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Resumo

NUNES, Rémulo Félix. Simulacdo geoestatistica na avaliagdo da qualidade
fisica e estrutural de solos subtropicais. 2024. 214f. Tese (Doutorado) —
Programa de Pés-Graduacdo em Manejo e Conservacdo do Solo e da Agua,
Faculdade de Agronomia Esileu Maciel, Universidade Federal de Pelotas,
Pelotas, 2024.

Existem diversos indicadores da qualidade fisica do solo (QFS) preconizados na
literatura, a saber: macroporosidade, densidade do solo, condutividade
hidraulica do solo saturado e indice S. O indice S advém do termo “Soil
structure”, sendo um parédmetro obtido através da curva de retencédo de agua no
solo e sensivel aos diferentes usos e praticas de manejo do solo, identificando
preferencialmente mudancas estruturais relacionadas ao estado original do solo.
Utilizando simulacdo geoestatistica, os objetivos deste estudo foram i) definir
valores restritivos de indice S; ii) avaliar o impacto das incertezas espaciais no
mapeamento dos atributos fisico-hidricos do solo; iii) identificar zonas restritivas
da qualidade fisica a partir dos atributos fisico-hidricos, considerando as
incertezas espaciais; iv) mapear as potenciais zonas restritivas dos atributos
fisico-hidricos; e v) desenvolver mapas de vulnerabilidade fisica a partir de
cenarios restritivos dos atributos fisico-hidricos de solos. A simulacéo
geoestatistica foi eficiente na caracterizacdo espacial dos atributos do solo e a
escala de estudo significativamente o resultado final. A metodologia proposta
identificou que o valor limitante de indice S = 0,02 ndo se adequa as condicdes
da BHSR. A simulacdo geoestatistica identificou os valores limitantes de
densidade do solo e indice S para os solos da BHSR. Os indices de
vulnerabilidade fisica do solo, desenvolvidos por meio da simulacdo sequencial
gaussiana, identificaram zonas de vulnerabilidade fisica do solo e as areas mais
propensas a necessidade de intervencdo no manejo, demonstrando-se
ferramenta viavel para dar suporte as tomadas de decisdes quanto ao manejo e
conservacao da QFS.

Palavras-chave: incertezas espaciais; variabilidade espacial; indice S; agua no
solo; vulnerabilidade fisica do solo.



Abstract

NUNES, Romulo Félix. Geostatistical Simulation in the Assessment of the
Physical and Structural Quality of Subtropical Soils. 2024. 214p. Thesis
(Doctoral Degree). Graduate Program in Management and Conservation of Soil
and Water, Esileu Maciel Faculty of Agronomy, Federal University of Pelotas,
Pelotas, 2024.

There are several indicators of soil physical quality (SPQ) advocated in the
literature, such as macroporosity, bulk density, saturated hydraulic conductivity,
and the S-index. The S-index derives from the term "Soil structure" and is a
parameter obtained from the soil water retention curve, being sensitive to different
land uses and soil management practices. It primarily identifies structural
changes related to the soil's original state. Using geostatistical simulation, the
objectives of this study were to: i) define restrictive values for the S-index; ii)
assess the impact of spatial uncertainties on the mapping of soil physical-
hydraulic attributes; iii) identify restrictive zones of physical quality based on
physical-hydraulic attributes, considering spatial uncertainties; iv) map potential
restrictive zones of physical-hydraulic attributes; and v) develop physical
vulnerability maps from restrictive scenarios of soil physical-hydraulic attributes.
The geostatistical simulation proved efficient in the spatial characterization of soil
attributes, with the study scale significantly influencing the final result. The
proposed methodology identified that the limiting value of S-index = 0.02 does
not suit the conditions of the BHSR. The geostatistical simulation identified
limiting values for bulk density and the S-index for BHSR soils. The soil physical
vulnerability indices, developed through sequential Gaussian simulation,
identified zones of soil physical vulnerability and areas most prone to intervention
in management practices, proving to be a viable tool to support decision-making
regarding the management and conservation of SPQ.

Keywords: spatial uncertainties; spatial variability; S-index; soil water; soll
physical vulnerability.
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1. Introducéao

O conhecimento da qualidade do solo € de grande importancia para o
desenvolvimento socioambiental, permitindo a otimizacdo do planejamento e
gestdo dos recursos naturais (Souza et al., 2021), auxiliando os agricultores na
compreensao da agricultura de conservacgao (Telles et al., 2022). Os processos
fisicos, quimicos e biolégicos que ocorrem no solo séo inter-relacionados, e,
assim, a qualidade fisica do solo (QFS) afeta os processos quimicos e biolégicos,
desempenhando um papel fundamental na qualidade do solo (Dexter, 2004;
Walia e Dick, 2018).

O crescente aumento populacional tem demandado um aumento na
producao de alimentos e, consequentemente, a elevacao do uso e ocupacao de
areas agricultaveis. Préaticas inadequadas de manejo tém causado, erosao,
contaminacdo da agua e do solo e assoreamento de rios (Tavares et al., 2022),
ocasionando alteracdo da QFS (Cherubin et al., 2016). Dentre 0s processos que
diminuem o funcionamento e a capacidade fisica do solo, destaca-se a
compactacao do solo, como um dos principais indicadores da degradacéo fisica
estrutural e diminuicdo da QFS (Vizioli et al., 2021).

A gestdo inadequada da terra e préticas de uso do solo nessas areas de
rapido crescimento populacional levaram a fenémenos prejudiciais a qualidade
e funcionamento do solo, como eroséo, degradacao de recursos hidricos e do
solo, além da siltagem de rios (Cherubin et al., 2016; Tavares et al., 2022). A
compactacdo do solo destaca-se como um dos principais indicadores de
degradacéo fisica e reducdo da QFS entre os varios processos que contribuem
para a deterioracdo da funcéao do solo e a diminuicdo da capacidade ambiental
(Vizioli et al., 2021; Oliveira et al., 2022).

Atributos fisico-hidricos dos solos tém sido utilizados para avaliar as
mudancas estruturais do solo (Valani et al., 2020; Silva et al., 2022), e possuem
um papel importante na tomada de decisbes em escala de bacias hidrograficas
(Beskow et al., 2016; Moratelli et al., 2023).

A avaliagdo da QFS tem se baseado no uso de indicadores, que
simplificam e fornecem informagdes para tornar um fendmeno perceptivel e
compreensivel para serem utilizadas em tomadas de decisdes (Van Der WerF e
Petit, 2002; Moebius-Clune et al., 2011; Toledo et al., 2013; Julieta et al., 2016).
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Estudos tém sido desenvolvidos acerca de indicadores e valores de referéncia
para analisar a qualidade fisica de solos agricolas (Assis Junior et al., 2016;
Blnemann et al., 2018).

As bacias hidrograficas, importantes unidades de gestao, tém sido foco
de estudos relacionados aos recursos hidricos e manejo do solo (Beskow et al.,
2016; Soares et al., 2020; Dos Santos et al., 2021) que visam o planejamento e
manejo dos recursos naturais (Souza et al., 2021). Em escala de bacia
hidrografica, pode ocorrer a presenca de diversas classes, usos e ocupacdes
dos solos. Essa grande variedade informagdes pode gerar variabilidade na
qualidade fisica do solo. Conhecer a dindmica das mudancas da qualidade fisica
do solo por meio indices e interacdes entre os atributos € extremamente
importante para a escolha adequada de praticas de intervencdes de uso e
manejo agricola (Alencar et al., 2015).

Estudos avaliam a qualidade fisica dos solos, a partir do indice S e de
atributos do solo (Lima et al., 2014; Hebb et al., 2017; Kiani et al., 2017; Timm et
al., 2020), bem como analisam incertezas espaciais de propriedades do solo em
escala de propriedade rural e/ou bacia hidrogréfica (Siqueira et al., 2019; Soares
et al., 2023). Entretanto, considera-se, escassos ainda os estudos relacionados
a andlise das incertezas espaciais dos atributos do solo, do indice S e da
avaliacdo visual do solo em escala de bacia hidrogréafica no sul do Brasil.

A microbacia hidrografica Santa Rita (BHSR) localiza-se no municipio de
Pelotas no sul do Rio Grande do Sul, constitui uma unidade de planejamento
fundamental socio e economicamente para a regido. Colabora com a
alimentacao dos corpos hidricos para o abastecimento de agua da populacéo de
Pelotas. Possui uma grande variedade de classes e usos de solos, destacando-
se a agricultura familiar. Mapear a qualidade fisica do solo, identificando
potenciais zonas de vulnerabilidade fisica do solo considerando a analise de
incertezas dos atributos fisicos do solo e do indice S, é um estudo estratégico e
de grande relevancia para o desenvolvimento socioeconémico da regido,
propiciando aos gestores e produtores ferramentas que subsidiem as tomadas
de decisdes quanto as praticas mais adequadas de uso e manejo do solo e da

agua, visando a sustentabilidade ambiental.
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1.1. Hipoteses

Todas as hipoteses deste estudo foram testadas na microbacia
hidrografica Santa Rita, Pelotas, Rio Grande do Sul.

1. O indice S, a macroporosidade, a densidade do solo, e a
condutividade hidraulica do solo saturado sdo capazes de
representar a qualidade fisica, quando consideradas por meio da
simulacdo geoestatistica as incertezas espaciais.

2. Valores limitantes do indice S propostos por Dexter (2004a) que
separaram solos degradados (S = 0,02) e, aqueles com condi¢cdes
fisicas ruins e boas (S = 0,035), podem nao ser representativos
para as condi¢des edafoclimaticas da area de estudo.

3. E possivel a indicac&o de valores de indice S restritivos para solos
subtropicais estudados a partir do valor restritvo de
macroporosidade do solo (10%).

4. Mapas de probabilidade de ocorréncia da area estar restritiva
fisicamente baseados nos valores limitantes dos valores limitantes
dos atributos fisico-hidricos do solo, por meio de técnicas de
simulacdo geoestatistica, podem ser eficientes em identificar os
valores restritivos destes atributos, mais préximos do real.

5. A vulnerabilidade fisica do solo pode ser mapeada a partir da
integracdo dos cenarios restritivos simulados de dois ou mais
atributos fisico-hidricos do solo, permitindo a identificacdo de

zonas restritivas de qualidade fisica dos solos.
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1.2. Objetivos

1.2.1. Gerais

Na microbacia hidrografica Santa Rita, inserida na bacia do hidrografica
do arroio Moreira Fragata e localizada em regido subtropical no sul do Rio
Grande do Sul, Brasil, objetiva-se:

i) Definir valores restritivos de indice S; ii) avaliar o impacto das incertezas
espaciais no mapeamento dos atributos fisico-hidricos do solo; iii) identificar
zonas restritivas da qualidade fisica a partir dos atributos fisico-hidricos,
considerando as incertezas espaciais; iv) mapear as potenciais zonas restritivas
dos atributos fisico-hidricos, utilizando simulagdo geoestatistica; e V)
desenvolver mapas de vulnerabilidade fisica a partir de cenarios restritivos dos

atributos fisico-hidricos de solos.

1.2.2. Especificos

Os obijetivos especificos foram:

I.  Caracterizar em uma malha amostral estabelecida, a distribuicdo e a
variabilidade espacial, considerando as incertezas espaciais do(a):
indice S, macroporosidade, densidade do solo, e da condutividade
hidraulica do solo saturado, por meio de técnicas de simulacéo
geoestatistica.

