and ecological processes acting on the Antarctic
soils. Due to their environmental significance, these covariates have been successfully applied
to modelling major soil chemical attributes elsewhere, including different landscapes in Europe,
Africa and Asia (Ballabio et al., 2019; Dharumarajan et al., 2017; Hengl et al., 2015;
Kumaraperumal et al., 2022; Ma et al., 2017).

The climate, expressed here by the Temperature and Precipitation covariates, is
considered the main driver of soil differentiation in Antarctica and influence the soil
characteristics in a number of ways (Balks et al., 2013). A clear climatic gradient led by the
temperature and precipitation rates controlls the differences in the spatial distribution of the soil
attributes between the moister and warmer MA and the semi-arid NAP. MA is considered one
of the Antarctic regions with the greatest soil development due to its septentrional position and
the maritime climate (Bockheim and Ugolini, 1990; Bockheim, 2015). The relatively high water
availability and air temperatures during the summer season in MA favours the chemical
weathering and percolation of solutes in the soils, which is evidenced by the lower BS and
higher H+Al contents.

The climate also favours the biological activity and the vegetation development in MA,
which affects soil development by way of organic C inputs and biogeochemical nutrient cycling
(Abakumov, 2018; Otero et al., 2013). In Antarctica, the fauna influence is of great importance
as an organism soil forming factor and happens mainly through the pedogenic process known
as ornithogenesis (Simas et al., 2007; Tatur and Myrcha, 1984). The ornithogenesis, represented
by the Rookeries Distance covariate, consists in the influence of seabirds (mainly penguins) in
soil genesis by the deposition and microbial decomposition of guano, which enriches the soil
through a sea-land transfer of nutrients (Abakumov et al., 2021; Bokhorst et al., 2007), notably
P (which explains the great importance for this attribute), and promotes intense geochemical
changes through the interaction of the guano leachates with the mineral substrate (Almeida et

al., 2021; Pereira et al., 2013; Rodrigues et al., 2021; Tatur and Barczuk, 1985). The
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ornithogenesis is more effective in MA due to the large presence of rookeries, which explains

the highest contents of P predicted in this region, with the already cited exception of Hope Bay.

[ Maritime Antarctica [[] Northern Antarctic Peninsula
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Figure 10. Mean contents of the predicted attributes in the final maps for the Maritime
Antarctica and Northern Antarctic Peninsula regions. The values are the mean accounting the

three depths along the 50 runs. Error bars mean the standard deviation.

The vegetation influence were also very important to differentiate the pedoenvironments
of the mapped study area. The multispectral data associated to the vegetation cover used in this
work have been successfully applied to map the spatial-temporal distribution of plant
communities in Antarctica (Miranda et al., 2020; Victoria et al., 2013). The greater vegetation
abundance, coupled with hydromorphic conditions (Thomazini et al., 2016), favours the organic
matter accumulation in the MA soils (Michel et al., 2006; Rodrigues et al., 2019). This leads to
the formation of carbon-rich soils that date back to more than 5 Ky BP (Bjorck et al., 1991) and
make the MA ecossystems as one of the most important pools of carbon in Antarctica. This is
evidenced by the greatest TOC contents in MA soils, which reach the maximum values in the
areas where thick organic soils are common, whereas under the semi-arid climate of NAP, the
extreme low temperatures and liquid water conditions the formation of ahumic soils (Daher et

al., 2019a).
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Although the present-day penguin rookeries are marked by the absence of vegetation,

the ornithogenesis is an important factor to understand the TOC variability since the abandoned

rookeries constitute high fertility sites enriched by the former birds activity, which favour plant

colonization and the consequent input of organic matter into soil (Simas et al., 2007; Tatur and

Myrcha, 1989). This relation also explains the importance of the vegetation indexes to the P

prediction, showing the relevance of rookeries abandonment following the landscape evolution

to spatially expand the ornithogenesis in Hope Bay and MA. Besides the present-day rookeries,

the areas in Antarctica with the greatest P contents are also marked by the presence of several

former rookeries abandoned after displacement of the birds to new sites next to the coast, after

their older nesting sites have been uplifited by glacio-isostasy following deglaciation (Tatur et

al., 1997; Tatur, 2002).
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Figure 11. Mean contents of the predicted attributes in the final maps for the islands of the

study area. The values are the mean accounting the three depths along the 50 runs. Error bars

mean the standard deviation.

On the other hand, low P and TOC contents in islands with presence of penguin
rookeries are related to local contexts where abandoned sites are not common, such as low rates

of uplift in Seymour Island (the only island in NAP without a local glacier) or very recent and
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localized fauna occupation due to volcanic activities, such as in Deception Island. The great
spatial associations of the H+Al with the TOC, and consequently with the environmental
covariates which explains the carbon accumulation, such as the rookeries proximity and the
vegetation indexes, is related to the abundance of superficial charges of the organic matter,
which favours the concentration of the potential acidity in soils.

Considering the main covariates selected to the prediction of the soil pH values, it is
possible to assume the leaching removing cationic bases and concentrating aluminium in the
moister environments, and the vegetation influence, were the main factors driving the
acidification in a wider scale in Antarctica. The release into soil of organic acids by the plants
is a process very significant to the chemistry of the Antarctic soils (Otero et al., 2013), which
is corroborated by the vegetation covariates as the most important to the pH prediction at the
topsoil. The ornithogenesis is another factor very relevant to the soil reaction (Daher et al.,
2019b), although it was not of great importance in the prediction. In part, this may be associated
to the fact that the ornithogenic soils have a large pH range from alkaline to acidic conditions
depending on the time of the guano within the soil, which can have hindered the recognition of
a clear spatial pattern of the ornithogenesis with the pH.

Whereas many MA soils have features related to the moister climate and the organisms
influence, the NAP environments, with exception of Hope Bay, are markedly characterized by
the semi-desertic conditions of the region. Its first characteristic is the lower soil weathering
degree in comparison to MA (Siqueira et al., 2022). Although drier climates tend to restrict the
acidification due to mechanisms such as carbonate buffering, the differences of pH between the
two regions are reduced due to the occurrence of the sulfurization, a pedogenic process which
leads to the formation of acid sulfate soils through the pyrite oxidation (Lopes et al., 2019;
Simas et al., 2006). The sulfurization is a typical process in NAP due to the presence of very
common pyritized rocks and contributes to the lowering of the soil pH mainly in the deepest
layers, where the contact with the dry atmosphere is reduced (Delpupo et al., 2014; Siqueira et
al., 2021). The lowest BS and highest H+Al contents in the last layer indicate the greatest
weathering rates in depth of the NAP soils, whereas in MA the highest weathering is observed
in surface.

Another important feature of NAP soils is the extremely high Na contents associated
with the salinization, typical process of the dry environments of the region (Delpupo et al.,
2014). Salinization is the process of accumulation of soluble salts in soils, and is evidenced by
the high concentration of Na in the topsoil, due to salts migration by the strong evaporation-

activated capillarity (Bockheim and Ugolini, 1990). The Na contents are also higher next to
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the sea due to inputs by the marine spray, which is evidenced by the importance of the coastline
distance predictor. Terrain attributes also highlights the importance of the drainage to the Na
redistribution. Despite the local controls related to the coast and topography, the Na is the soil
attribute which best responded to the climatic gradient between MA and NAP. On the other
hand, the P-rem is the attribute modelled whose distribution demonstrated the higher azonal
behaviour. The P-rem represents the P adsorption capacity of the soils and is a proxy of the
weathering degree by indicating the formation of free Fe-oxides. In Antarctica, the areas with
the least P-rem contents are those under the sulfurization (Francelino et al., 2011; Lopes et al.,
2019), however, as this process occurs very locally in the ice-free areas without a spatial pattern,
the final P-rem distribution was not related to any clear pedogenic process.

The relevance of the climate in the mapped areas is even more evidenced taking into
account the parent material influence. Overall, considering only the geology contribution, we
could expect the NAP soils would have a higher development degree due to the strongly pre-
weathered sedimentary rocks which most of the soils are originated from, whereas the MA soils
are developed mostly from notably bases-richer andesitic-basaltic rocks (Siqueira et al., 2022).
The opposite of this pattern, i.e. NAP soils being richer and less weathered, depicts the
importance of the climate and the climate-induced biogenic activity to confer the greater
pedogenesis of the MA soils. This may in part explain the lower importance of the geological
information for the spatial predictions in this work. However, this not mean the geology can
not be an important factor at detailed scales (Formation level). For example, in NAP, more
specifically in JRI, the sedimentary rocks bearing the highest Na contents are those whose
marine deposition succeded in deltaic to shallow water environments (Pirrie, 1994), which is
printed over the soils (Siqueira et al., 2021). In particular, this can be seen in Seymour Island,
with the southern part of the island showing notably more Na than the northern part.

It was possible to observe that all major soil attributes predicted in our study tended to
follow a topographic gradient in the ice-free areas mapped, evidenced by the varied importance
of a series of terrain attributes. Whereas the climatic covariates controlled the distribution of
the soil attributes in a macroscale, the topographic predictors tended to control the soil
variability at local scales through strong soil-landscape relationships (Fig. 7), which match the
findings of Balks et al. (2013). Overall, the highest parts of the landscape presented soils with
higher pH and BS, indicating a lower weathering degree, whereas the low lying areas near the
coastline presented higher TOC, H+Al and P contents, evidencing a higher biomass production
and fauna activity influencing the chemical characteristics of the soils. This explains Ardley

and Barrientos islands presenting the highest contents of TOC and P in M, since they are small



109

islands composed majoritaly of low marine terraces where penguin accessibility is facilitated
due to the proximity to the sea.

In turn, the higher contents of BS and pH in the upper parts is also directly associated
with the geomorphology of the Antarctic landscapes. Whereas the lowlands are marked by the
conspicuous presence of uplifited, sandy marine terraces where the biological activity
pioneering acts (Rodrigues et al., 2022), the highlands are rich in poorly weathered, silty-clayey
glaciogenic sediments (moraines), whose grinding promoted originally by the glacial abrasion
and then by periglacial processes tends to elevate the pH by releasing OH groups and bases
(Gonzélez-Guzman et al., 2017), which are retained in the clay surfaces due to the low chemical
weathering and leaching. In NAP, the higher eutrophy and alkalinity of the highlands also
reflect the lithological diversity, with bases-rich basaltic soils predominating in the upper parts
of the landscape (Daher et al., 2019a). The Na, in turn, have a non-monotonic behaviour, with
high values next to the coast and, after a decrease, increasing again in the higher parts of the

landscape.

4.2. Limitations of the DSM in Antarctica

It is important to recognize the limitations of our work as one of the first attempts to
produce detailled digital soil maps in a very important region of Antarctica. One of the major
limitations of the legacy data used in this study was the sources variability, with samples being
collected from different soil surveys through decades of fieldwork in Antarctica, which may
lead to uncertainties associated with the pedologist’s expertise, sampling instruments (e.g.,
GNSS devices with different positional errors) or different laboratory analyzes. Besides that,
the samples used were collected under the regime of qualitative pedology, and directed by
pedologists in the field to meet their different objectives (e.g., identification of representative
profiles, collections for microbiology studies, etc.), which is also a limiting factor in the
application of the DSM.

Although the importance proved in the modelling, it was noted the climatic and the
distance variables with a typical “gradient pattern” entailed local spatial artefacts, even with the
final values being consistent. This indicates a certain difficulty of our model in constructing
smooth decision surface in some areas where the number of samples was not enough to detect
the landscape variability. The RF model also had difficulties to predict extreme values, which
was potentialized in our study due to the anoumalous characteristics of the so unique Antarctic

soils. This problem also varied with the regions mapped. For example, while attributes such as



110

TOC and P were underestimated in MA where high contents of these attributes are relatively
common, some pixels with anoumalous high values were created in NAP. Nonetheless, these
restrictions are mainly associated to the intrisinc difficulties of obtaining soil data in Antarctica,
which itself attests to the relevance of this type of work for the knowledge of the Antarctic soils.

Furthermore, the constraints cited here are gaps which must be adressed as new soil data
is gradually added for the improvement of the Antarctic digital soil maps presented here, mainly
in the ice-free areas where the sampling density is reduced and/or the error and the uncertainty
metrics were higher. Besides improving the use of sampling strategies more adapted to the DSM
(e.g., that covers more the environmental variability of the covariates), other options to
maximize the new samplings in Antarctica can involve the use of NIR reflectance spectroscopy
or even the adoption of a polar version of the homosoil concept, as proposed by Roudier et al.

(2014), mainly for populating soil information in areas where soil data are sparser.

5. CONCLUSIONS

This work offers an advance in DSM by the compilation of one of the largest Antarctic
soil databases for the production of digital soil maps on the only continent not yet covered by
global soil mapping projects. In the present study we evaluated the performance of the machine
learning algorithm Random Forest for the prediction of important soil chemical attributes in
Antarctica, providing information about soil quality, soil genesis, pedogenic processes, soil
ecological functions, and interplays with the Antarctic ecosystem.

Overall, the soil attributes showed a latitudinal/climatic gradient, with the BS, pH and
sodium values being higher in the polar semideserts of the Northern Antarctic Peninsula, while
the TOC, H+Al and P contents being greater in the warmer and moister Maritime Antarctica.
The P-rem was the only attribute which did not present a behavior according to the latitude.
The environmental covariates selected for the prediction represented important formation
factors of the Antarctic soils, such as climatic drivers controlling the broad soil distribution
trends, the organisms (vegetation and ornithogenesis) influencing in the coastal environments,
and the topography driving soil variability at local scales.

Our results proved very satisfying in terms of environmental significance and realistic
in terms of performance, and we hope the data generated here can be used to support scientific
expeditions, decision-making about conservation of the Antarctic soils and terrestrial
environments. Also, it can be useful for ecological, hydrological, and climatic models in

Antarctica.
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CAPITULO 3

MACHINE LEARNING FOR MAPPING SOIL CLASSES IN ANTARCTICA
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ABSTRACT

Conventional soil mapping based on mental models is a common approach for understanding
the soil distribution since the first soil surveys in Antarctica. However, Digital Soil Mapping
based on empirical, quantitative models has been scarcely applied in the continent. So, in this
work our objective was to digital map the soil classes distribution of Maritime Antarctica and
Northern Antarctic Peninsula using the Machine Learning model Random Forest. We combined
820 soil profiles classified according to Soil Taxonomy and WRB/FAO systems with
environmental covariates from different sources. Here, we used soil physical and chemical
attributes modelled in the chapters before as predictor variables, along with the other most
common predictors. The best performance was obtained for the classification at the first level
of the Soil Taxonomy system (Kappa was 0.28, Accuracy 0.62 and F1-Score 0.51), whereas the
worst performance was obtained for the WRB system. The best selected covariates involved
terrain and soil attributes reflecting the strong control of the soil-landscape relationships on the
soil classes distribution. Gelisols (in particular, Turbels) were more common in high parts of
the landscape due to the presence of the permafrost, which is well expressed by the Elevation
as the most important covariate. In turn, Orthels were more common in semi-arid conditions
represented by the high Sodium contents. Entisols (in particular, Orthents) dominate the low
coastal areas with high H+Al contents, whereas Inceptisols were characterized by topographic
control coupled with higher weathering rates evidenced by soil attributes such as the H+Al and
remaining P. Although outlining well the general character of the soil distribution in the regions
mapped, our results were limited by the unbalanced distribution of the soil classes, identifying

a lower pedodiversity than probably exists in Antarctica.

Keywords: Antarctic soils. Classification. Cryosols. Digital Soil Mapping. Random Forest.

Soil maps.

1. INTRODUCTION

Mapping soil classes has been performed in Antarctica since the early soil surveys
(Ugolini and Bockheim, 2008). Since then, conventional soil maps have proliferated, from the
East Antarctica polar deserts (Bockheim and McLeod, 2008; McLeod et al., 2008) to the wettest
coastal areas of the Antarctic Peninsula (Moura et al., 2012; Rodrigues et al., 2019; Schaefer et
al., 2015). Currently, two main taxonomic systems are used for mapping Antarctic soils:

WRB/FAO (IUSS/WRB, 2014) and Soil Taxonomy (Soil Survey Staff, 2014), although
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taxonomic limitations have been pointed out over the years (Simas et al., 2008). Regardless of
this, such systems have been sufficient so far to characterize the main types of soils in
Antarctica, important by playing fundamental ecological roles and being proxies to understand
the paleoclimatic evolution of the continent (Bockheim, 1997; Haus et al., 2016; Michel et al.,
2014; Siqueira et al., 2021).

Soil maps are graphic representations of soil’s spatial distribution (Ma et al., 2019).
Historically, soil mapping has been based on mental models in the process known as
conventional soil mapping (Minasny and McBratney, 2016). As main reference, usually it is
used the qualitative version of the Jenny’s state-factor model, also known as clorpt, which is a
conceptual model that formalizes the idea of soil as a product of the integrated action of the soil
forming factors (Jenny, 1941). For the process of mapping itself, this model principle is applied
from the use of remote sensing imagery and digital elevation models as supporting data to
identify landscape features, which are then integrated into field observations to establish the
boundaries of soil units to be drawn on soil maps (Meier et al., 2018; Minasny and McBratney,
2016).

However, as conventional mapping is highly dependent on the knowledge and expertise
of soil surveyors in all mapping stages, its qualitative nature may yield many drawbacks, such
as high uncertainties, lack of reproducibility, difficulties in representing soil complexity and
lack of means to assess the maps quality (Ma et al., 2019; Minasny et al., 2014). Furthermore,
conventional surveys are excessively time-consuming and expensive for large areas. To
overcome these limitations, the Digital Soil Mapping (DSM) field has evolved in the last
decades along with the computational power and statistical algorithms to describe the spatial
distribution patterns of soils on a mathematical basis, aiming to feed appropriately the growing
global demand for accurate soil spatial information (Lagacherie and McBratney, 2006;
McBratney et al., 2000).

DSM uses the scorpan factor model, which is an empirical and spatial model developed
as a conceptual system for soil mapping under the DSM scope and is a revised formulation of
the clorpt model (Ma et al., 2019; Thompson et al., 2012). Its general formula is written as S
(c,a)=1(s,c,0,r1,p,a,n), where S (c, a) are soil classes or soil attributes as a function of soil
(other attributes), climate, organisms, relief, parent material, age, and spatial position
(McBratney et al., 2003). Such as the conventional surveys, the scorpan has as scientific
rationale the relationships between soil and soil forming factors but focusing in describing these
relationships through explicit statistical or rule-based models that supersede the mental models

in many ways (Ma et al., 2019).  Another difference is that whereas clorpt model was
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formulated to explain soil formation, scorpan was designed as a pragmatic model for predicting
soil properties and classes (Minasny and McBratney, 2016; Thompson et al., 2012).
Nevertheless, pedological knowledge can still be extracted from the predicted maps, making
use of quantitative relations to identify the main factors underlying the soil distribution (Ma et
al., 2019).