II.  Definir valores restritivos de indice S, a partir da macroporosidade para
solos subtropicais do sul do Brasil sob diferentes classes, usos e
ocupacao.

lll.  Desenvolver mapas de distribuicdo de probabilidades para os valores
propostos na literatura para o indice S, macroporosidade, densidade e
condutividade hidraulica do solo saturado, determinando assim
cenarios equiprovaveis de zonas restritivas de qualidade fisica do solo
a partir das respectivas variaveis, por meio de simulagédo

geoestatistica.
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Desenvolver mapas de zonas restritivas a partir da curva de
distribuicdo de probabilidade acumulada para macroporosidade do
solo, densidade do solo e condutividade hidraulica do solo
saturado, determinando assim cenarios equiprovaveis de zonas
restritivas de qualidade fisica do solo utilizando diversos cenarios
de limites criticos destes atributos, por meio de simulacéo
geoestatistica. Bem como, averiguar se o0s valores criticos
propostos na literatura s&o representativos para a microbacia Santa
Rita e, definir valores restritivos que sejam mais proximos da
realidade, tomando como base a macroporosidade de 10%,
considerada limitante.

Desenvolver mapas de vulnerabilidade fisica, a partir da integracao
de mapas de distribuicdo de probabilidade referentes aos cenarios

criticos dos atributos fisico-hidricos dos solos.
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2. Revisao de literatura

2.1. Qualidade fisica do solo

De acordo com Doran e Parkin (1994), a qualidade do solo pode ser
interpretada como a capacidade em manter as funcionalidades dentro dos limites
naturais do ecossistema, sustentando a produtividade vegetal e animal,
mantendo e/ou melhorando a qualidade da &gua e do ar, apoiando a habitacdo
humana e a salde dos seres vivos. Zornoza et al. (2015) afirmam que devido a
complexidade, a qualidade de um solo deve ser interpretada a partir de
propriedades indicadoras de qualidade. Uma agricultura mais sustentavel pode
ser atingida a partir do monitoramento das propriedades indicadoras de
qualidade dos solos em seus diferentes usos e sistemas de manejo (Cherubin et
al., 2015).

De acordo com Shahane e Shivay (2021), hd uma extensédo de 1.036 a
1.470 milhdes de hectares de area degradada no mundo, exigindo assim, a
manutenc¢ao das propriedades do solo responsaveis por manté-lo saudavel. Para
conhecer a qualidade do solo é necessario meios de avaliacdo, um grande
desafio por parte dos cientistas. Metodologias tém sido desenvolvidas para dar
suporte aos produtores e pesquisadores para o entendimento de processos e
manejo do solo, promovendo sustentabilidade (Binemann et al., 2018).

De acordo com Dexter (2004a), as propriedades do solo desempenham
um importante papel na qualidade, visto que exercem influéncia sobre os
processos quimicos e biolégicos. Shahab et al. (2013) afirmam que as
propriedades indicadoras de qualidade fisica sdo as relacionadas com a
agregacéao, estrutura e movimento da agua no solo. Dentre as propriedades mais
utilizadas como indicadoras da qualidade, destacam-se: densidade, porosidade,
retencdo de agua no solo e indice S. (Dexter, 2003A; Stefanoski et al., 2013;
Valani et al., 2022).

A utilizac&o da curva de retencéo de agua no solo (CRAS) representa uma
ferramenta crucial na avaliagdo da qualidade fisica, sendo caracterizada como
uma funcéo hidraulica intrinseca ao solo (Rickson et al., 2012). Um aspecto de
destaque entre as informacdes valiosas obtidas por meio da CRAS € o indice S

(Dexter, 2004), uma vez que demonstra sensibilidade a alteragdes estruturais no
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solo associadas as praticas de manejo (Rossetti e Centurion, 2022). Os valores
de determinados atributos fisico-hidricos do solo, tais como macroporosidade,
densidade do solo e condutividade hidraulica do solo saturado, também auxiliam
na avaliacdo da qualidade fisica, visto que guardam relagBes diretas com
diferentes usos, ocupacdes e processos de degradacéo do solo.

A degradacdo da qualidade fisica do solo por compactacéo reflete em
valores mais baixos de macroporosidade, mais elevados de densidade do solo
e, menores valores de condutividade hidraulica do solo saturado (Zimmermann
et al., 2006; Mainuri e Owino, 2013). Observa-se também a contribuicdo do
pisoteio animal para a reducdo de Ma em algumas regides da area de estudo,
conforme documentado por Balbinot et al. (2009), Moreira et al. (2014) e Ortigara
et al. (2014). A presséo exercida pelo pisoteio animal resulta na transformacao
de macroporos em microporos, alterando a estrutura do solo (Bertol et al., 2004;
Bonell et al., 2010; Salemi et al., 2013).

Para a avaliacdo da qualidade fisica, se faz necessario que o indicador
seja sensivel aos diferentes usos e praticas de manejo do solo, permitindo, a
identificacdo de mudancas estruturais em relacdo ao seu estado original do solo
(Dexter, 2004a). Isto torna-se necessario devido aos efeitos de diferentes usos
e manejos sobre as condi¢cdes edafoclimaticas de cada regido (Teferi et al.,
2016).

2.2.Indice S

A curva de retencao de agua no solo (CRAS) expressa a relacéo entre o
conteudo de agua volumétrica e o logaritmo da energia potencial matricial com
gue a agua esta retida nos poros do solo e/ou adsorvida nas particulas minerais
(Silva et al., 2010; Jong Van Lier, 2020). A CRAS é uma funcédo especifica de
cada solo, reflexo das relagcdes de diversos atributos, como por exemplo, teor de
argila, macroporosidade, densidade do solo, entre outros (Reichardt e Timm,
2020), e esta diretamente relacionada com a capacidade de armazenamento de
agua no solo para o desenvolvimento das plantas (Dalmago et al., 2009).

A CRAS é um indicador da qualidade fisica estrutural, visto que, a partir
dela podem ser obtidas informacdes, como: porosidade total, macroporosidade
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do solo, microporosidade do solo, capacidade de campo (CC), ponto de murcha
permanente (PMP), capacidade de agua disponivel (CAD) e indice S (Dexter,
2004a; Filgueiras et al., 2016; Reichardt e Timm, 2020).

Modelos matematicos foram desenvolvidos para caracterizar a forma com
que a agua esté retida. Dentre os modelos desenvolvidos, destaca-se o de van
Genuchten (1980) (Equacao 1), que, segundo Jong van Lier (2020), € um dos

mais utilizados para descrever as propriedades hidraulicas.

0s — Or Equacéo 1
[+ (arem)m™

6(¥m) = or+
Onde: 6(Wm) é a umidade volumétrica em funcdo do potencial méatrico ¥m ;

Bs e Or representam a umidade volumétrica na saturacédo (porosidade total) e
residual, respectivamente;

¥Ym € o potencial matrico total de 4gua no solo (kPa);
a, h e m: sdo parametros empiricos da equacdo e sdo obtidos por ajuste
matematico.

Utiliza-se a restricdo de Mualem (1976), onde m = 1-(1/n) e n>1.

O indice S proposto por Dexter (2004a; 2004b; 2004c) representa o valor
da inclinacdo da reta no ponto de inflexdo da CRAS ajustada pelo modelo de van
Genutchen (1980). De acordo com Dexter (2004a), o S representa a porosidade
microestrutural do solo, ou seja, 0S poros estruturais que compreendem
microfendas, fendas, bioporos e macroestruturas do solo.

Dexter e Bird (2001) demonstraram que o médulo do potencial de agua
no ponto de inflexdo quando é plotado como logaritmo natural do potencial
matrico (In(¥;)) em relacdo ao contetdo de agua no solo (0) é expresso pela
Equacdo 2. Substituindo o potencial méatrico da equacdo de van Genuchten
(1980) (Equacéo 1) pela Equacéo 2, resulta no contetdo de agua no solo no
ponto de inflexdo (Equacédo 3). A inclinacédo da curva de retencdo de agua no

ponto de inflexdo esta evidenciada na Equacao 4.

1 /1
i = 2 ()

1 -m
Bgi = (Bgs — Ogr) (1 + —) + Ogr
m

Yn Equagcao 2

Equacéao 3
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1\~ @+m Equacéo 4
S = —n(Bgs — Ogr) (1 + —)
m

Onde: ¥,,; € o potencial matrico no ponto de inflexdo da CRAS;

Bgi € o conteldo gravimétrico de agua no ponto de inflexao;

S é o indice S;

Bgs é o conteudo gravimétrico de agua na saturacgéo;

Bgr € o conteudo gravimétrico de agua residual;

a, m e n sdo parametros empiricos da equacdo e sdo obtidos por ajuste

matematico.

Dexter (2004a) e Dexter e Czyz (2007) definiram faixas de limites de

qualidade fisica (estrutural) do solo a partir do indice S. S = 0,050 indica que a
qualidade fisica € considerada muito boa, enquanto 0,035 < S < 0,050 é
considerada boa qualidade fisica, 0,020 < S < 0,035 é considerada de qualidade
fisica pobre e S < 0,020 é considerada a qualidade fisica muito pobre ou
degradada.
A porosidade total e os tamanhos de poros influenciam a curva de retencdo de
agua no solo, modificando graficamente o seu formato. A inclinacdo no ponto de
inflexdo da curva pode refletir em alguns aspectos referentes a qualidade fisica
do solo, como, compactacdo, infiltracdo de agua no solo e estabilidade de
agregados (Narjary e Aggarwal, 2014). O valor de indice S diminui com o
aumento da densidade do solo (Dexter, 2004a), possuindo menor inclinagéo,
para o solo degradado por compactacdo e maior inclinagdo, para o solo nao
degradado.

Matematicamente, o indice S representa o valor da inclinacdo da reta
tangente no ponto de inflexao da CRAS, tracada a partir da umidade gravimétrica
e do logaritmo natural do potencial matrico de agua no solo. De acordo com
Dexter (2004a), na maioria dos solos, os valores mais elevados de S indicam
uma melhor microestrutura. Estudos demonstram correlacfes matematicas com
a densidade do solo (Tormena et al., 2008; Cavalierl et al., 2009; Caviglione,
2018) e com a macroporosidade (Andrade e Stone, 2009; Caviglione, 2018).

Embora, o indice S tenha sido adequado para avaliar a qualidade fisica

do solo a partir de condi¢gbes estruturais diversas (Lima et al., 2014, Rossetti e



28

Centurion, 2018; Timm et al.,, 2020), alguns autores defendem que o valor
limitante definido por Dexter (2004a) e Dexter e Czyz (2007), ndo se adequa a
diversas condi¢cdes de contorno descritas na literatura (Jong Van Lier, 2014,
Assis Junior et al., 2016, Armindo e Wendroth, 2016), sendo necessaria uma
reavaliagdo dos limites ideais do indice S para regifes tropicais e subtropicais
(Andrade e Stone, 2009; Oliveira et al., 2014b). Moncada et al. (2015) afirmam
gue se a CRAS é conhecida, pode nédo ser interessante avaliar a qualidade fisica
e estrutural dos solos com base em um Unico ponto da curva.

O indice S é um indicador de qualidade fisica e estrutural sensivel ao uso
do solo e diferentes manejos (Hebb et al., 2017; Kiani et al., 2017). Heeb et al.
(2017) afirmam que o indice S demonstrou-se um indicador robusto e capaz de
avaliar a qualidade de solos de textura fina, encontrando diferencas significativas
em solos sob cultivo anual e pastagens nativas e introduzidas. Reynolds et al.
(2009) afirmam que para solos arenosos, o indice S pode néo ser eficaz. Beutler
et al. (2008), encontraram valores de indice S superior ao limite critico proposto
por Dexter (2004a), quando avaliada a produtividade da soja e milho (0,056 e
0,062, respectivamente). Andrade e Stone (2009) afirmam que para solos
tropicais do Brasil, o limite de S=0,045 foi mais adequado como o valor minimo
de S para caracterizar solos com qualidade estrutural. Sendo este limite,
relacionado aos limites criticos de densidade, macroporosidade, porosidade total
e relacdo entre microporosidade e macroporosidade do solo para adequado

crescimento das plantas (Andrade e Stone, 2009).