Machine learning (ML), developed from pattern recognition and computational learning
in artificial intelligence, is the main statistical technique applied along with the scorpan model
(Gomes et al., 2019; Kumaraperumal et al., 2022; Meier et al., 2018; Sena et al., 2020, Siqueira
et al., 2023). The ML algorithms were designed to simulate the cognitive capability of the
human brain and in soil science they are applied to mimic the reasoning of pedologists to make
soil predictions (Minasny and McBratney, 2016).

One of the most common applications of ML algorithms in soil science are the
supervised classification tasks of soil types (Brungard et al., 2015; Camera et al., 2017,
Carvalho Junior et al., 2014; Taalab et al., 2015; Taghizadeh-Mehrjardi et al., 2020). Mapping
the spatial distribution of soil taxonomic classes is an important key for guiding decision
making in soil resource assessments, since they group the basic soil information in an
environmental viewpoint (Lagacherie, 2005). One of the biggest contributions of the automatic
classification of soil types is the more precise discretization of the soil units. Whereas in
conventional soil mapping, the soil classes boundaries are based on natural boundaries
identified by photointerpretation (Thompson et al., 2012), ML algorithms draw decision
boundaries over the landscape based on quantitative rules.

Therefore, coupling legacy soil data characterized by these taxonomy systems and the
new DSM techniques can be a good strategy to produce more accurate soil maps at higher
resolutions and extents for the remote ice-free areas of Antarctica. Our main objective in this
work was to produce the first digital maps of soil classes at different taxonomic levels for the
Maritime Antarctic and Northern Antarctic Peninsula regions, besides evaluating the

performance and environmental relations found by the ML algorithm Random Forest.

2. MATERIAL AND METHODS
2.1.Study area

Maritime Antarctica (MA) encompasses the South Shetland Islands (SSI) (Fig. 1). The

SSI are composed of marine sediments, metamorphic rocks, intrusive bodies, tuffs and basaltic
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to andesitic lavas, of age varying from Jurassic to Late Quaternary (Smellie et al., 2021b,
2021a). The geomorphology is marked by a set of erosive and depositional landforms typical
of paraglacial and periglacial environments, including landforms such as moraines, raised
beaches, outwash plains, high platforms, blockfields and talus and scree slopes (Francelino et
al., 2011; Lopez-Martinez et al., 2012). The SSI have a maritime climate with mean annual
precipitation (MAP) ranging from 350 to 800 mm and mean annual air temperature (MAAT)
around -2°C (Blumel and Eitel, 1989). Mosses-lichens communities form the main vegetation,
whereas flowering plants are also common in some areas (Ferrari et al., 2020).

The Northern Antarctic Peninsula (NAP) is represented by the James Ross Islands (JRI)
and the Antarctic Peninsula coastal area Hope Bay (Fig. 1). The JRI are mainly composed of
marine sandstones, mudstones, and conglomerates predominantly of Cretaceous age overlain
by Neogene basaltic lavas and breccia (Pirrie, 1994). The JRI geomorphology is like the SSI,
with topography also showing a strong structural control due to sedimentary and volcanic rocks
(Jennings et al., 2021). The climate is drier, with MAAT varying from -5°C to -7°C and MAP
from 300 to 500 mm (van Lipzig et al., 2004). Due to the cold semi-arid climate, the vegetation

is scarce.

2.2. Soil profiles and environmental covariates

As training data, we used information about soil classes of spatially referenced profiles
described by the Brazilian Terrantar Group in intensive soil surveys in Antarctica. Additional
soil profiles were obtained from the literature to complement the dataset, totalizing 820
complete soil profiles characterized and classified according to the WRB/FAO and Soil
Taxonomy systems. In the Soil Taxonomy, the first three categorical levels were used for
prediction (Table 1). For the modelling, the soil profiles were randomly split into training and
test sets in a 4:1 ratio (holdout), with the function createDataPartition from the R package
caret. In this way, 80% of the data was included in the training set and 20% in the test set.

As environmental covariates, we used a set of primary and secondary terrain attributes
and terrain-based classifications derived from the 8-meter spatial resolution Reference
Elevation Model of Antarctica (REMA) (Howat et al., 2019). The terrain attributes were
generated using the R package RSAGA (Brenning, 2008). We also used multispectral bands
from Sentinel-2 mission satellite imagery. From Sentinel data, we also used the vegetation
indexes Soil Adjusted Vegetation Index (SAVI) and Normalized Difference Vegetation Index

(NDVI]) indexes, and the soil texture index Grain Size Index (GSI). As the main covariates
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representing the soil factor, we used the soil attributes (0-100 cm) predicted in Chapters 1 and
2, as follows: clay, silt, sand, bases sum, H+Al, pH, TOC, Na, P and P-rem. To account for
parent material effects, we used simplified geology extracted from local geological maps. The

final predicted maps were generated with spatial resolution of 32 meters.

Table 1. Soil classes of the Antarctic soils according to WRB/FAO and Soil Taxonomy (first,

second and third levels).

WRB ST 1% level ST 2™ level ST 3" level
Andosols 6 Andisols 6 Aquents 22 Anhyorthels 6 Haplohemists/Humi- 3
gelods
Arenosols 35 Entisols 304 Aquepts 10  Aquiturbels 24 Haplorthels 37
Cambisols 67 Gelisols 427 Fibrists 7 Aquorthels 11 Haploturbels 206
Cryosols 426 HlStOSZéSZgSp odo- 7 Fluvents 21 Cryofibrists 4 Histoturbels 4
Fluvi- . Cryopsam- .
sols/Gleysols 27 Inceptisols 75 Gelands 6 ments 43 Humigelepts 13
Hlsm‘:o)i/POd_ 8 Gelepts 64  Dystrogelepts 11 Petraquepts 5
Leptosols 139 Histels 34 Eutrogelepts 4 Psammagquents 3
Regosols 111 Orthels 80 Fibristels 29 Psammorthels 21
Orthents 219  Gelaquents 20 Psammoturbels 47
Psamments 43 Gelaquepts 5 Sapristels 6
Turbels 313 Gelifluvents 22 Umbriturbels 32
Gelorthents 217 Umbrorthels 5
Haplogelepts 35 Vitrigelands 6

The covariates set were passed by the two-step selection procedure used in the first two
chapters. So, the covariates with correlation coefficient > |0.95] were eliminated (function
findcorrelation), aiming to minimize the collinearity effects and the remaining covariates were
treated with the Recursive Feature Elimination (RFE) algorithm to selection of the most
important predictors (function rfe). The RFE was run 50 times and the Kappa obtained by cross-
validation was the index used for the RFE optimization.

The relative covariate’s importance (RI) was estimated on caret package using the
function varlmp. For classification in Random Forest, the function uses the mean decrease of
the Gini index, which measures how each covariate contributes to the homogeneity of the nodes

and leaves in the trees and is directly proportional to the predictor’s importance.

2.3.Training
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For the modelling of soil classes, the Random Forest ML algorithm (Breiman, 2001),
which consists of many Classification and Regression Trees (CART) whose individual outputs
are grouped to obtain the result. This makes Random Forest have advantages over the single
CARTs, such as higher predictive power, efficiency against noises and overfitting, and lower
bias and variance (Hengl et al., 2018).We trained the Random Forest model with the function
train of the package caret. We tuned the model using a 10-fold cross validation and ten possible
values of the hyperparameter ‘mtry’ with the function tuneLength. To overcome the effect of
sampling variability, we ran the models 50 times, creating repeatedly different training and test

datasets.
2.4.Test and prediction

We tested the RF model performance by applying the independent test data through
statistical indexes derived from the confusion matrix of the classification. Accuracy (Eq. 1)
provides an agreement rate of classification, by dividing the number of corrected classified
samples by the number of all samples. The Kappa Index (Eq. 2) is a measure of the real
agreement, minus the agreement by chance; in other words, it is a measure of how much the
classification agrees with the reference data (Congalton, 1991). However, both Accuracy and
Kappa are not efficient when dealing with imbalanced classes (classes with a very
disproportionate number of samples). For solving this problem, two other indexes were used.
Balanced Accuracy (Eq. 3) is the arithmetic mean of the Sensitivity (Eq. 4) and Specificity (Eq.
5) indexes, which can also be used as individual metrics and represent the omission and
commission errors, respectively. The Fl-score (Eq. 6), in turn, also combine two other indices,
being the harmonic mean of the Precision (Eq. 7) and of the Sensibility (termed as Recall in the

F1-score concepts).

m
. Njj
Accuracy = o (1)
i=1

n i nj; — i(ni.n.i)
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Sensitivity — Specificit 3
Balanced Accuracy = Y > P y 3)
TP
Sensitivity or Recall = ﬁ (4)
TN
Sp@lelClty = % (5)
Precision * Recall 6
F1 score = 2 * (6)

Precision + Recall

_XTP 7)
STP + FP

Precision =
where n is the total number of samples, m is the total number of classes, nii is the number of
correctly predicted samples, n;. is the sum of row 1, n.; is the sum of column i of the confusion
matrix, TP is the true positives, FN is the false negatives, TN is the true negatives and FP is the
false positives. The indexes were obtained for all 50 runs and compared by the mean values.
The final maps for each chemical attribute at each increment depth was obtained through
averaging the spatial prediction of the 50 runs. We also ran two uncertainty analysis for
classification tasks: the variety map (number of different classes that each pixel of the map
presented) and the mode frequency (number of times that the most frequent class in each pixel

was chosen).

3. RESULTS AND DISCUSSION

3.1. Classification performance

The model ST1 (Soil Taxonomy 1st level) presented the best performance in the
training, with the highest Kappa, Accuracy, Balanced Accuracy and F1-Score (Fig. 1). The
average ST1 Kappa and Accuracy were 0.31 and 0.64, whereas values of the other metrics were
always next the maximum (1). These overestimated values are directly related to the cross-
validation method used in the training, which tends to overvalue the performance in relation to

the holdout method with independent data used in the test.
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In the test, the average ST1 Kappa was 0.28, Accuracy 0.62 and F1-Score 0.51. Overall,
the ST1 model is followed by the models ST2 and ST3 (2" and 3", respectively), indicating a
gradual loss of performance as the number of soil classes modeled increases. This trend is not
only observed for Balanced Accuracy, where the ST3 model presents the best performance,
(average 0.58), indicating the suitability of this index to deal with unbalanced classifications,
as is the case of ST3. However, the trend cited above is not observed for all set of models, since
the WRB model (simpler than the ST2 and ST3) presented, in general, the lowest performance
in the test, with Kappa of 0.17 and F1-Score of 0.34. Considering that the set of top covariates
selected for each model do not show large differences and the soil locations used were the same,
we could assume the WRB soil keys would be more unrelated to the Antarctic landscape
patterns, hardening the extraction of environmental relationships, at least with the soil and

topographic predictors used in this study.
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Figure 1. Performance of the training and test of the four classifications performed in this
work. ST1: Soil Taxonomy 1% level; ST2: Soil Taxonomy 2" level; ST3: Soil Taxonomy 3"
level; WRB: WRB/FAO system.

In general, the Sensitivity presented much lower values than the Specificity for all
models, indicating the errors of omission (associated with the misclassification of positive
values as negative values) were more important for the loss of performance than the commission
ones (associated with the misclassification of negative values as positive). The models also
varied in terms of these two metrics, with ST1 having the best sensitivity and the worst
specificity, which indicates a greater probability of presenting commission errors compared to

the other models. The precision, in turn, is linked to the relation between the positive values
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classified correctly and those classified wrongly, and the ST1 also presented the highest values
(Fig. 1).

Analyzing the confusion matrixes, we can see all predictions follow a similar tendency.
In general, the greatest rates of agreement are associated with the soil classes with the highest
number of samples, highlighting the Turbels (main Gelisols in Antarctica) and Orthents (main
Entisols) in the ST2 (Fig. 2) and the Cryosols in the WRB maps (Fig. 3). This indicates the
greater easer of the RF model to identify the most correct patterns when there is a greater
number of soil classes’ samples for interpretation of the soil-environment interplays. Although
there was great agreement for the most abundant classes, we also found classes of low
abundance showing agreement rates, such as the Histosols/Spodosols and Cambisols equalizing
or even surpassing those of the more widespread Regosols and Leptosols classes in the WRB

confusion matrix (Fig. 3).

Observed

Turbels{ 14498 123 892 282 195 231 24 37 21 35 96
94.4% 6.8% 69% 7.3% 11.8% 6.1% 9.6% 3.9% 6% 88% 9.1%

Psamments1 12 1400 32 1 7 18 1 4
01% 778% 03% 0% 04% | 06% 0.1% 0.4%

Orthents{ 588 160 8910 140 94 191 24 86 27 15 70
38% 89% 89.1% 36% 57% | 67% 96% 91% 7.7% 38% 67%

Orthels{ 162 13 72 3401 4 34 13 22
1.1% 07% 07% B883% 02%  12% 1.4% 21%

Histels{ 42 41 31 8 1349

D 0.3% 23% 03% 02% 81.8%
Q
S Gelepts{ 34 62 46 1" 1 2374 2 2 2
o 0.2% 34% 0.5% 03% O01% B833% 08% 09% 06%
o
Gelands 200
80%
Fluvents 1 5 804
0% 0% 84.6%
Fibrists 6 300
0.1% 85.7%
Aquepts 350
87.5%
Aguents{ 13 1 6 7 2 858
01% 0.71% 01% 02% 0.1% 81.7%

Figure 2. Confusion matrix of the ST2 model classification. The observed vs predicted data

includes the prediction done in the training and test throughout the 50 runs.
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This can be related to two facts: the spatial proximity of the few samples, facilitating
the model's interpolative capacity, or the environmental particularities of these classes, which,
despite being rare, have outstandingly discernible patterns in the landscape. In general, most of
the classes showed the greatest confusions with the most abundant classes, regardless of
pedological similarities, indicating the tendency already mentioned of the RF models in

favoring the classes of the highest occurrence.

Observed
o Al
& F o ;&\‘90 @ o 66‘9 %0\(:
§ & P QY ¢\°c9 &
LSRN AR AN S < M < A
Regosols- 4382 98 14 50 187 75 30
83.5%  1.5%  3.5% 4%  09%  26%  21%
Leptosals+ 104 5383 37 334 79 47
2% | 835% 3% 16% | 27%  32%
Histosols |
Podzols| &/ 8
3 0.1% 87.8% 0%
B Fluvisols |
8 Gleysols 16 13 1 1029 15 2 5
i 03% | 02%  02%  823% _01%  01%  0.3%
Cryosols- 677 898 a3 126 20169 300 155
12.9% 13.9%  82%  10.1% | 87% . 10.3%  10.7%
Cambisols- 54 16 1 7 42 2438 20
1% 02%  02% | 06%  02% | B41%  1.4%
Arenosols - 13 42 1 48 6 1193
02%  07% 01%  02% | 02%  823%

Figure 3. Confusion matrix of the WRB model classification. The observed vs predicted data

includes the prediction done in the training and test throughout the 50 runs.

3.2. Covariates importance

Unlike what was observed in the first two chapters, the number of covariates selected
by the RFE increased according to the performance of the classifications. The ST1 model
presented the largest set of covariates, with an average of 42 (throughout 50 runs). It was
followed by ST2 (average 26), ST3 (average 18) and WRB (average 17) models. However, the
ST3 presented the lowest range, with maximum number of covariates of just 30, whereas the
other models presented the total number of covariates as maximum (120). Overall, the

topographic and soil attributes were the main covariates for all classifications, sharing the top
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ten most important covariates scores (Figure 4). The elevation was the main covariate for ST1

and WRB models, whereas the Sodium was the most important for ST2 and ST3.
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Figure 4. Relative importance of the best 10 covariates for RF model. Only the covariates
selected more than 10 times were considered relevant for the models and represented.

Boxplots record the variability of importance along the 50 runs.

The main topographic attributes selected were mainly related to altitude, surface
dissection, inclination, and surface texture. Besides elevation, others important altitude
covariates were the Effective Air Flow Heights, Ridge Level and Standardized Height. The
main predictors associated with the inclination and surface texture were Terrain Surface
Texture, Roughness Concentration Index, and the Diffuse Insolation (areas with higher slope
tend to have lower incoming solar radiation due to the incidence angle). Drainage Density and
Terrain Wetness Index were the main covariates linked to the surface dissection, and directly
express the fluvial erosive action as an important control of the soil classes distribution in

Antarctica.
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Both physical and chemical attributes were important. Besides Sodium, Remaining P,
pH, and Bases Sum were others important chemical attributes, appearing in different degrees
among the most important covariates for all models. On the other hand, the physical attributes
were selected among the top ten predictors only for the ST3 model, highlighting the Sand and
Silt variables. The terrain attributes related to altitude show that soil classes distribution in
Antarctica follows a topographic gradient, whereas the soil attributes importance indicate that
soil classes have a clear variability related to the weathering and pedogenic processes that affect
the soil physico-chemical characteristics. In particular, the Sodium importance is related to the
latitudinal and topographic gradients which mainly control the distribution of the
Gelisols/Cryosols.

The bioclimatic variables used in the first two chapters were not included here for two
reasons: first, we considered the predicted soil attributes reflect the climate trends in the regions
studied, so the soil attributes incorporate in some way the bioclimatics information; second,
preliminary tests (not discussed here) showed us the use of bioclimatics induced to the creation
of spatial artefacts on the soil classes distribution, decreasing the consistency of the final maps,
although not inducing significant changes on performance. We also consider the use of
bioclimatics in the context of the Antarctic regions mapped tended to hinder the identification
of the soil classes on a local scale, whereas the combined use of the soil and topographic
attributes expressed better the local soil-landscape relationships and improved the delimitation

of the soil units in our maps.

3.3. Predicted maps

The final predicted maps show the clear dominance of the Gelisols/Cryosols in all maps.
In the ST1 map, the Gelisols class presented 89.5% of the total area, Entisols presented 10.5%
and Inceptisols presented only 0.1%. Although they appeared in some maps out of 50, the
classes Histosols/Spodosols and Andisols did not appear in the final modal map due to their
low occurrence in the study area. In the ST2 map, Turbels dominated with 71.2% of the total
area, followed by the Orthels (14.4%) and Orthents (13.8%), whereas the other classes did not
present area largest than 0.5%. In turn, the Haploturbels dominated the ST3 map, with 78.1%
of the total area. The Gelorthents were second most abundant class, with 17.1%, followed by
the Haplorthels (3.1%), Psammorthels (0.8%). The other classes did not exceed 0.5%. The
WRB map followed the same pattern, with Cryosols corresponding to 94.3% of the total,
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followed by the Leptosols with 2.9% and Regosols, with 2.1%. Again, the remaining classes
had area lower than 0.5%.