2.3. Geoestatistica

A geoestatistica € o ramo da estatistica que estuda variaveis aleatorias
que possuem estrutura de dependéncia espacial. A partir da geoestatistica se
faz a caracterizacdo dos fendmenos naturais a partir de variaveis regionalizadas
(VR’s), considerando assim, a posi¢cdo espacial de cada variavel do estudo
(Matheron, 1962). Os fenbmenos naturais podem assumir dois aspectos
contraditorios: (1) aleatério ou estocastico: as variaveis podem assumir
quaisquer valores no espaco, segundo uma determinada distribuicdo de

probabilidade baseada em dados amostrais; e (2) estruturado ou deterministico:
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as variaveis assumem valores de forma estruturada espacialmente, nao
envolvendo quaisquer interpretacdes probabilisticas (Andriotti, 2003). De acordo
com Landim (2003) e Soares (2006), a partir das técnicas geoestatisticas é
possivel entender as leis que condicionam o comportamento das VR’s, por meio
do estudo de estrutura ou dependéncia espacial.

Conforme Matheron (1963), a geoestatistica € fundamentada na teoria
das VR’s. A variacdo de uma variavel regionalizada (VR) é descrita por uma
funcdo aleatédria (FA), que € composta por um conjunto de varidveis aleatérias
que podem assumir componentes aleatérios ou estruturados (Huijbrets, 1975).
De acordo com Burrough et al. (2015), a variacdo espacial de uma VR é expressa
pela soma de trés componentes: componente estrutural, associada a um valor
médio; componente aleatéria espacialmente estruturado, associada a variagao
da VR; ruido ou erro residual espacialmente ndo correlacionado, associado a
erros de medicdes e inferéncias. Sendo assim, a VR pode ser considerada uma
realizacdo particular da VA em um determinado local do espaco, ou seja,
VR(z(x)) € uma VA que assume diferentes valores da variavel z(x), em funcgédo
da localizacao georreferenciada x no espaco (Journel e Huijbregts,1978)

Para varidveis serem submetidas as técnicas geoestatisticas, duas
hipéteses devem ser atendidas: (1) estacionariedade de 12 ordem, que é
caracterizada como uma variavel aleat6ria que possui esperanca matematica
constante, independentemente de sua origem no espaco e, consequentemente,
possua a mesma meédia para toda regido em estudo (Reichardt e Timm, 2020);
(2) estacionariedade de 22 ordem, que € relacionada a condicdo, se o segundo
momento em relacdo a origem é constante, tem-se entdo que, além da média, a
varidncia é constante, independente da origem no espago ou no tempo
(Matheron, 1963).

De acordo com Oliver e Webster (2014), processo aleatério é

representado conforme a equacéo 5.

Z(uw) = u+ g(u) Equagdo 5

Z(u) € um processo (fungédo) randémico, y € a média do processo,

considerado estacionario, e €(u) € um processo intrinsicamente estacionario com
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média zero. A covariancia C(h) entre duas variaveis aleatorias [Z(u), Z(u + h)],

separadas por uma distancia h, é dada por meio da equacao 6.

C(h) =E[Z(uw),Z(u+ h)] Equacéo 6

Que € equivalente a equacao 7.

C(h) =E[{Zw) —pHZu +h) — w3l = E[ZWZ(u + h) — p?] Equag&o 7

Nas equacdes 5, 6 e 7, h (denominado de lag em inglés) é a distancia de
separacao entre os pares de observacoes de Z(u) e Z(u + h) medidos nos locais
u e u + h e denota a esperan¢ca matematica.

A geoestatistica vem sendo utilizada na ciéncia para caracterizar a
variabilidade espacial de propriedades do solo e para mapear a distribuicdo
espacial de determinadas propriedades por meio da técnica de krigagem
ordinaria (Goovaerts, 1999; Chiba et al., 2010; Zonta et al., 2014; Aquino et al.,
2015; Montanari et al., 2015; Wang e Shi, 2018). A krigagem tem demonstrado
bom desempenho para estimativa em grandes escalas, como é utilizada na
hidrologia e na meteorologia (alsamamra et al. 2009; Cornelissen et al., 2014).
Porém, possui algumas limitagcdes: subestimativa da amplitude dos dados reais
(Delbari et al., 2009); a variancia do erro de estimativa é associada ao arranjo
espacial das amostras e ao modelo do semivariograma e independente dos
valores reais (Yamamoto e Landim, 2013); possui boa preciséo local, porém,
desconsidera 0s momentos estatisticos globais dos valores estimados
(Heuvelink, 2014). A medida indicativa da magnitude do erro de estimacao dos
atributos é denominada incerteza. Para toda estimativa ha uma incerteza
associada, uma vez que, este ndo pode ser determinado com exatidao, pois,
seria necessario o conhecimento do valor real do atributo em cada posicéo
estimada (Isaaks e Srisvastava, 1989). A krigagem ordinaria ndo € capaz de
prever as incertezas associadas as estimativas (Isaaks e Srivastava, 1989). A
incerteza deve ser considerada para que as métricas estatisticas globais sejam
bem caracterizadas (QU et al., 2013). Nesse sentido, a simulacdo geoestatistica
tem demonstrado ser uma excelente ferramenta para a avaliagdo das incertezas

espaciais de uma determinada variavel (Cornelissen et al., 2014; Qu et al., 2014).
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2.3.1. Modelagem variografica

O semivariograma é uma funcgé&o intrinseca que mede as semivariancias
entre pares de amostras separados por uma distancia h (Oliver e Webster, 2014),
reflete a estrutura dos fenbmenos espacializados, e € definida como a variancia
do erro de estimacgéo da variavel desconhecida em (u + h) com auxilio do da
amostra em (u) (Andriotti, 2003). O semivariograma experimental pode ser obtido
utilizando o estimador classico de Matheron, por meio da equacgéo 8 (Matheron,
1963).

n(h)
1
y) = 5o z [#(u + h) = 2] Equagéo 8

Onde, y(h) é o valor da semivariancia experimental em funcéo de h,;

n(h) € o numero de pares de observacfes da variavel Z separados por uma
distancia h; e h é a distancia de separacédo entre os pares de observacdes n(h),
medidosem ue u + h.

Os modelos tedricos esférico, exponencial e gaussiano sdo 0s mais
comuns, podendo ser ajustados aos semivariogramas experimentais (Webster e
Oliver, 2007) e, a partir dos ajustes, os parametros da modelagem variogréafica
sdo obtidos, tais como: alcance (a), patamar (C+co), contribuicdo (C) e efeito
pepita (co). A dependéncia espacial é observada no semivariograma, pois 0s
pontos de semivariancia experimental demonstram um comportamento
crescente a medida que a distancia aumenta até estabilizarem e se tornarem
independentes entre si, com 0s pontos de semivariancia apresentando um
comportamento variando em torno da variancia a priori dos dados. O alcance (a)
representa a distancia na qual as observacdes da variavel passam a nao se
correlacionarem entre si, tornando-se independentes (Yamamoto e Landim,
2013). O valor de semivariancia correspondente ao alcance (a) é o patamar
(C+co). Representa a soma da variancia explicada pela estrutura de correlagcéo

espacial (C) com a variancia ndo explicada, que é representada pelo efeito pepita
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(co) (Reichardt e Timm, 2020). O efeito pepita (co), por sua vez, € a
descontinuidade no gréafico de semivariancia quando a distancia h tende a zero,
e reflete a incerteza associada ao espacamento das amostras no espaco,
representando a variabilidade n&o explicada da variavel de estudo (Yamamoto e
Landim, 2013). A contribuicdo (C) é a variancia explicada pela estrutura de
continuidade espacial e, de acordo com Reichardt e Timm (2020),
numericamente a contribuicdo é a diferenca entre o patamar (C+co) e o efeito
pepita (Co).

De acordo com Oliver e Webster (2014), a modelagem variogréfica é
realizada por meio do ajuste de uma funcéo entre os pontos de semivariancia
experimental, de modo que a curva ajustada represente continuamente o
comportamento dos pontos experimentais de semivariancia e,
consequentemente, o padréo da estrutura de continuidade espacial da variavel
de estudo. Sendo este, um processo supervisionado que depende da
experiéncia do pesquisador e do auxilio de programas computacionais

confiaveis.

2.3.2. Simulacédo geoestatistica

A simulagdo geoestatistica consiste em métodos estocasticos baseados
no desenvolvimento de diversos cenarios equiprovaveis da distribuicdo espacial
da variavel de interesse, também denominados de campos aleatérios
(Goovaerts, 1997). Os campos aleatorios sdo capazes de reproduzir momentos
estatisticos dos valores reais, obtendo assim, uma boa precisédo global da
variavel (reproducdo do histograma e do semivariograma) (Nunes e Almeida,
2010; Beretta et al., 2011). A simulagéo geoestatistica tem sido uma das técnicas
mais utilizadas na analise das incertezas associadas a estimativa da variavel de
interesse (Goovaerts, 2001). Os campos aleatorios equiprovaveis da variavel de
interesse devem cumprir trés condic¢des: reproducéo da funcdo de densidade de
probabilidade acumulada; capacidade de reproducdo do histograma e da
variancia dos dados e reproducao exata dos dados amostrados.

A simulacao geoestatistica é utilizada nas geociéncias, principalmente em

estimativas de depdsitos minerais (Marques e Costa, 2014; Takafuji et al., 2017;
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Narciso et al., 2019; Oliveira et al., 2019; Drumond et al., 2020). Na ciéncia do
solo, Goovaerts (2001) foi um dos percussores em aplicar métodos
geoestatisticos em propriedades do solo. Goovaerts (2001) apresentou em seu
estudo a aplicagdo de técnicas geoestatisticas, incluindo a simulagéo sequencial
gaussiana e a simulagcéo sequencial de indicadores na avaliagdo de incertezas
espaciais, bem como a comparacdo da krigagem com a simulacdo como
métodos de previsdo da distribuicdo espacial de propriedades do solo. A
modelagem da incerteza € importante quando um atributo ndo possui uma média
linear no espago, causando assim, incertezas na sua estimativa (Goovaerts,
2001). Além desse, existem diversas publicacGes relacionadas a simulacéo
geoestatistica para atributos fisico-hidricos e quimicos do solo (He et al., 2010;
Poggio et al., 2010; Silva Juanior et al., 2012; Oliveira et al., 2014a; Silva et al.,
2015; Siqueira et al., 2019). Delbari et al. (2009), utilizaram a simulag&o
sequencial gaussiana para avaliar as incertezas espaciais do contetdo de agua
no solo, na Austria. Castriganano e Buttafuoco (2004) no sul da Italia avaliaram
por meio da simulacéo estocastica condicional, a probabilidade de ocorréncia do
contetdo de agua no solo atingir o limite critico que causa o estresse hidrico
para os solos. Hu et al. (2007), geraram campos aleatdrios da condutividade
hidraulica do solo saturado e da drenagem de agua no solo, por meio de
simulacdo condicional, na China. Poggio et al. (2010), avaliaram as incertezas
espaciais da capacidade de agua disponivel no solo, na Escécia, por meio da
simulacdo sequencial gaussiana. Emadi et al. (2015), também fizeram uso da
simulacédo condicional para avaliar regimes de temperatura e o conteudo de agua
de solos da provincia de Mazandaran, regido norte do Ira.

Os estudos relacionados a quantificacéo das incertezas sobre os valores
desconhecidos de indicadores de qualidade fisica do solo ainda sdo escassos.
Dentre os métodos de simulacdo geoestatistica, destacam-se a simulagéo

sequencial gaussiana e a simulacéo sequencial de indicadores.