This result reflects two contrasting, important facts. First, it expresses the most abundant
classes of the Antarctic continent (e.g., Gelisols and Entisols according to the Soil Taxonomy
System and Cryosols, Leptosols and Regosols in the WRB/FAQO) (Campbell and Claridge,
1987; Bockheim et al., 2015). Nonetheless, the excessive domain in terms of total area of the
Cryosols/Gelisols probably reflects a systematic problem of the RF model: the suppression of
the rare classes. RF is a generalist model, which uses in classification the mode of training data
at two levels: at the level of leaf or terminal nodes and at the level of decision trees, which
disfavor the classes of lowest occurrence and make their distribution in the final maps very
limited. This can be further potentialized by our methodology that applies multiple repetitions
of the entire process and obtain the final maps from the mode of the individual predicted maps.
All of that indicates the difficulties of the RF model for unbalanced classifications, although it
maintains better performance than most of the other models.

Despite this, our maps were still able to extract important environmental patterns about
the distribution of soil classes in the mapped ice-free areas. For further analysis, we will
consider the ST2 results, which was the model that presented the greatest pedodiversity on the
final map (Fig. 5). Although the dominance of the Turbels in both regions, MA clearly presented
a higher soil variability than NAP, due to the higher occurrence of classes such as Orthents,
Orthels, Gelepts, and in a lesser degree, Psamments. In MA, Turbels predominated in the
highest parts of the landscape, such as in the high cryoplanated platforms and in the sectors
closest to the glaciers (Michel et al., 2014; Rodrigues et al., 2019). Turbels are the most
common Gelisols (permafrost-affected soils) in MA, due to the high-water availability and soil
temperature fluctuations around 0°C that activate freeze-thaw cycles and soil cryoturbation

(Simas et al., 2008).
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Orthels were also mapped expressively in some areas such as Deception Island and Hurd
Peninsula — Livingston Island, where the extremely sandy soils restrict the ice-induced soil
movements, even with presence of permafrost next to the surface. The dominance of the
Gelisols in the highlands is well expressed by the importance of the Elevation covariate in all
taxonomic levels (Fig. 6) and fits appropriately to the conceptual model existing in MA about
the distribution of permafrost (Lopez-Martinez et al., 2012). According to this model, the
Gelisols dominate mainly at altitudes above 80 m a.s.l., where permafrost is continuous (Balks
etal., 2013).

On the other hand, Gelisols are ubiquitous in NAP due to the colder climate, with the
widespread permafrost being identified less than 100 cm deep even in the lowlands next to the
coast (Siqueira et al., 2021). In NAP the permafrost can be ice-cemented or dry-frozen (with
temperatures below 0°C but without ice), depending on the soil aridity (Delpupo et al., 2014).
Islands such as James Ross and Vega have soils with sufficient moisture for the development
of ice-cemented permafrost and activation of cryoturbation processes in the active layer, which
reflects the dominance of the Turbels in these islands (Daher et al., 2019; Siqueira et al., 2021).
However, the same is not seen in Seymour Island, where on our final map the Orthels with dry-
frozen permafrost spatially surpassed the Turbels due to the extreme soil aridic conditions.
Although Sodium was a soil attribute important for all the Gelisols classes, it was more relevant
for the Orthels (Fig. 6), indicating the close relationship between this class and the semi-arid

conditions of Seymour Island favoring the salinization process (Gjorup et al., 2020).
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Figure 6. Average relative importance of the environmental covariates for each soil class of

the ST2 model.

The high importance of the Elevation for the Entisols classes, highlighting the Orthents
(Fig. 6), follows an inverse relation of those found for the Gelisols. Whereas the Gelisols are
more common in the highlands, the Entisols dominate in the lowlands where the permafrost is
discontinuous, sporadic, or absent (Balks et al., 2013). This pattern can be easily seen in areas
such as Byers Peninsula — Livingston Island, Harmony Point — Nelson Island, Keller Peninsula
— King George Island, Half Moon Island, among others (Fig. 5). The higher importance of the
H+Al contents (Fig. 6) show the relevance for the Orthents prediction of the soil acidification
associated to the biota activity in the coastal lands (Gonzéalez-Guzman et al., 2017). Although
the most common presence in the lowlands, Orthents are also found in highlands where the
lithic character impedes the permafrost identification. This is the case for areas such as Fildes
Peninsula, where Orthents are commonly seen in the central part of the area (which corresponds
to Leptosols in the WRB map) (Fig. 7).

Although clearly suppressed in some areas where its occurrence is supposedly more
common (such as in Barton Peninsula — King George Island), spots of Inceptisols (Cambisols
in the WRB) can be seen in some areas, highlighting the Gelepts found around Lions Rump —
King George (Fig. 5). The Inceptisols represent the most developed soils in the Antarctic
regions mapped and their formation are generally related to ornithogenesis (as the case of the
Gelepts found in Lions Rump) and to sulfurization (Almeida et al., 2021, Lopes et al., 2019).
Besides the topographic control expressed by the terrain attributes, the importance of soil
attributes directly related to the weathering degree, such as H+Al (Aquepts) and Remaining P
(Gelepts), indicate the significance of the soil development to the Inceptisols characterization.
The importance of Geology for the Aquepts prediction indicates the relevance of the parent
material to sulfurization (Francelino et al., 2011, Lopes et al., 2019). Other relationships found
in our work show the importance of the soil attributes for the soil classes prediction, such as:
the pH and Carbon attributes selected for the Histels (organic soils), and the Clay and Sand

selected for the Psamments (arenic Entisols) and Gelands (Andisols notably sandy) prediction.
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Figure 7. WRB predicted soil classes map, highlighting the main ice-free areas of Maritime

Antarctica and Northern Antarctic Peninsula.
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3.4. Uncertainty maps

Considering the variety indicator, it is possible to see the ST1 and ST3 maps presenting
a higher number of pixels covered by class 1 (pixels that during the 50 runs showed only the
mode value). On the other hand, the ST2 and WRB models presented most pixels covered by
class 2 (during the 50 runs, these pixels shared two classes, the mode and another). Now,
considering the mode frequency (the frequency of times the mode was chosen), the ST2
presented values significantly lower than the other maps, which, along with the variety results
(Table 2), shows the ST2 model presented the highest uncertainty in this work. This is an
unexpected result, considering that one could expect the greatest uncertainty associated with
the ST3 model, which has a higher number of soil classes. However, the suppression of rare
classes already discussed above was more intense in the ST3 map than in ST2, showing a greater
spatial heterogeneity in the last, which also reflects the highest uncertainty. The uncertainty of
the final maps was higher in the MA, precisely because of the greater pedodiversity of this
region (Fig. 8).

Table 2. Variety classes of the predicted soil classes maps.

ST 1%t level ST 2" level ST 3™ level WRB
Variety Pixels Variety Pixels Variety Pixels Variety Pixels
Classes Count Classes Count Classes Count Classes Count

1 751243 1 427155 1 577970 1 457581
2 455006 2 597148 2 378622 2 558440
3 29554 3 167946 3 206581 3 147953
4 4 4 39324 4 54207 4 57748
5 3698 5 14206 5 12979
6 497 6 3284 6 1104
7 39 7 815 7 2
) 113
9 8

~
S

1
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4. CONCLUSIONS

This study was the first attempt to produce a digital map of soil classes for the Antarctic
continent, involving two important regions, the Maritime Antarctica, and the Northern
Antarctic Peninsula. The use of soil attributes as environmental covariates proved to be an
approach with great potential for mapping soil classes, since the variability of soil physico-
chemical attributes in Antarctica are directly related to soil formation processes, which
improves the interpretation capability of the ML models. In general, our results expressed the
most abundant soil classes of the Antarctic regions mapped, outlining environmental
relationships of the soil classes with the climate, the topography and the pedogenesis. However,
our results were limited by the unbalanced distribution of the soil classes, which, despite
representing in part the natural variability of the Antarctic soils, with a predominance of
Gelisols and Entisols, contributed to the suppression of rare classes, reducing the pedodiversity
of the Antarctic environments. Possibilities for overcoming this problem are the use of object-
oriented classification as an alternative to the pixel-based approach used here or even the
application of ensemble models that join the performance of the RF with other ML models that

deal better with the mapping of rare classes.
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CONCLUSAO GERAL

Os resultados finais deste trabalho envolveram a elaboracdo de uma série de mapas de
atributos fisicos, quimicos e classes de solos produzidos em trés profundidades distintas (0-10
cm, 10-30 cm e 30-100 cm) para duas regides de fundamental importancia do continente
antartico: a Antartica Maritima, representada pelas Ilhas Shetland do Sul, e a Peninsula
Antartica, representada pelas Ilhas James Ross, localizadas no Mar de Weddell, e a area livre
de gelo conhecida como Hope Bay, localizada na regido costeira da peninsula. Este trabalho
consiste na integragdo do grande nimero de dados e informacgdes gerados pelo Grupo Terrantar
ao longo de mais de 20 anos de pesquisa em solos na Antértica com as técnicas e conhecimentos
recentes produzidos no &mbito do Mapeamento Digital de Solos.