2.3.2.1. Simulagédo sequencial gaussiana

A simulacdo sequencial gaussiana (SSG) é um meétodo estocastico

condicional que reproduz campos aleatorios capazes de reproduzir 0 mesmo
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grau de variabilidade existente na variavel regionalizada, propiciando assim, a
analise das incertezas da distribuicdo espacial da variavel. Goovaerts (1997)
denomina como SSG, o procedimento de simulacdo sequencial para funcdes
aleatdrias multigaussianas. Na SSG, a forma da distribuicdo das incertezas
espaciais de uma variavel é gerada a partir da média e do desvio padrdo da
krigagem (Srivastava, 2013). A SSG aplicada neste estudo foi realizada de
acordo com os procedimentos descritos em Deustsch e Journel (1998) que
permite quantificar a incerteza associada a variabilidade dos atributos a partir de
diversos campos aleatérios simulados, obtendo um cenario pessimista e um

cenario otimista.



35

3. Projeto de pesquisa: Simulagdo geoestatistica na avaliagcéo da

gualidade fisica e estrutural de solos subtropicais

Resumo

A qualidade fisica do solo (QFS) esta relacionada com o seu estado de
conservacao e degradacao. Dentre os indicadores da QFS, destacam-se pincipalmente
os atributos do solo, como a macroporosidade, densidade do solo e o indice S. O indice
S é sensivel aos diferentes usos do solo e praticas de manejo adotadas, identificando
mudancas estruturais em relacdo ao estado original do solo, sendo um bom indicador
da QFS, quando s&o consideradas as incertezas espaciais por meio da simulagdo
geoestatistica. Apresenta faixas de valores de referéncia relacionados com a QFS.
Essas faixas ndo se adequam a diversas condi¢fes edafoclimaticas, inclusive na area
da microbacia hidrografica Santa Rita, Pelotas, RS (BHSR). Diante do exposto, 0
objetivo geral deste estudo sera avaliar a Influéncia da escala de amostragem na
estrutura de dependéncia espacial e andlises de incertezas dos da macroporosidade e
densidade do solo; identificar as zonas de vulnerabilidade da qualidade fisica do solo
considerando as incertezas espaciais dos atributos do solo; bem como definir valores
limitantes de indice S e densidade do solo para os solos da BHSR, utilizando técnicas
de simulacao geoestatistica. A simulacdo geoestatistica foi eficiente na caracterizacao
espacial dos atributos do solo e a escala de estudo significativamente o resultado final.
A metodologia proposta identificou que o valor limitante de indice S = 0,02 ndo se
adequa as condicdes da BHSR. A simulacdo geoestatistica foi capaz de auxiliar na
identificacdo dos valores limitantes de densidade do solo e indice S para os solos da
BHSR. Os indices de vulnerabilidade fisica do solo desenvolvidos por meio das técnicas
geoestatisticas e estatisticas aplicadas identificaram as zonas mais criticas do solo,
considerando o0s cenarios criticos dos atributos utilizados no desenvolvimento,
demonstrando-se uma excelente ferramenta para dar suporte as tomadas de decisfes

guanto ao manejo e conservagao da qualidade fisica do solo.

Palavras-chave: Incertezas espaciais; variabilidade espacial; indice s; vulnerabilidade

fisica do solo; bacia hidrografica.
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3.1. Introducéao

O conhecimento da qualidade dos solos € de grande importancia para o
desenvolvimento socioambiental e conservacao de ecossistemas (Demarchi e
Zimback, 2014). Os processos fisicos, quimicos e biolégicos que ocorrem no solo
estdo relacionados e, sendo assim, a qualidade fisica do solo (QFS) afeta os
processos quimicos e bioldgicos, desempenhando um papel fundamental na
qualidade do solo (Dexter, 2004a; Walia e Dick, 2018). A QFS é designada como
a capacidade do solo em atender as demandas de plantas e ecossistemas, bem
como a capacidade do mesmo de resistir e se recuperar quando exposto a
processos pelos quais tal capacidade seja reduzida (Mckenzie et al., 2014).

O crescente aumento populacional tem demandado um aumento na
producéo de alimentos e, consequentemente, a elevacao do uso e ocupacao de
areas agricultaveis que nem sempre possuem praticas adequadas de manejo do
solo, causando assim, fenbmenos como eroséo, degradacdo da agua e do solo
e assoreamento de rios (Tavares et al., 2022), acarretando muitas vezes na
diminuicdo da QFS (Cherubin et al., 2016). Dentre os processos que diminuem
o funcionamento e a capacidade ambiental do solo, destaca-se a compactacéo
do solo, a qual € um dos principais indicadores da degradacéo fisica e diminuicdo
da QFS (Vizioli et al., 2021).

Solos com baixa QFS podem apresentar baixa infiltracdo de agua, alto
escoamento superficial, endurecimento, baixa aeracdo e baixa capacidade de
enraizamento (Dexter, 2004a). Em contrapartida, um solo com boa qualidade
fisica possui boa estrutura, propiciando o bom desenvolvimento e crescimento
das culturas, crescimento das raizes, resistindo a erosdo e compactacao,
possuindo propor¢cBes ideais de agua no solo, maximizando assim, o
desempenhado da capacidade produtiva e reduzindo a degradacao ambiental
(Reynolds et al., 2007).

Atributos fisico-hidricos dos solos tém sido utilizados para avaliar as
mudancas estruturais do solo (Honda et al. 2011; Aschonitis et al. 2012; Laudone
et al. 2013; Dippenaar, 2014) e qualidade fisica estrutural do solo (Freitas et al.,
2004; Valani et al., 2020), e possuem um papel importante na tomada de

decisbes em escala de bacias hidrogréaficas (Beskow et al., 2016).
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A avaliagdo da QFS tem se baseado no uso de indicadores, que
simplificam e fornecem informacfes para tornar um fenémeno perceptivel e
compreensivel para serem utilizadas em tomadas de decisfes (Van der werf e
Petit, 2002; Moebius-Clune et al., 2011; Toledo et al., 2013; Julieta et al., 2016).
Tem sido intenso o esfor¢co da pesquisa na busca de indicadores ou valores de
referéncia para analisar a qualidade fisica do solo para fins agricolas (Assis
Janior et al., 2016; Bliinemann et al., 2018).

A curva de retencdo de 4gua no solo (CRAS) tem sido uma ferramenta
importante para avaliar a qualidade fisica do solo, auxiliando o produtor no
manejo de irrigacdo (De Mello e Pedrollo, 2015). Dentre as importantes
informacdes que podem ser obtidas a partir da CRAS, destaca-se o indice S
(Dexter, 2004a), o qual se destaca por ser sensivel as mudancgas estruturais do
solo referentes as préaticas de manejo (Rossetti e Centurion, 2018).

As bacias hidrogréaficas, importantes unidades de gestdo, tém sido foco
de importantes estudos relacionados aos recursos hidricos e manejo do solo
(Beskow et al., 2016; Soares et al., 2020; Dos Santos et al., 2021) que visam o
planejamento e gestao dos recursos naturais (Souza et al., 2021). Em escala de
bacia hidrografica, pode ocorrer a presenca de diversas classes, usos e
ocupacdes dos solos. Essa grande variedade de classes, usos e ocupacdes dos
solos podem gerar variabilidade na qualidade fisica do solo. Conhecer a
dindmica das mudancas da qualidade fisica do solo por meio indices e interacbes
entre os atributos é extremamente importante para a escolha adequada de
praticas de manejo em areas agricolas (Alencar et al., 2015).

Estudos tém sido desenvolvidos avaliando a qualidade fisica dos solos a
partir do indice S e atributos do solo (Lima et al., 2014; Hebb et al., 2017; Kiani
et al., 2017; Timm et al.,, 2020) e analisando as incertezas espaciais de
propriedades do solo em escala de propriedade rural e/ou bacia hidrografica (He
et al., 2010; Poggio et al., 2010; Silva Junior et al., 2012; Oliveira et al., 2014a;
Silva et al., 2015; Siqueira et al., 2019). Entretanto, ainda s&o escassos 0S
estudos relacionados a analise das incertezas espaciais dos atributos do solo e
do indice S em escala de bacia hidrografica no Brasil. Além disso, as faixas de
limites de qualidade fisica a partir do indice S, proposto por Dexter (2004a) ndo
tém tido resultados adequados em condi¢cdes edafoclimaticas diversas. Sendo

assim, € importante a utilizacdo de indices que consigam ser representativos
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para as condi¢des edafoclimaticas do sul do Brasil, com o intuito de dar suporte
ao monitoramento da qualidade estrutural do solo, propiciando identificar o uso
inadequado do solo de técnicas de manejo e monitorar a degradacao fisica do
solo (Guimarées et al., 2017). Adicionalmente, pode ajudar na compreensao dos
agricultores acerca de uma agricultura conservacionista (Telles et al., 2022).

A microbacia hidrografica Santa Rita (BHSR) localiza-se no sul do Rio
Grande do Sul, no municipio de Pelotas, sendo uma unidade de planejamento
fundamental socioeconomicamente para a regido, pois colabora com a
alimentacao dos corpos hidricos para o abastecimento de 4gua para a populacdo
de Pelotas. Além disso, a SBHSR possui uma grande variedade de classes de
solos e variados usos do solo, dentre eles destaca-se a atividade leiteira e a
agricultura familiar. Desse modo, identificar as zonas de vulnerabilidade fisica do
solo considerando a analise de incertezas dos atributos fisicos do solo e do
indice S, bem como desenvolver um indice de vulnerabilidade fisica que integre
as variaveis do solo, por meio de técnicas geoestatisticas serd& um estudo
estratégico e de grande relevancia para o desenvolvimento socioeconémico da
regido, propiciando aos gestores e produtores ferramentas que subsidiem as
tomadas de decisGes quanto as praticas mais adequadas de uso e manejo do

solo e da agua, visando a sustentabilidade ambiental.
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3.2. Revisao de literatura

3.2.1. Qualidade fisica do solo

O aumento de produtividade tem resultado no aumento da degradacao
fisica do solo, sendo necessérias estratégias de gestdo que mantenham a
qualidade deste recurso (Shahab et al., 2013). De acordo com Doran e Parkin
(1994), a qualidade do solo pode ser interpretada como a capacidade do mesmo
em manter as funcionalidades dentro dos limites naturais do ecossistema,
sustentando a produtividade vegetal e animal, mantendo e/ou melhorando a
qualidade da agua e do ar, apoiando a habitacdo humana e a saude dos seres
Vivos. Zornoza et al. (2015) afirmam que devido a complexidade, a qualidade de
um solo deve ser interpretada a partir de propriedades indicadoras de sua
qualidade. Uma agricultura mais sustentavel pode ser atingida a partir do
monitoramento das propriedades indicadoras de qualidade dos solos em seus
diferentes usos e sistemas de manejo empregados (Cherubin et al., 2015).

Avaliar a qualidade do solo tem sido um grande desafio para cientistas.
Metodologias tém sido desenvolvidas para dar suporte aos produtores e
pesquisadores no entendimento de processos do solo e manejo do mesmo,
promovendo sustentabilidade (Binemann et al., 2018). De acordo com Dexter
(2004a), as propriedades do solo desempenham um importante papel na
qualidade, visto que exercem influéncia sobre 0s seus processos quimicos e
bioldgicos.

De acordo com Silva et al. (2010), a qualidade fisica do solo esta
relacionada com o seu estado de conservacéo e degradacao. A baixa qualidade
fisica esta associada com solos que apresentam baixa infiltracdo de agua, alto
escoamento superficial, baixa aeragédo, pouca capacidade de enraizamento e
trabalhabilidade pobre (Dexter, 2004a). De acordo com Reynolds et al. (2007),
um solo que desempenha fungcbes agricolas, permitindo um bom
desenvolvimento das culturas e minima degradacdo ambiental, possui boa
estrutura. Shahab et al. (2013) afirmam que as propriedades indicadoras de
qualidade fisica séo as relacionadas com a agregacao do solo, estrutura do solo

e movimento da agua no solo. Stefanoski et al. (2013) citam algumas das
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propriedades mais utilizadas como indicadoras da qualidade fisica, tais como:
densidade do solo, porosidade, retencdo de agua no solo e indice S.

Para uma melhor avaliacdo da qualidade fisica do solo, se faz necesséario
que o indicador seja sensivel aos diferentes usos do solo e préaticas de manejo
adotadas, permitindo assim, a identificacdo das mudancas estruturais do solo
em relacdo ao seu estado original (Dexter, 2004a). Isto porque os efeitos dos
diferentes usos e manejos séo particulares das condicfes edafoclimaticas do
local (Teferi et al., 2016). Além disso, é necessario que haja uma comparacao
entre o valor medido com intervalos de referéncia (reynolds et al., 2009).

3.2.2. Curva de retencdo de agua no solo

A curva de retencao de agua no solo (CRAS) expressa a relacdo entre o
teor de agua volumétrica no solo e o logaritmo da energia potencial matricial com
gue a agua esta retida nos poros do solo e/ou adsorvida nas particulas minerais
(Silva et al., 2010; Jong Van Lier, 2020). A CRAS € uma funcé&o do solo, ou seja,
ela é especifica de cada solo, pois é reflexo das relagdes de diversos atributos,
como por exemplo, teor de argila, teor de matéria organica, densidade do solo,
entre outros (Freitas et al., 2004), e esta diretamente relacionada com a
capacidade de armazenamento de agua no solo para o desenvolvimento das
plantas (Dalmago et al., 2009).

A CRAS é considerada um importante indicador da qualidade fisica
estrutural do solo, visto que a partir dela podem ser obtidas importantes
informacdes, tais como: porosidade total, macroporosidade, microporosidade,
capacidade de campo (CC), ponto de murcha permanente (PMP), capacidade
de agua disponivel (CAD) e indice S (Dexter, 2004a; Filgueiras et al., 2016;
Reichardt e Timm, 2020).

3.2.3. Modelo de Van Genuchten (1980)

Modelos matematicos foram desenvolvidos para caracterizar a forma com

gue a agua esta retida em um determinado solo e assim estabelecer a CRAS.
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Dentre os modelos desenvolvidos, destaca-se o modelo de Van Genuchten
(1980) (Equacéo 1), que, segundo Van Lier (2020), € um dos modelos mais

utilizados para descrever as propriedades hidraulicas.

0s — Or (1)
[1+ (a|Pm[)*]™

8(¥Ym) = Or +

Onde: 6(Wm) € a umidade volumétrica do solo determinada no potencial
Ym ; Bs e Or representam a umidade volumétrica na saturacdo (porosidade total)
e residual (ponto de murcha permanente); ¥m € o potencial total de agua no solo
(kPa); @, n e m: sdo parametros empiricos da equacédo e sao obtidos por ajuste
matematico. E conveniente utilizar a restricdo de Mualem (1976), onde m = 1-(1/

n) e n>1.
3.2.4. indice S

O indice S foi proposto por Dexter (2004a) e seu valor representa o valor
da inclinagéo da reta no ponto de inflexdo da CRAS ajustada pelo modelo de
Van Genutchen (1980). De acordo com Dexter (2004a), o S representa a
porosidade microestrutural do solo, ou seja, 0s poros estruturais que
compreendem as microfendas, fendas, bioporos e macroestruturas. Sendo
assim, um indicador de qualidade fisica do solo.

Dexter e Bird (2001) demonstraram que o médulo do potencial de agua
no ponto de inflexdo quando é plotado como logaritmo natural do potencial
matrico (In(¥;)) em relagcdo ao contetdo de dgua no solo (0) é expressado pela
Equacdo 2. Substituindo o potencial matrico da equacdo de Van Genuchten
(1980) (Equacao 1) pela Equagéo 2, resulta no conteudo de agua no solo no
ponto de inflexdo, expresso pela Equacéo 3. A inclinacdo da curva de retencao

de &gua no ponto de inflexdo € expressada pela Equacao 4.

=2 ()
1\ " (3)

Bgi = (6gs — bgr) (1 + E) + Ogr

Yn (2)
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1 —-(14+m) (4)
S = —n(6gs — Bgr) (1 + E)

Onde: ¥,,,; € o potencial matrico no ponto de inflexdo da CRAS; 6gi € o
contetdo gravimétrico de agua no ponto de inflexdo; S € o indice S; 6gs é o
contetdo gravimétrico de dgua na saturacao; 6gr é o conteudo gravimétrico de
agua residual; a, m e n sdo parametros empiricos da equacao e sao obtidos por
ajuste matematico. Dexter (2004a) e Dexter e Czyz (2007) definiram faixas de
limites e qualidade fisica (estrutural) do solo a partir do indice S. S = 0,050 indica
que a qualidade fisica é considerada muito boa, enquanto 0,035 < S < 0,050 é
considerada boa qualidade fisica, 0,020 < S < 0,035 é considerada de qualidade
fisica pobre e S < 0,020 é considerada a qualidade fisica muito pobre ou
degradada.

A porosidade e os tamanhos de poros influenciam a curva de retencéo de
agua no solo, modificando graficamente o seu formato. Dessa forma, a inclinagéo
no ponto de inflexdo da curva pode refletir alguns aspectos referentes a
qualidade fisica do solo, tais como, compactacéao, infiltracdo de agua no solo e
estabilidade de agregados (Narjary e Aggarwal, 2014). Conforme Dexter
(2004a), a Figura 1A demonstra o exemplo de uma CRAS e o ponto de inflexao
na reta tangente. O valor de S diminui consequentemente com o aumento da
densidade do solo (Dexter, 2004a), conforme demonstra a Figura 1B referente a
duas CRAS de um solo franco-arenoso com diferentes densidades, com angulos
de inclinagdo da reta tangente, sendo wd a menor inclinagdo, para o solo
degradado e wn a maior inclinacdo, para o solo ndo degradado. A degradacéo
fisica do solo ocorre quando o solo é compactado, o que reduz a inclinacao da

curva de retencdo no ponto de inflexdo (Dexter, 2004a).
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Figura 1. (A) Exemplo de uma curva de retencao de agua no solo mostrando o ponto de inflexao
e a inclinagcdo w, da reta tangente a curva de retencao de agua no solo no ponto de inflexdo. (B)
Curvas de retencao de dgua do mesmo solo franco-argiloso com densidades diferentes, sendo

um solo degradado e outro ndo degradado. Fonte: Dexter (2004a).
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Matematicamente, o indice S representa o valor da inclinacdo da reta
tangente no ponto de inflexao da CRAS, tracada a partir da umidade gravimétrica
e do logaritmo natural do potencial matricial de 4gua no solo. Fisicamente, 0
indice S estd associado a estrutura do solo, pois reflete efeitos da estrutura e
textura do solo na CRAS (Assis Junior et al., 2016). De acordo com Dexter
(2004a), na maioria dos solos, os valores mais elevados de S indicam uma
microestrutura melhor definida. Portanto, o indice S esta relacionado diretamente
com a porosidade microestrutural, que por sua vez governa importantes
propriedades fisicas do solo que sdo necessarias para um bom funcionamento
agricola e ambiental do solo. O indice S possui correlagdes matematicas diretas
com a densidade do solo (Tormena et al., 2008; Cavalieri et al., 2009; Caviglione,
2018) e com a macroporosidade (Andrade e Stone, 2009; Caviglione, 2018).

Embora o indice S tenha sido adequado para avaliar a qualidade fisica do

solo a partir de condi¢Bes estruturais em diversos estudos (Lima et al., 2014,
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Timm et al., 2020), alguns autores defendem que o valor limitante defino por
Dexter e Czyz (2007) (S=0,035) néo se adequa a diversas condi¢des de contorno
descritas na literatura (Jong Van Lier, 2014, Assis Junior et al., 2016, Armindo e
Wendroth, 2016). Moncada et al. (2015) afirmam que se a curva de retencéo de
agua no solo é conhecida, pode néo ser interessante avaliar a qualidade fisica e
estrutural dos solos com base em um Unico ponto da curva. Sendo necessaria
uma reavaliacéo dos limites ideais do indice S para regides tropicais (Andrade e
Stone, 2009; Oliveira et al., 2014Db).

O indice S pode sofrer efeito da textura do solo. A Figura 2 proposta por
Dexter (2004a), demonstra um diagrama ternario de contorno de valores

constantes de S para solos de diferentes texturas.

Figura 2. Diagrama ternario mostrando contornos de valores constantes de S para solos de
textura diferente. A drea A é onde S > 0,04, a 4rea B é onde 0,03 < S <0,04 e a &rea C é onde S
< 0,03. Fonte: Dexter (2004a).
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O indice S é um indicador de qualidade fisica e estrutural sensivel ao uso
do solo e diferentes manejos do solo (Hebb et al., 2017; Kiani et al., 2017). Heeb
et al. (2017) afirmam que o indice S demonstrou-se um indicador robusto e capaz

de avaliar a qualidade de solos de textura fina, encontrando diferencas
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significativas em solos sob cultivo anual e pastagens nativas e introduzidas. No
entanto, Reynolds et al. (2009) afirmam que para solos arenosos, o indice S pode
nao ser eficaz. Beutler et al. (2008), encontraram valores de indice S superior ao
limite critico proposto por Dexter (2004), quando estudada a produtividade da
soja e milho (0,056 e 0,062, respectivamente). Andrade e Stone (2009) afirmam
gue para solos tropicais do Brasil o limite de S=0,045 foi mais adequado como o
valor minimo de S para caracterizar solos com qualidade estrutural. Sendo este
limite, relacionado aos limites criticos de densidade do solo, macroporosidade,
porosidade total e relagdo entre microporosidade e macroporosidade para

adequado crescimento das plantas (Andrade e Stone, 2009).

3.2.5. Geoestatistica

A geoestatistica € o ramo da estatistica que estuda as variaveis aleatorias
que possuem estrutura de dependéncia espacial. Portanto, a partir da
geoestatistica se faz a caracterizacdo dos fenbmenos naturais a partir de
variaveis regionalizadas, considerando assim, a posicdo espacial de cada
variavel do estudo (Matheron, 1962). Os fenbmenos naturais podem assumir
dois aspectos contraditorios: (1) aleatdrio ou estocastico, quando as variaveis
podem assumir quaisquer valores no espac¢o, segundo uma determinada
distribuicdo de probabilidade baseada em dados amostrais; e (2) estruturado ou
deterministico, quando, as variaveis assumem valores de forma estruturada
espacialmente, ndo envolvendo quaisquer interpretacBes probabilisticas
(Andriotti, 2003). De acordo com Landim (2003) e Soares (2006), a partir das
técnicas geoestatisticas € possivel entender as leis que condicionam o
comportamento das variaveis regionalizadas, por meio do estudo de estrutura ou
dependéncia espacial.

Conforme Matheron (1963), a geoestatistica € fundamentada na teoria
das variaveis regionalizadas (VR’s). A variagdo de uma VR é descrita por uma
funcéo aleatdria (FA), que € composta por um conjunto de variaveis aleatorias
gue podem assumir componentes aleatérios ou estruturados (HUIJBRETS,
1975). De acordo com Burrough et al. (2015), a variacdo espacial de uma VR &

expressa pela soma de trés componentes: (1) componente estrutural, associada
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a um valor médio; (2) componente aleatéria espacialmente estruturado,
associada a variacdo da VR; (3) ruido ou erro residual espacialmente nao
correlacionado, associado a erros de medicdes e inferéncias. Sendo assim, a VR
pode ser considerada uma realizacao particular da VA em um determinado local
do espaco, ou seja, VR(z(x)) € uma VA que assume diferentes valores da
variavel z(x), em funcao da localizacdo georreferenciada x no espaco (Journel e
Huijbregts,1978)

Para variaveis serem submetida as técnicas geoestatisticas, duas
hipoteses devem ser atendidas: (1) estacionariedade de 12 ordem, que é
caracterizada como uma variavel aleatdria que possui esperanca matematica
constante, independentemente de sua origem no espaco e, consequentemente,
possua a mesma media para toda regido em estudo (Reichardt e Timm, 2020);
(2) estacionariedade de 22 ordem, que é relacionada a condic¢do, se o segundo
momento em relacdo a origem € constante, tem-se entdo que, além da média, a
variancia é constante, independente da origem no espaco ou no tempo
(Matheron, 1963).