Para a aplicacdo do mapeamento digital dos solos antarticos foram usadas técnicas de
Aprendizado de Méaquinas (Machine Learning) envolvendo passos como tratamento dos dados,
selecdo das covaridveis ambientais mais importantes, treinamento ou calibragdo dos modelos,
testes estatisticos usando conjuntos de dados independente para validagdo dos modelos criados,
e a predicao espacial ou mapeamento, onde os atributos do solo sdo extrapolados para areas
sem informag¢ao em funcao da distribuicdo das covaridveis ambientais. A qualidade dos nossos
modelos foi avaliada em termos de acuracia e incerteza. Uma das grandes vantagens da
metodologia utilizada neste trabalho foi o uso de multiplas repeticoes (e.g., 100 repeticdes) para
se lidar com a variabilidade no processo de separagdo dos dados de treinamento e teste.

Buscou-se também avangar em um dos grandes desafios do Mapeamento Digital de
Solos atualmente que ¢ a conciliagdo dos resultados das predigdes com interpretacdes claras e
objetivas com base nos fatores de formagao do solo. As técnicas de sele¢ao de variaveis, como
o Recursive Feature Elimination (RFE), sio uma implementa¢do fundamental para a
interpretacdo dos resultados, pois contribuem para a constru¢do de modelos mais simples com
manuten¢do do poder preditivo, a partir da selecdo das variaveis mais importantes. Nao
obstante, o conhecimento pedoldogico foi fundamental para a explicagdo dos nossos modelos,
uma vez que as covariaveis ambientais selecionadas representaram de forma satisfatoria os
fatores de formagao responsaveis pela distribuicao dos solos na Antértica.

Diferentes modelos de Aprendizado de Maquinas foram testados para a modelagem e
predi¢ao da textura do solo (areia, silte e argila), e o Random Forest apresentou a melhor
performance. Entre as fracdes do solo, a fragdo argila apresentou os maiores valores de
performance em todas as profundidades, com destaque para a profundidade 0-10 cm (LCCC de

0,49 e R* de 0,31). As melhores covariaveis foram associadas ao clima, topografia e
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desenvolvimento dos solos. As varidveis climaticas mais importantes foram aquelas
relacionadas a sazonalidade da temperatura e precipitagdo, mostrando que a distribuicdo da
textura do solo na Antartica ¢ fun¢ao da variabilidade climatica anual no continente Antartico.
As covariaveis mais importantes associadas ao relevo variaram de acordo com a fragao do solo
mapeada. Para a frag¢do argila, varidveis de disseca¢do do relevo, declividade e drenagem foram
mais importantes, indicando que a distribuicdo desta fracdo na Antartica ¢ fortemente
condicionada pelos processos de catena. Variaveis de altitude foram mais importantes para a
fracdo areia, indicando maior concentracao desta fracdo nas partes mais baixas da paisagem e
proximas a costa (terragos marinhos) e maiores contetudos de silte foram observados nos setores
mais altos proximos as geleiras. Este padrao de distribui¢do espacial também pode ser detectado
pela selec¢do das covariaveis de desenvolvimento do solo: distancia a costa e distancia a geleira.
Em geral, as varidveis climaticas foram mais importantes em superficie, enquanto as
covariaveis do relevo adquiriram maior importancia para a predi¢do nas camadas mais
profundas do solo.

Quanto a modelagem dos atributos quimicos, o Random Forest foi aplicado para a
predi¢ao de sete atributos do solo de extrema relevancia para os ecossistemas antarticos: pH,
Soma de bases, Carbono Organico Total, H+Al (acidez potencial), P disponivel, Na disponivel
e P remanescente (P-rem). A Soma de Bases foi o atributo com melhor performance (LCCC de
0,58 e R22 de 0,41), seguido por H+Al, pH, Carbono, P-rem, Na e P. Considerando a incerteza,
o pH e o P-rem apresentaram as maiores precisdes (PIR médio de 0,07 e 0,13, respectivamente),
enquanto o Na e P apresentaram as piores (PIR médio de 0,85 e 1,24). Ambos os indicadores
de acuracia e incerteza mostraram a dificuldade do Random Forest no tratamento de solos com
caracteristicas raras da Antartica, expressadas na ocorréncia de outliers naturais (valores
extremos minimos € maximos).

Em geral, os atributos quimicos do solo apresentaram um gradiente latitudinal/climatico
bem expresso, com os valores Soma de Bases, pH e Na sendo maiores nas areas da Peninsula
Antartica, enquanto os teores de Carbono, H+Al e P foram maiores na Antartica Maritima. O
P-rem foi o tnico atributo que ndo apresentou um comportamento espacial variando de acordo
com a latitude. As covaridveis ambientais selecionadas para a predicdo ndo apenas
representaram importantes fatores de formacdo dos solos como também expressaram as
diferentes escalas espaciais em que esses fatores influenciam a variabilidade dos solos na
Antartica. Os trés principais fatores de formagdo representados foram o clima, relevo e
organismos. O clima, expresso pelas covariaveis de temperatura e precipitacdo, controlou a

distribuicao dos atributos em macroescala, contribuindo para as distingdes pedoldgicas entre as
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duas regides mapeadas, com maiores valores de Soma de Bases, pH e Na nos ambientes mais
frios e secos (semidesertos polares da Peninsula Antartica) e maiores valores de Carbono, H+Al
e P nos ambientes mais imidos e quentes da Antartica Maritima. Os organismos ¢ o relevo sao
determinantes em escala mais local. A influéncia biogénica foi importante para atributos como
o Carbono, H+Al, pH e P, e foi expressa principalmente pelos indices de vegetagdo (NDVI e
SAVI) e a distancia as pinguineiras. A ltima varidvel representou a influéncia da ornitogénese,
importante processo de génese dos solos conduzido pelas aves nos ecossistemas antarticos. Por
fim, a influéncia do relevo foi expressa principalmente pelas variaveis de altitude, com as partes
mais altas da paisagem apresentando solos menos intemperizados e com maiores valores de
Soma de Bases e pH e as partes mais baixas apresentando maiores conteudos de Carbono, P ¢
H+AL indicando solos com maior desenvolvimento pedogenético e atividade biologica.

Por fim, o terceiro capitulo foi destinado para a modelagem e predicao das classes de
solos da Antartica, também utilizando-se o Random Forest. Para este trabalho, foram utilizados
os dois principais sistemas taxondmicos de classificacdo dos solos da Antartica: Soil Taxonomy
e WRB/FAO. Por sua vez, trés mapeamentos foram feitos no ambito da Soil Taxonomy,
contemplando os trés primeiros niveis taxonomicos. A utiliza¢ao de atributos do solo como
covariaveis mostrou-se uma abordagem com grande potencial para o mapeamento de classes
de solos, uma vez que a variabilidade dos atributos fisico-quimicos do solo na Antartica esta
diretamente relacionada aos processos de formacdo, o que melhora a capacidade de
interpretacdo dos modelos de Aprendizado de Mdaquinas. De maneira geral, os resultados
expressaram as classes de solos mais abundantes das regides antarticas mapeadas, tragando
relagdes ambientais das classes de solos com o clima, relevo e pedogénese. No entanto, os
resultados foram limitados pela distribuicao desbalanceada das classes de solos, que, apesar de
representarem em parte a variabilidade natural dos solos antérticos (com predominio dos
Gelisols e Entisols), contribuiram para a supressdo de classes raras, reduzindo a
pedodiversidade dos mapeamentos.

Este estudo ¢ uma contribuicdo inicial para se atender a necessidade crescente de
informagdes continuas e precisas sobre os solos da Antartica, visando fornecer subsidios sobre
solos para a tomada de decisdes visando a conservagdo do continente. Além disso, estes sao
dados pioneiros que podem ser incorporados em futuros modelos ambientais, uma vez que os
modelos globais atuais ndo incorporam as areas livres de gelo da Antartica devido as limitagdes

de disponibilidade de dados.
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APENDICES
CAPITULO 1