De acordo com Oliver e Webster (2014), processo aleatério é

representado conforme a Equagéo 5.

Z(uw) = u+ g(u) (5)
Z(u) € um processo (fungédo) randémico, y € a média do processo,
considerado estacionario, e €(u) € um processo intrinsicamente estacionario com

média zero. A covariancia C(h) entre duas variaveis aleatérias [Z(u), Z(u + h)],

separadas por uma distancia h, é dada por meio da Equacéo 6.

C(h) =E[Z(w),Z(u+ h)] (6)

Que é equivalente a Equacéo 7.

C() =E{Zw) —pHZu+h) — w}] = E[ZWZ(u + h) — p?] (7)
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Nas Equacdes 5, 6 e 7, h (denominado de lag em inglés) é a distancia de
separacao entre os pares de observacoes de Z(u) e Z(u + h) medidos nos locais
u e u + h. E denota a esperan¢ca matematica.

A geoestatistica vem sendo cada vez mais utilizada na ciéncia do solo
para caracterizar a variabilidade espacial de propriedades do solo e para mapear
a distribuicdo espacial de determinadas propriedades por meio da técnica de
krigagem ordinéria (Goovaerts, 1999; Chiba et al.,, 2010; Zonta et al., 2014;
Aquino et al., 2015; Montanari et al., 2015; Wang e Shi, 2017). A krigagem tem
demonstrado bom desempenho para estimativa em grandes escalas, como €&
utilizada na hidrologia e na meteorologia (Alsamamra et al. 2009; Cornelissen et
al., 2014). Porém, a krigagem possui algumas limitacdes: (1) subestimativa da
amplitude dos dados reais (Delbari et al., 2009); (2) a variancia do erro de
estimativa € associada ao arranjo espacial das amostras e ao modelo do
semivariograma e independente dos valores reais (Yamamoto E Landim, 2013);
(3) possui boa precisédo local, porém, desconsidera 0s momentos estatisticos
globais dos valores estimados (Heuvelink, 2014). Na geoestatistica, a medida
indicativa da magnitude do erro de estimacdo dos atributos € denominada
incerteza. Para toda estimativa h4 uma incerteza associada, uma vez que este
ndo pode ser determinado com exatiddo, pois, para isso, seria hecessario o
conhecimento do valor real do atributo em cada posicdo estimada (Isaaks e
Srisvastava, 1989). A krigagem ordinaria ndo € capaz de prever as incertezas
associadas as estimativas (Isaaks e Srivastava, 1989). A incerteza deve ser
considerada para que as métricas estatisticas globais sejam bem caracterizadas
(QU et al., 2013). Nesse sentido, a simulacdo geoestatistica tem demonstrado
ser uma excelente ferramenta para a avaliacdo das incertezas espaciais de uma

determinada variavel (Cornelissen et al., 2014; Qu et al., 2014).

3.2.5.1. Modelagem Variogréfica

O semivariograma € uma funcao intrinseca que mede as semivariancias
entre pares de amostras separados por uma distancia h (Oliver e Webster, 2014),
reflete a estrutura dos fenémenos espacializados, e € definida como a variancia

do erro de estimacdo da variavel desconhecida em (u + h) com auxilio do da
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amostra em (u) (Andriotti, 2003). O semivariograma experimental pode ser obtido
utilizando o estimador classico de Matheron, por meio da Equacéo 8 (Matheron,
1963).

G ®)
y(h) =505 Z [2(u + ) = 2@)]?

Onde, y(h) é o valor da semivariancia experimental em funcéo de h,; n(h)
€ 0 numero de pares de observacdes da variavel Z separados por uma distancia
h; e h € a distancia de separacao entre os pares de observacdes n(h), medidos
em u e u+ h. Os modelos tedricos esférico, exponencial e gaussiano sdo 0s
mais comuns, podendo ser ajustados aos semivariogramas experimentais, na
maioria dos casos (WEBSTER e OLIVER, 2007) e, a partir dos ajustes, o0s
parametros da modelagem variografica sdo obtidos, tais como: alcance (a),
patamar (C+co), contribuicéo (C) e efeito pepita (co).

A Figura 3 representa o modelo teodrico ajustado ao semivariograma
experimental e os parametros obtidos no ajuste (Reichardt e Timm, 2020). A
dependéncia espacial € observada no semivariograma, pois 0s pontos de
semivariancia experimental demonstram um comportamento crescente a medida
que a distancia aumenta até estabilizarem e se tornarem independentes entre si,
com 0s pontos de semivariancia apresentando um comportamento variando em
torno da variancia a priori dos dados. O alcance (a) representa a distancia na
qual as observacdes da variavel passam a ndo se correlacionarem entre si,
tornando-se independentes (Yamamoto e Landim, 2013). O valor de
semivariancia correspondente ao alcance (a) é o patamar (C+co). E representa
a soma da variancia explicada pela estrutura de correlacdo espacial (C) com a
variancia ndo explicada, que é representada pelo efeito pepita (co) (Reichardt e
Timm, 2020). O efeito pepita (co), por sua vez, € a descontinuidade no grafico de
semivariancia quando a distancia h tende a zero, e reflete a incerteza associada
ao espagamento das amostras no espaco, representando a variabilidade nao
explicada da variavel de estudo (Yamamoto e Landim, 2013). A contribui¢cdo (C)

€ a variancia explicada pela estrutura de continuidade espacial e de acordo com



49

Reichardt e Timm (2020), numericamente a contribuicdo é a diferenca entre o

patamar (C+co) e o efeito pepita (o).

Figura 3. Esquema de semivariograma experimental e tedrico e os parametros que o descrevem.
Fonte: adaptado de Soares (2018).
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De acordo com Oliver e Webster (2014), a modelagem variogréfica é
realizada por meio do ajuste de uma fungéo entre os pontos de semivariancia
experimental, de modo que a curva ajustada represente continuamente o
comportamento  dos pontos experimentais de semivariancia e,
consequentemente, o padréo da estrutura de continuidade espacial da variavel
de estudo em um determinado local. Sendo este, um processo supervisionado
que depende da experiéncia do pesquisador e do auxilio de programas

computacionais confiaveis.

3.2.5.2. Simulac¢do geoestatistica

A simulagdo geoestatistica consiste em métodos estocasticos baseados

no desenvolvimento de diversos cenarios equiprovaveis da distribuicdo espacial

da variavel de interesse, também denominados de campos aleatérios
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(Goovaerts, 1997). Os campos aleatérios sdo capazes de reproduzir momentos
estatisticos dos valores reais, obtendo assim, uma boa precisdo global da
variavel (reproducdo do histograma e do semivariograma) (Nunes e Almeida,
2010; Beretta et al., 2011). Além disso, a simulacao geoestatistica tem sido uma
das técnicas mais utilizadas na andlise das incertezas associadas a estimativa
da variavel de interesse (Goovaerts, 2001). Os campos aleatdrios equiprovaveis
da variavel de interesse devem cumprir trés condicdes: (1) reproducédo da funcao
de densidade de probabilidade acumulada; (2) capacidade de reproducéo do
histograma e da variancia dos dados; (3) reproducdo exata dos dados
amostrados.

A simulacdo geoestatistica € popularmente utilizada nas geociéncias,
principalmente em estimativas de depdésitos minerais (Marques e Costa, 2014;
Takafuji et al., 2017; Narciso et al., 2019; Oliveira et al., 2019; Drummond et al.,
2020). Na ciéncia do solo, Goovaerts (2001) foi um dos percussores em aplicar
meétodos geoestatisticos em propriedades do solo. Goovaerts (2001) apresentou
em seu estudo a aplicacdo de técnicas geoestatisticas, incluindo a simulacéo
sequencial gaussiana e a simulacédo sequencial de indicadores na avaliacao de
incertezas espaciais, bem como a comparacdo da krigagem com a simulacao
como métodos de previsdo da distribuicdo espacial de propriedades do solo. A
modelagem da incerteza € importante quando um atributo ndo possui uma média
linear no espaco, causando assim, grandes incertezas na sua estimativa
(Goovaerts, 2001). Além desse, existem diversas publicacfes relacionadas a
simulacdo geoestatistica para atributos fisico-hidricos e quimicos do solo (He et
al., 2010; Poggio et al., 2010; Silva Junior et al., 2012; Oliveira et al., 2014a; Silva
et al., 2015; Siqueira et al., 2019). Delbari et al. (2009), utilizaram a simulacéo
sequencial gaussiana para avaliar as incertezas espaciais do conteudo de agua
no solo, na baixa Austria. Castriganano e Buttafuoco (2004) avaliaram por meio
da simulac&o estocastica condicional, a probabilidade de ocorréncia do contetudo
de agua no solo atingir o limite critico que causa o estresse hidrico para os solos,
no sul da Italia. Hu et al. (2007), geraram campos aleatorios da condutividade
hidraulica do solo saturado e da drenagem de agua no solo, por meio de
simulacdo condicional, na China. Poggio et al. (2010), avaliaram as incertezas
espaciais da capacidade de agua disponivel no solo, na Escocia, por meio da

simulagéo sequencial gaussiana. Emadi et al. (2015), também fizeram uso da
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simulag&o condicional para avaliar regimes de temperatura e o contetdo de 4gua
de solos da provincia de Mazandaran, regido norte do Ira.

No entanto, ainda sdo escassos 0s estudos relacionados a quantificacédo
das incertezas sobre os valores desconhecidos de indicadores de qualidade
fisica do solo. Dentre os métodos de simulacdo geoestatistica, destacam-se a

simulacdo sequencial gaussiana e a simulagcédo sequencial de indicadores.

3.2.5.2.1. Simulac¢éo sequencial gaussiana

A simulacdo sequencial gaussiana (SSG) é um método estocastico
condicional que reproduz campos aleatdrios capazes de reproduzir 0 mesmo
grau de variabilidade existente na variavel regionalizada de estudo, propiciando
assim, a analise das incertezas da distribuicdo espacial da variavel. Goovaerts
(1997) denomina como SSG, o procedimento de simulacdo sequencial para
funcBes aleatdrias multigaussianas. Na SSG, a forma da distribuicdo das
incertezas espaciais de uma variavel é gerada a partir da média e do desvio
padrao da krigagem (Srivastava, 2013).

De acordo com Deustsch e Journel (1998), na simulagdo geoestatistica,
em cada pixel do grid sera extraido aleatoriamente, a partir da média e da
variancia da krigagem, um valor da varidvel utilizando a distribuicdo de
probabilidade acumulada condicionada ao respectivo ponto. Sendo assim, é
necessario que em cada n6 do grid se obtenha as sucessivas func¢des de

distribuicdo acumulada condicional (ccdfs), seguindo a Equagao (9).

F(u; zI(n)) = Prob(Z(u) < zl(n)!)
9)

Onde, u € a localizacdo da variavel Z(u), z € um valor de corte da ccdf e
n sao as informagdes condicionantes para construir a ccdf dos valores
simulados.

Dessa maneira, a partir da amostragem aleatéria das ccdfs em todos os
nés do grid (Equacédo 10), inameros campos aleatorios da distribuicdo espacial

da variavel de interesse podem ser gerados concomitantemente.
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F(uq, Uy, ooy Up; Zq, ey 2yl (M) = Prob(Z(uy) < g, ..., Z(uy) <

zyl(n)) (10)

Onde, N € o numero de nés no grid e u’i € a localizacao da variavel onde
ndo ha dados observados.

Para a realizacdo da SSG € necessario que a modelagem variogréafica da
varidvel de interesse ja4 tenha sido realizada (Equacdo 8). Apds, conforme
Goovaerts (1997), por meio da SSG, um modelo de blocos deve ser gerado para
a variavel e para a area de estudo. Para a realizacdo da SSG, os seguintes
procedimentos devem ser adotados (Yamamoto e Landim, 2013):

1. O conjunto de dados da variavel deve apresentar distribuicdo normal
gaussiana. Para isso, deve ser realizada a normalizacdo da distribuicdo de
frequéncia a partir da Equacédo 11. Os dados normalizados devem apresentar

meédia igual a zero e variancia igual a um.

Y(u) = d(Zw) (11)

Onde, Z(u) é a variavel de interesse, Y(u) é a variavel normalizada; e ¢
é a fungdo de normalizacgéo.

2. Deve-se definir um caminho aleatério dentro do grid a ser simulado.

3. Utilizando o semivariograma dos dados normalizados, deve-se realizar
a krigagem simples em cada né do grid. A partir da estimativa, a média
condicional e a variancia da distribuicdo gaussiana serdo determinados e irdo
definir a funcéo de distribuicdo condicional acumulada.

4. Um valor da distribuicdo gaussiana devera ser extraido aleatoriamente
e adicionado ao conjunto de dados.

5. O algoritmo ira visitar o proximo no do grid, seguindo o caminho
aleatério. Considerando os dados amostrais e previamente simulados, 0s passos
3 e 4 se repetem até todos os nés do grid serem visitados.

6. ApoOs a finalizagéo da simulacéo, sera obtido para cada n6 do grid um
valor simulado. No entanto, esses valores simulados {y®u;"), j =1, ..., N} estdo
na grandeza do espago gaussiano. Sendo assim, os dados deverao ser retro

transformados para o espaco amostral original, a partir da Equacgéo 12.
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20 = 7Ly D ()
(12)

j=1,..,N

7. Uma realizacao da simulacédo (um mapa gerado) sera obtida ao final do
passo 6. Para a realizacdo de n realizagcbes, com o intuito de obter maior
preciséo da variabilidade espacial da variavel, os passos 2 a 5 deverao repetidos.

Dentre os estudos que aplicaram a SSG em solos, descantam-se Qu et
al. (2013), que avaliaram a variabilidade espacial do nitrogénio total do solo e as
incertezas espaciais associadas, utilizando um algoritmo de simulacdo
sequencial gaussiana utilizando informagfes categoricas de uso do solo, na
China. Silva Junior et al. (2012), realizaram a caracteriza¢do da variabilidade
espacial de oxidos de ferro por meio da simulacdo sequencial gaussiana, em
Catanduva-SP, Brasil. Qu et al. (2014), avaliaram as incertezas da contaminacéo
dos solos por metais pesados por meio da simulacdo sequencial gaussiana, na
China. Zhao et al. (2017), caracterizaram o padrdo de distribuicdo espacial da
salinidade do solo e avaliaram as incertezas da condutividade elétrica do solo,
por meio de simulacdo sequencial gaussiana, na China. Siqueira et al. (2019),
realizaram uma analise estocastica da condutividade hidraulica do solo saturado
e dos parametros da curva de retencdo de agua no solo, por meio da simulagéo
sequencial gaussiana, na regiao Noroeste do estado do Rio Grande do Sul, no

Brasil.

3.2.5.2.2. Simulacéo sequencial de indicadores

De acordo com Journel (1983), os indicadores possibilitam reduzir as
inUmeras possibilidades de valores da variavel de interesse e representar o
fendmeno em duas possibilidades de ocorréncia. A simulagdo sequencial de
indicadores (SSI) é uma técnica ndo gaussiana (Goovaerts, 1997) e de acordo
com Yamamoto e Landim (2013), a vantagem da SSI € que pode ser aplicado

tanto em variaveis categoricas, quanto em variaveis continuas. Um evento K,
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pode assumir quaisquer valores na localizacédo espacial u. A SSI requer que as
variaveis aleatorias z(u) sejam transformadas em um conjunto de dados com

valor de 0 e 1, por meio da Equacao 13, a qual necessita de um valor de corte

(k).

1, sez(u) < zg
0, caso contrario

Iz 7] =
(13)

A codificagdo em indicadores € realizada para um conjunto de valores de
cortes (z, k=1, ..., K), com objetivo de gerar distribuicdes condicionais discretas.
Além disso, a SSI tem a vantagem de gerar K realizagbes que reproduzem a
probabilidade de ocorréncia espacial em diferentes cortes condicionados pelos
dados. Isto permite definir zonas criticas da variavel de interesse (Deutsch e
Journel, 1998; Juang et al., 2004; He et al., 2010; Oliveira et al., 2014a; Silva et
al., 2015). Para a realizacéo da SSI deve-se seguir 0s seguintes procedimentos
(Goovaerts, 1997):

1. Primeiramente, deve-se realizar a discretizacdo da variavel em K
classes definidas pelos diferentes cortes (z;), de acordo com a Equacao 13.

2. Deve-se definir um caminho aleatério dentro do grid a ser simulado.

3. As ccdfs para K classes sé@o obtidas por meio da krigagem indicatriz em
cada né do grid. Caso necessario, deve-se corrigir os desvios do modelo da ccdf.

4. Um valor da distribuicAo devera ser extraido aleatoriamente e
adicionado ao conjunto de dados.

5. O algoritmo ir4 visitar o proximo né do grid, seguindo o caminho
aleatorio. Considerando os dados amostrais e previamente simulados, 0s passos
3 e 4 se repetem até todos os nés do grid serem visitados.

Existem poucos estudos com aplicacdo da SSI em solos, em comparagao
a SSG. Dentre eles, destacam-se o de Juang et al. (2004) que utilizaram a
simulagédo sequencial de indicadores para avaliar as incertezas espaciais da
contaminagdao por metais pesados em solos, no Taiwan. He et al. (2010)
aplicaram a SSI para simular a textura do solo em um grid em 3 dimensdes em
solos da China. Oliveira et al. (2014a) avaliaram por meio da simulacéo

sequencial gaussiana e simulacdo sequencial de indicadores, as incertezas
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espaciais do potéssio disponivel em area de cana de agucar em S&o Paulo,
Brasil. Silva et al. (2015) utilizaram a simulagcédo sequencial de indicadores para
analisar as incertezas dos atributos diagnosticos do solo, dentre eles, o carbono

organico, em Botucatu-SP, Brasil.

3.2.5.2.3. Validacao das simulacdes

Para os n mapas obtidos pelas simula¢des serem validados, 0s mesmos
deverdo atender os seguintes critérios:
1. Os valores amostrados da variavel, nas respectivas posi¢cdes no

espago, devem ser honrados pela simulagéo (Equagéo 12).

AQES Z(uy)
(12)
Yu = u,
a=1,..,n

2. Os histogramas dos valores simulados deverdo ser semelhantes aos
dos dados amostrados da variavel em estudo.
3. A estrutura de dependéncia espacial dos valores (semivariograma)

simulados pelas n realiza¢des deverao ser similares ao da varidvel amostrada.
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3.3. Hipoteses

1. Os atributos do solo, tais como a macroporosidade, densidade do
solo e o indice S sdo indicadores capazes de representar a
qualidade fisica, quando sdo consideradas as incertezas espaciais
por meio da simulacéo geoestatistica.

2. A escala de amostragem dos atributos do solo, por meio da escolha
do tamanho do lag, podem influenciar a distribuicdo, bem como
impactar no resultado das analises de incertezas.

3. Os valores limitantes indice S que separaram solos degradados (S
= 0,02) e aqueles com condicdes fisicas ruins e boas (S = 0,035),
propostos por Dexter (2004a), podem nao ser representativos para
as condi¢cdes edafocliméaticas da microbacia hidrogréfica Santa
Rita, Pelotas, RS.

4. E possivel definir valores de indice S e densidade do solo criticos
para os solos da microbacia hidrografica Santa Rita a partir do valor
limitante de 10% de macroporosidade do solo.

5. O desenvolvimento de mapas de probabilidade de ocorréncia da
area da microbacia estar abaixo ou acima de determinados valores
limitantes dos atributos do solo, por meio de técnicas de simulacao
geoestatistica, relacionando ao valor limitante de 10% de
macroporosidade do solo, pode identificar e confirmar visualmente
o valor de indice S limitante mais préximo do real para os solos da
microbacia hidrogréafica Santa Rita, Pelotas, RS.

6. O desenvolvimento de mapas de probabilidade de ocorréncia da
area da microbacia estar abaixo ou acima de determinados valores
limitantes dos atributos do solo, por meio de técnicas de simulagao
geoestatistica, podem ser eficientes em identificar os valores
limitantes destes atributos do solo (a saber: densidade do solo e
condutividade hidraulica do solo saturado) mais proximos do real
para os solos da microbacia hidrogréfica Santa Rita, RS.

7. O indice de vulnerabilidade fisica desenvolvido a partir da

integracdo dos cenarios criticos simulados dos atributos do solo



57

sao capazes de identificar as zonas criticas de qualidade fisica dos

solos da microbacia hidrogréafica Santa Rita, Pelotas, RS.

3.4. Objetivos

3.4.1. Gerais

Na microbacia hidrografica Santa Rita, localizada no interior do Rio
Grande do Sul, objetiva-se:

i) Avaliar a influéncia da escala de amostragem, por meio da definicdo do
lag, na estrutura de dependéncia espacial e o impacto na analise de incertezas;
i) identificar as zonas de vulnerabilidade da qualidade fisica do solo
considerando as incertezas espaciais dos atributos do solo; iii) definir valores
limitantes de indice S e densidade do solo; iv) bem como desenvolver um indice
de vulnerabilidade da qualidade fisica a partir dos indicadores da qualidade fisica
para os solos da microbacia hidrografica Santa Rita, Pelotas, RS e v) mapear as

zonas criticas potenciais, utilizando técnicas de simulacdo geoestatistica.

3.4.2. Especificos

Os objetivos especificos foram:

I.  Caracterizar a distribuicdo e variabilidade espacial, considerando
as incertezas espaciais das variaveis: macroporosidade,
densidade do solo, condutividade hidraulica do solo saturado, e
indice S, por meio de técnicas de simulacdo geoestatistica, em
uma malha amostral estabelecida.

II.  Avaliar a Influéncia da escala de amostragem, através da escolha
do lag, na estrutura de dependéncia espacial e o impacto na analise
de incertezas dos atributos do solo, por meio de técnicas de

simulag&o geoestatistica, em uma malha amostral estabelecida.
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VII.
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Definir valores limitantes de indice S e densidade do solo a partir
da macroporosidade do solo para os solos sob diferentes usos e
ocupacao.

Desenvolver mapas de distribuicdo de probabilidades para os
valores criticos propostos na literatura para macroporosidade do
solo, densidade do solo, condutividade hidraulica do solo saturado,
e indice S, determinando assim cenarios equiprovaveis de zonas
criticas de qualidade fisica do solo a partir das respectivas
variaveis, por meio de simulacdo geoestatistica, em uma malha
amostral estabelecida.

Desenvolver mapas de distribuicdo de probabilidades a partir da
curva de distribuichio de probabilidade acumulada para
macroporosidade do solo, densidade do solo e condutividade
hidraulica do solo saturado, determinando assim cenarios
equiprovaveis de zonas criticas de qualidade fisica do solo
utilizando diversos cenarios de limites criticos destes atributos, por
meio de simulagdo geoestatistica, em uma malha amostral
estabelecida.

A partir dos mapas de distribuicio de probabilidades
desenvolvidos, averiguar se os valores criticos propostos na
literatura sdo representativos para 0s solos da microbacia
hidrogréafica em estudo e, definir valores limitantes que sejam mais
préximos da realidade dos solos da microbacia, tomando como
base o valor limitante de macroporosidade do solo.

Desenvolver um indice de vulnerabilidade fisica do solo, a partir da
integracdo de mapas de distribuicdo de probabilidade referentes

aos cenarios criticos dos atributos dos solos.