Supplementary Table 1. Partl. Accuracy metrics of training for all models.
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Metrics Depth ]éﬁf; GBM  MONMLP lg‘,’;fl‘l RF Wl‘:gNh;fd Null
Sand
0-10 0.08 0.23 0.16 0.18 0.26 0.20 -
10-30 0.08 0.23 0.08 0.14 0.24 0.15 -
30-100 0.10 0.23 0.09 0.15 0.24 0.16 -
Silt
o 0-10 0.03 0.16 0.06 0.11 0.20 0.14 -
= 10-30 0.05 0.15 0.06 0.13 0.19 0.14 -
30-100 0.08 0.18 0.10 0.11 0.21 0.12 -
Clay
0-10 0.17 0.29 0.21 0.24 0.31 0.26 -
10-30 0.15 0.26 0.16 0.22 0.29 0.21 -
30-100 0.13 0.26 0.22 0.24 0.32 0.27 -
Sand
0-10 0.20 0.64 0.39 0.42 0.90 0.56 -
10-30 0.22 0.75 0.25 0.52 0.90 0.51 -
30-100 0.28 0.83 0.24 0.51 0.90 0.52 -
Silt
8 0-10 0.06 0.52 0.17 0.39 0.89 0.58 -
8 10-30 0.10 0.57 0.14 043 0.89 0.52 -
30-100 0.19 0.56 0.21 0.38 0.90 0.45 -
Clay
0-10 0.34 0.74 0.46 0.52 0.90 0.63 -
10-30 0.31 0.76 0.42 0.57 0.90 0.63 -
30-100 0.27 0.84 0.50 0.50 0.91 0.67 -
Sand
0-10 13.01 11.63 12.29 11.97 11.31 11.87 13.57
10-30 13.10 12.02 13.26 12.68 11.75 12.77 13.73
30-100 14.45 12.98 14.24 13.70 12.76 13.69 14.81
Silt
ﬁ 0-10 9.72 8.95 9.57 9.08 8.60 9.05 9.76
= 10-30 10.14 9.47 10.08 9.46 9.15 9.57 10.31
30-100 10.17 9.41 9.90 9.78 9.10 9.79 10.42
Clay
0-10 5.72 5.18 5.59 5.38 5.06 5.34 6.41
10-30 5.81 5.40 5.87 5.41 5.24 5.63 6.44
30-100 6.62 6.05 6.26 5.96 5.78 5.95 7.10
Sand
0-10 16.49 15.09 15.87 15.58 14.77 15.40 17.03
10-30 16.91 15.55 17.00 16.44 15.28 16.30 17.50
30-100 17.85 16.34 17.85 17.23 16.12 17.12 18.38
7 Silt
5 0-10 12.59 11.83 12.45 12.21 11.56 12.00 12.76
10-30 13.40 12.70 13.32 12.91 12.35 12.82 13.66
30-100 12.80 12.04 12.56 12.54 11.76 12.48 13.15
Clay
0-10 7.41 6.84 7.28 7.13 6.75 7.08 8.09
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10-30 7.46 6.98 7.51 7.15 6.82 7.24 8.03
30-100 8.36 7.70 8.05 7.88 7.36 7.71 8.86
Supplementary Table 1. Part2. Accuracy metrics of test for all models.
Metrics Depth ]é*;ﬂf; GBM MONMLP l;i?;f[‘l RF Wl‘:gNhl\tfd Null
Sand
0-10 0.07 0.22 0.16 0.16 0.26 0.19 -
10-30 0.08 0.20 0.07 0.14 0.24 0.13 -
30-100 0.06 0.16 0.07 0.13 0.19 0.13 -
Silt
- 0-10 0.02 0.13 0.05 0.10 0.19 0.13 -
= 10-30 0.03 0.10 0.04 0.12 0.17 0.12 -
30-100 0.05 0.11 0.08 0.08 0.17 0.08 -
Clay
0-10 0.17 0.28 0.21 0.23 0.31 0.26 -
10-30 0.13 0.25 0.15 0.21 0.28 0.20 -
30-100 0.09 0.21 0.20 0.21 0.29 0.25 -
Sand
0-10 0.16 0.39 031 0.31 0.43 0.37 -
10-30 0.17 0.38 0.16 0.28 0.40 0.27 -
30-100 0.16 0.34 0.16 0.25 0.34 0.26 -
Silt
g 0-10  0.04 0.26 0.11 0.21 0.35 0.27 ;
S 10-30 0.06 0.23 0.09 0.24 0.30 0.25 -
30-100 0.10 0.24 0.16 0.18 0.29 0.19 -
Clay
0-10 0.30 0.46 0.39 0.40 0.49 0.46 -
10-30 0.26 0.43 0.31 0.37 0.45 0.38 -
30-100 0.19 0.39 0.38 0.38 0.45 0.44 -
Sand
0-10 13.05 11.74 12.37 12.19 11.33 11.97 13.61
10-30 13.19 12.33 13.42 12.76 11.84 12.94 13.86
30-100 14.59 13.60 14.21 13.75 12.99 13.79 14.69
Silt
fg 0-10 9.88 9.13 9.74 9.25 8.59 9.16 9.88
= 10-30 10.31 9.76 10.22 9.56 9.26 9.71 10.38
30-100 10.41 9.81 10.08 10.06 9.31 10.13 10.50
Clay
0-10 5.73 5.26 5.60 5.40 5.06 5.33 6.48
10-30 5.85 5.43 5.91 5.48 5.22 5.68 6.46
30-100 6.77 6.24 6.27 6.04 5.85 5.96 7.09
Sand
= 0-10 16.56 15.25 15.94 15.87 14.82 15.56 17.09
E 10-30 17.04 15.96 17.21 16.53 15.39 16.54 17.60
~ 30-100 18.04 17.13 17.85 17.35 16.49 17.31 18.19

Silt



0-10 12.88 12.23 12.74 12.49 11.73 12.26 12.92
10-30 13.69 13.25 13.58 13.17 12.66 13.15 13.78
30-100 13.12 12.67 12.83 12.97 12.09 12.92 13.20
Clay
0-10 7.45 6.94 7.33 7.16 6.77 7.09 8.11
10-30 7.56 7.05 7.69 7.24 6.87 7.31 8.05
30-100 8.54 7.99 8.10 7.95 7.48 7.75 8.80
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Supplementary Table 2. Statistics of sand, silt, and clay contents for the entire area and for

the MA and NAP.

Depth Min Max Mean SD CV (%)
Sand 0-10 % 49.29 83.06 66.30 5.01 7.56
10-30 45.77 83.58 64.95 5.50 8.47
30-100 42.80 83.43 63.48 6.52 10.27
Silt 0-10 % 8.94 33.91 20.78 3.63 17.47
10-30 9.66 38.97 23.33 3.88 16.63
30-100 9.22 40.81 23.78 4.81 20.23
Clay 0-10 % 6.88 22.98 13.01 2.08 15.99
10-30 6.93 20.93 12.89 2.01 15.59
30-100 6.79 21.35 13.13 2.22 16.91

Maritime Antarctica

Fractions  Depth Min Max Mean SD CV (%)
Sand 0-10 % 50.43 83.06 67.02 5.09 7.59
10-30 48.28 83.58 65.45 5.62 8.59
30-100 42.80 83.43 63.16 7.24 11.46
Silt 0-10 % 8.94 33.91 20.66 3.85 18.64
10-30 9.66 38.62 23.16 4.09 17.66
30-100 9.22 40.81 23.65 5.21 22.03
Clay 0-10 % 6.88 20.54 12.62 2.04 16.16
10-30 6.93 20.93 12.79 2.05 16.03
30-100 7.18 21.35 13.33 2.30 17.25

Northern Antarctica Peninsula

Fractions Depth Min Max Mean SD CV (%)
Sand 0-10 % 49.29 77.29 62.90 4.60 7.31
10-30 45.77 78.55 62.57 4.97 7.94
30-100 48.75 80.60 65.00 3.11 4.78
Silt 0-10 % 12.39 31.93 21.35 2.58 12.08
10-30 14.15 38.97 24.14 2.87 11.89
30-100 12.66 40.11 24.41 2.93 12.00
Clay 0-10 % 8.78 22.98 14.85 2.25 15.15
10-30 7.90 19.80 13.33 1.86 13.95
30-100 6.79 18.40 12.17 1.82 14.95

Supplementary Table 3. Statistics of sand, silt and clay contents for the islands and each ice-

free area.
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Sand Silt Clay
Ice-free areas

Mean Min Max SD Mean Min Max SD Mean  Min Max SD
South Shetland
Islands
King George Island 61.25 24.94 14.46
Keller Peninsula 58.99 4147 8225 549 2624 999 3931 4.19  17.06 930 27.28 248
y;;tfr‘;s}g’; of 59.42 4253 74.83 4.69 2401 1153 33.63 320  19.17 1036 2932 244
Hennequin Point 64.43 51.22 83.77 5.68 24.33 1090 33.00 4.46 11.23 405 17.58 1.79
Cape Lions Rump 63.52 4699 81.54 435 25.52 1142 40.19 348 10.86 4.15 1690 1.71
Potter Peninsula 61.42 50.60 80.67 6.37 23.07 9.14 33.19 5.08 1570 9.03 21.63 1.98
Barton Peninsula 60.41 5093 79.08 4.62 25.40 10.15 36.65 3.89 14.75 11.23 21.99 1.07
Fildes Peninsula 59.01 41.05 8231 6.61 26.92 9.52 4476 5.52 12.57 636 19.64 143
Other areas 62.78 41.47 8541 587 23.99 9.09 40.19 4.15 1433 4.05 2932 3.97
Nelson Island 61.94 22.93 15.56
Stansbury Peninsula 63.10 48.99 8142 5.69 2320 9.65 33.81 4.02 1421 6.56 19.85 2.58
Harmony Point 61.84 46.03 79.84 5187 21.37 8.61 30.22 3.56 17.65 11.88 2645 1.94
Other areas 60.88 41.25 8142 7.63 2423 9.65 44.17 647 14.81 6.56 2645 1.97
Robert Island 66.48 21.59 12.02
Coppermine Peninsula 65.83 56.21 8048 5.32 22.07 11.12 31.00 3.58 11.32 796 1445 0.96
Other areas 67.12 53.62 8048 5.73 21.10 9.81 32.04 4.76 12.72 7.51 1937 2.10
Livingston Island 69.64 20.52 10.81
Byers Peninsula 59.99 2456 90.27 9.72 24.01 542 5297 6.52 17.87 479 30.51 524
Hurd Peninsula 7290 58.53 88.55 3.65 20.54 7.11 3242 3.07 7.10 448 1038 0.84
Elephant Point 74.11 61.48 8470 5.32 17.63 9.63 27.83 448 8.84 593 11.64 1.13
Other areas 71.57 57.94 88.55 4.65 1991 7.11 3242 3.65 944 401 1646 2.28
Snow Island 66.98 18.97 17.43
greflsi‘nd;‘};Head 67.05 4536 80.50 520  18.53 7.56 29.37 3.88  17.29 12.62 29.81 1.98
Other areas 66.90 51.48 7757 642 1941 11.07 3232 4.63 17.57 11.91 2453 2.50
Elephant Island 61.79 26.55 9.43
Stinker Point 60.13 46.78 85.84 3.82 27.45 8.01 3934 297 9.61 5.12  15.58 1.07
Other areas 63.46 46.78 85.84 4.73 25.64 8.01 3934 2098 9.25 512 1558 1.17
Ardley Island 57.90 41.05 73.58 6.55 26.08 13.97 40.77 5.29 1458 1094 19.64 1.04
Deception Island 65.57 53.25 83.53 4.83 23.61 1129 3596 2.99 10.89 4.71 17.67 2.39
Penguin Island 75.81 67.80 8541 247 16.54 9.09 21.89 1.73 743 448 11.19 1.55
Half Moon Island 76.16 59.80 86.36 3.58 1831 8.89 2842 3.57 776 401 1395 1.68
Barrientos Island 71.24 63.07 76.59 3.32 18.88 13.67 26.69 2.33 9.56 7.54 11.78 0.87
Greenwich Island 68.45 55.07 79.21 5.66 20.38 9.21 3334 4.71 12.02 7.50 21.63 1.78
Low Island 60.66 51.26 73.90 3.55 26.21 19.11 33.15 1.57 14.10 10.54 20.59 2.61
Other smaller islands 67.33 4225 8048 3091 20.86 9.63 36.28 3.00 13.03 6.60 26.44 1.13
Northern Antarctic
Peninsula
Hope Bay 61.98 39.67 7993 4.80 24.18 13.01 38.81 2.83 1434 727 27.89 3.59
James Ross Island 64.81 23.04 12.52
Ulu Peninsula 63.54 5390 75.25 2.40 2411 12.81 3292 227 13.62 943 1944 1.19
Other areas 63.59 46.26 77.63 2.59 23.74 12.81 3592 2.03 13.71 838 2096 1.55
Vega Island 64.23 22.09 14.45
Cape Lamb 62.96 46.26 74.68 2.32 2227 13.86 3592 2.04 1522 10.70 2096 1.76



Other areas 64.51
Seymour Island 63.37
Cockburn Island 65.16
Snow Hill Island 61.31

46.26  78.89
4480 86.46
59.29 76.31
55.23  72.46

3.53
7.26
3.73
3.51

22.72
23.05
22.64
24.57

13.86
9.11

16.79
16.96

3592 2.03
3395 3.22
3027 1.73
3041 1.38

13.44
12.72
11.46
14.00

6.38
5.17
8.39
9.74
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20.96
21.52
13.76
16.64

2.39
2.97
1.06
1.54

Supplementary Table 4. Coefficient of variation according to the soil fractions and depth.

Fractions Depth Min Max Mean SD

Sand 0-10 % 0.93 34.55 4.98 1.52

10-30 0.88 35.7 5.11 1.47

30-100 1.09 48.95 6.51 1.36

Silt 0-10 % 1.91 64.95 14.7 4.74
10-30 1.42 55.55 13.23 4

30-100 23 44.62 10.77 3.52

Clay 0-10 % 1.47 63.59 10.44 3.21

10-30 1.37 51.43 11.32 3.18

30-100 3.03 50.71 13.96 3.56
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Supplementary Table 5. Percentiles and prediction interval addressing uncertainty according
to the soil fractions and depth.

Predicted Deviations
Fractions Depth Min Max Mean mean from the
mean*
Sth percentile
Sand 0-10 225 87.58 58.96 62.9 -3.94
10-30 15.77 86.85 57.66 62.57 -4.91
30-100 8.43 87.27 58.07 65 -6.93
Silt 0-10 2.45 48.8 16.89 21.35 -4.46
10-30 3.62 43.86 20.21 24.14 -3.93
30-100 3.54 50.9 20.34 24.41 -4.07
Clay 0-10 1.15 25.42 11.75 14.85 -3.1
10-30 2 23.18 11.18 13.33 -2.15
30-100 1.84 27.44 10.46 12.17 -1.71
95th percetile
Sand 0-10 41.7 98.98 69.55 62.9 6.65
10-30 35.24 100 67.64 62.57 5.07
30-100 22.06 93.28 70.04 65 5.04

Silt 0-10 7.75 60 26.14  21.35 4.79
10-30 7.35 67.07  29.71 24.14 5.57
30-100 7.41 63.78 28.8 24.41 4.39

Clay 0-10 2.65 40.49 16.04 14.85 1.19
10-30 4.9 33.74 16.22 13.33 2.89
30-100 3.54 36.23 15.67 12.17 3.5
Prediction interval (90%)
Sand 0-10 1.56 37.15 10.59
10-30 1.67 42.25 9.98
30-100 2.14 42.04 11.97

Silt 0-10 1.44 38.17 9.26
10-30 0.89 40 9.5
30-100 1.36 32.52 8.46

Clay 0-10 0.75 22.02 4.28
10-30 0.76 18.65 5.04
30-100 1.27 19.7 5.21

* Mean percentiles — predicted mean
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Supplementary Figure 1. Spatial distribution of the soil samples used in this work.
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Supplementary Figure 2. Relative importance and frequency of selection of the RF-predictors

for each soil fraction and depth, with all predictor variables chosen during the 100 runs.
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Supplementary Figure 6. Prediction Interval for clay in 0-100 cm.
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Continuation. Supplementary Figure 6. Prediction Interval for silt in 0-100 cm.
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CAPITULO 2



Table 1. Mean accuracy and error metrics of the RF models in the training and test.

Metrics  Depth BS TOC H+Al Na P pH P-rem
Training
0-10 0.48 0.43 0.47 0.42 0.34 0.43 0.42
& 10-30 0.44 0.40 0.45 0.41 0.34 0.41 0.43
30-100 0.35 0.44 0.43 0.34 0.35 0.37 0.28
) 0-10 0.94 0.92 0.93 0.91 0.91 0.94 0.94
8 10-30 0.93 0.91 0.93 0.92 0.90 0.94 0.94
= 30-100 0.92 0.91 0.93 0.88 0.90 0.93 0.91
= 0-10 7.31 2.41 4.50 285.30 470.40 0.74 8.87
§ 10-30 7.78 1.99 4.87 242.00 478.60 0.79 8.82
30-100 10.19 1.36 5.56 327.60 438.80 0.95 9.10
E 0-10 11.13 3.69 6.89 419.40 592.90 1.06 12.17
?ﬁ 10-30 11.64 3.08 7.50 335.60 601.20 1.13 12.48
= 30-100 13.68 2.00 8.21 417.40 549.70 1.37 10.93
= 0-10 10.11 4.22 6.43 609.40 1010.80 0.95 11.29
E 10-30 11.27 3.72 6.90 488.00 1002.40 1.02 11.29
R 30-100 13.33 2.44 7.86 621.70 885.00 1.24 11.55
E 0-10 13.93 5.56 8.80 797.40 1254.10 1.26 14.70
= 10-30 14.90 4.79 9.24 638.60 1236.50 1.32 14.85
5 30-100 16.42 3.23 10.26 760.60 1122.10 1.55 13.40
Test
0-10 0.47 0.42 0.44 0.34 0.25 0.42 0.41
~ 10-30 0.42 0.38 0.42 0.36 0.24 0.40 0.42
30-100 0.34 0.41 0.38 0.28 0.26 0.39 0.24
S 0-10 0.64 0.59 0.61 0.51 0.41 0.59 0.56
8 10-30 0.61 0.56 0.59 0.51 0.40 0.56 0.57
= 30-100 0.49 0.54 0.54 0.45 0.37 0.54 0.37
. 0-10 7.31 2.43 4.49 307.20 481.50 0.73 8.95
§ 10-30 7.81 2.00 4.89 255.90 492.90 0.79 8.86
30-100 10.13 1.42 5.78 328.10 455.50 0.93 9.26
= 0-10 11.06 3.77 6.79 444 .86 552.50 1.06 12.17
é 10-30 11.57 3.08 7.42 365.23 577.50 1.13 12.58
> 30-100 13.51 2.03 8.27 413.81 547.80 1.38 10.90
= 0-10 10.12 4.30 6.46 686.70 1052.30 0.95 11.32
g 10-30 11.16 3.75 6.98 553.70 1065.60 1.02 11.38
R 30-100 13.28 2.56 8.21 635.30 981.00 1.23 11.78
E 0-10 13.82 5.59 8.57 795.78 1155.80 1.24 14.65
= 10-30 14.51 4.70 9.09 670.72 1178.50 1.32 14.87
E 30-100 16.11 3.22 10.31 707.87 1067.50 1.56 13.36
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Table 2. Average values of percentiles and uncertainty indicators of RF soil attribute models.

BS H+Al pH TOC P-rem Na P
5th perc 0-10 23.10 242 6.87 0.75 31.79 843.21 131.33
10-30 22.78 2.55 6.68 0.56 31.04 756.47 125.32
30-100 23.33 2.80 6.38 0.40 31.83 703.73 170.50
95th
0-10 36.44 5.11 7.24 1.46 35.61 2177.50
Perc 390.21
10-30 34.20 4.99 7.20 1.11 3553 1752.18  439.53
30-100 32.27 6.84 7.00 1.06 36.59 1527.05 607.60
P1 0-10 13.36 2.69 0.37 0.71 3.81 1334.29
(90%) ' ’ ’ ) ' ' 258.88
10-30 11.42 2.43 0.52 0.55 4.49 995.71 314.21
30-100 8.93 4.04 0.62 0.66 4.75 823.32 437.10
PIR 0-10 0.46 0.90 0.05 0.71 0.11 0.94 1.14
10-30 0.44 0.73 0.08 0.72 0.14 0.85 1.51

30-100 0.33 0.91 0.09 1.05 0.14 0.75 1.07