3.5. Material e Métodos

3.5.1. Descricao da area de estudo

O estudo sera realizado na sub-bacia hidrografica Santa Rita (SBHSR),
localizada na Bacia Hidrografica do Arroio Moreira/Fragata (BHAMF), Pelotas,
Rio Grande do Sul. A SBHSR se encontra entre as coordenadas planas
355168,619 L e 6495482,457 N, no sistema de projecdo UTM, Zona 22S, Datum
SIRGAS 2000, e possui aproximadamente 10,54 km2 de &rea (Figura 4). O clima
da regido é subtropical umido, com temperatura média anual de 17.6°C (tipo
Cfa), com ventos predominantemente do quadrante leste, que sofrem influéncia

das massas de ar Tropical Atlantica e a umidade relativa do ar varia em torno de

80% (Grupelli, 2003).
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Figura 4. Mapa de localizacéo e de elevacéo da area de estudo: sul do Brasil (A), estado do Rio

Grande do Sul (B), municipio de Pelotas (C), sub-bacia hidrografica Santa Rita (D). Pontos pretos

indicam a malha de amostragem na sub-bacia hidrografica Santa Rita.
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O relevo predominante é ondulado (declividade de 8-20%), ocupando
49.71% da area, seguido pelo suave-ondulado (declividade de 3-8%), com
ocupacao de 39.44% da area. Menos de 8% da ocupacdo da area de estudo
possui relevo plano (declividade de 0-3%) e forte-ondulado (declividade de 20 a
45%). A altitude maxima do relevo na SBHSR localizada na por¢cdo mais ao norte
€ de 228 m e a altitude minima localizada na por¢cdo mais ao sul € de 38 m. O
relevo na regido sudeste possui aspecto variando de Norte-Noroeste, enquanto
a regido oeste varia de Leste-Sudeste. A SBHSR se destaca pela grande
variedade de classes e usos dos solos. Os usos dos solos da area possuem
20,74% da sua area correspondente a mata nativa; campo nativo corresponde a
cerca de 28,44%; agricultura com cultivo de milho (cultura anual) corresponde a
11,13%; e péssego (cultura permanente) com 37,14%. Ainda, cerca de 2,50%
da area possui area industrial, na qual existe atividade de mineracdo em

funcionamento (Figura 5).
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Figura 5. Mapa de uso dos solos da area de estudo, compreendendo area nativa, campo nativo,

cultivos anuais cultivos perenes e areas industriais.
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A Figura 6 demonstra as principais classes de solos encontradas na
SBHSR de acordo com a classificacdo de Cunha e Silveira (1996). As classes
de solos encontradas foram: PBACal: Argissolo Bruno-Acinzentado aluminico;
PVAd: Argissolo Vermelho-Amarelo distréfico; RLd: Neossolo Litélico distrofico;
SXe: Planossolo Haplico eutréfico. A SBHSR foi selecionada para o estudo
devido a sua importancia socioeconémica para a regido que possui como
atividade econdmica a producéo de leite de uso principal do solo com pastagens
(pastejo natural e pastejo cultivado, 36,49%).
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Figura 6. Mapa de amostragem incluindo as classes de solos: PBACal: Argissolo Bruno-

Acinzentado aluminico; PVAd: Argissolo Vermelho-Amarelo distréfico; RLd: Neossolo Litdlico

distréfico; SXe: Planossolo Héaplico eutrdfico.
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Inicialmente foi estabelecida uma malha experimental de 80 pontos

amostrais com distribuicdo espacial irregular, sendo o menor distanciamento

entre pontos de 300 m. Em cada ponto foram obtidas as coordenadas UTM

utilizando um equipamento de Sistema de posicionamento global (GPS). Os

dados (observacdes) foram coletados durante um periodo de aproximadamente

15 meses, incluindo as quatro estacbes do ano, alternando periodos secos e

chuvosos na regido.

Em cada ponto amostral foram coletadas quatro amostras com estrutura

preservada na camada de 0-0,02 m, sendo trés destas amostras com anéis
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volumétricos de 0,5 m de altura e 0,47 m de diametro, para determinagéo da
densidade do solo (Ds), porosidade total (Tp), macroporosidade (Ma) e
microporosidade (Mi), seguindo a metodologia proposta pela Embrapa (2011), e
uma amostra com anel volumétrico de 0,3 m de altura e 0,48 m de didmetro para
a determinacdo da curva de retencdo de agua no solo (CRAS), seguindo a
metodologia proposta por Embrapa (2011). Amostras com estrutura néo
preservada foram coletadas com auxilio de uma péa de corte para a determinacao
da densidade de particulas (Dp) (Forsythe, 1975), fragbes granulométricas pelo
método da pipeta (Gee; Bauder, 1986), e carbono orgénico do solo (Co),
seguindo a metodologia de Embrapa (2011).

Para a determinacdo da CRAS foram obtidos os teores volumétricos de
agua no solo retidos em sete potenciais matriciais. O teor volumétrico de 4gua
na saturacao, correspondente ao 0 kPa foi determinado a partir da pesagem da
amostra saturada e posteriormente seca em estufa, sendo igual a porosidade
total. J& nos potenciais matriciais de -1; e -6 kPa utilizando a mesa de tenséo e
-10; -33; -100; e -1500 kPa utilizando a camara de presséao de Richards. Em cada
ponto amostral a CRAS foi ajustada ao modelo matemético de Van Genuchten
(1980) utilizando a restricdo de Mualem (1976), por meio do software SWRC fit
(Seki, 2007).

ApGs os ajustes da CRAS o indice S sera calculado (Equacéo 4, p. 8)
seguindo a metodologia proposta por Dexter (2004a). O teor de agua na
capacidade de campo (6cc) foi calculado considerando o potencial matrico de -
10 kPa, e o teor de agua no ponto de murcha permanente (6pmp) foi calculado
considerado o potencial méatrico de 1500 kPa (Reichardt e Timm, 2020).

Em uma segunda etapa, serdo coletadas amostras em outros 40 pontos
amostrais para a determinacdo dos atributos do solo. Todas as analises
laboratoriais serdo realizadas no Laboratorio de Fisica do solo da Faculdade de
Agronomia Eliseu Maciel (FAEM) da Universidade Federal de Pelotas (UFPel).

3.5.3. Andlises estatisticas

3.5.3.1. Analise exploratéria
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Os conjuntos de dados serdo submetidos a analise exploratéria dos
dados, por meio da estatistica descritiva classica (média, desvio padréo,
coeficiente de variacdo, valores maximo e minimo). A variabilidade dos dados
sera analisada a partir do coeficiente de variagcdo (CV), seguindo a metodologia
proposta por Warrick e Nielsen (1980) que considera: baixa variabilidade para
CV < 12%, intermediaria variabilidade para CV de 12 a 60% e alta variabilidade
para CV > 60%. Os conjuntos de dados serdo submetidos ao teste de
Kolmogorov-Smirnov (KS) (Massey, 1951), no nivel de significancia de 5%, para
verificar a normalidade de cada distribuicdo dos dados.

3.5.4. Analises geoestatisticas

A modelagem variografica seré realizada com o objetivo de caracterizar a
estrutura de dependéncia espacial do indice S. Primeiramente, sera verificada a
existéncia de anisotropia por meio de semivariogramas experimentais
direcionais, de acordo com Andriotti (2003), em oito dire¢cdes principais de
pesquisa: 0°, 22,5°, 45°, 67,5° 90°, 112,5° 135°, 157,5°. Os semivariogramas
experimentais serdo calculados e ajustados por modelos teéricos e a seguir
serdo obtidos os parametros efeito pepita (co), contribuicédo (C+co), alcance (a) e
a funcéo de ajuste.

A partir dos semivariogramas, serao desenvolvidas simula¢des no suporte
de pontos amostrais para toda a area da sub-bacia hidrografica por meio da
aplicacao da simulacéo sequencial gaussiana (SSG) conforme os procedimentos
descritos no item 2.5.2.1 (p. 14), por meio de programas executaveis do software
GSLIB. Serédo desenvolvidos campos aleatérios (mapas simulados) de indice S
e seus respectivos histogramas de frequéncia. Todos os campos desenvolvidos
e seus respectivos histogramas terdo as incertezas avaliadas com o intuito de
comprovar a similaridade com os dados amostrais de indice S.

Posteriormente, serdo desenvolvidas simula¢cées no suporte de pontos
amostrais para toda a area da sub-bacia hidrografica por meio da aplicacéo da
simulagéo sequencial de indicadores (SSI), por meio de programas executaveis
do software GSLIB. Serdo desenvolvidos campos aleatérios (mapas simulados)
de probabilidade de ocorréncia dos valores do atributo serem iguais ou menores

que o limite critico, indicando zonas que possuem problemas relacionados a
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qualidade fisica estrutural do solo. As simulagfes realizadas pelas técnicas SSG
e SSI serdo validadas, a fim de verificar se 0os cenarios simulados podem ser
utilizados para representar a variabilidade espacial do indice S na area de
estudo.

As andlises geoestatisticas seréo realizadas com o auxilio dos softwares
de modelagem geoestatistica da Universidade de Stanford SGeMS (Stanford
Geoestatiscal Modeling; Remy et al., 2009) e GSLIB (Geoestatistical Software
Library; Deutsch e Journel, 1998).
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3.6. Metas a serem alcancadas

1. Definis novos limites criticos de indice S para solos subtropicais do
sul do Brasil.

2. Gerar mapas criticos da qualidade fisica do solo baseado nos
atributos do solo.

3. Desenvolver mapas indicativos das zonas de degradacao fisica do
solo a partir de limites criticos dos atributos do solo, integrando dois
ou mais atributos, considerando as incertezas espaciais

associadas.
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3.7. Impactos esperados

3.7.1. Impactos econémicos

Contribuicdo na tomada de decisGes quanto ao manejo correto e eficiente
da agua e do solo. O conhecimento da variabilidade espacial do indice S e dos
atributos fisico-hidricos do solo, permitira identificar zonas de degradacédo do
solo e o0 uso racional da 4gua como insumo da agricultura irrigada. Nas &reas
agricolas, o déficit ou o excesso de 4gua pode ocasionar diversos problemas
gue afetardo a produtividade. Além disso, a 4gua é um insumo com alto custo de
producdo, podendo atingir mais de 30% do custo total produtivo. Portanto,
reduzindo o uso da agua, diminuindo gastos de energia e ajustando o solo
identificando zonas degradadas, ocasionando no aumento de produtividade.
Assim, resultando em uma safra sustentavel e bem-sucedida, gerando mais

renda para os produtores da regido.

3.7.2. Impactos sociais

O mapeamento dos atributos do solo ir4 subsidiar a modelagem e gestéo
da sub-bacia, trabalhando nos ajustes da producéo local, atribuindo novas
propostas e adequacado do uso do solo. Resultando assim, no desenvolvimento
da regido, proporcionando melhores condicdes de vida para as familias

envolvidas.

3.7.3. Impactos ambientais

Identificacéo da degradacdo fisica associada aos diferentes tipos de usos
do solo, auxiliando nas tomadas de decis6es. Com novas tomadas de decisoes,
serdo propiciadas corretas praticas de manejo e uso do solo, viabilizando
melhores condi¢cfes para os produtores e mais "respeito” ao ambiente que eles
estdo inseridos. Sendo assim, as zonas de degradacdo serdo diminuidas no

longo prazo se forem consideradas os aspectos do trabalho. Como por exemplo,
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reducdo da compactacdo do solo, reducdo da erosdo e manutengcdo da
fertilidade. Além disso, possibilitara 0 manejo racional da agua em areas com

agricultura irrigada, consequentemente, uma agricultura sustentavel.
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3.8. Orgamento detalhado

O desenvolvimento da tese tera o apoio financeiro da Coordenacéo de

Aperfeicoamento de Pessoal de Nivel Superior (CAPES).

3.8.1. Custeio
3.8.1.1. Material de consumo
Material Finalidade Quantidade Unitario Total
de consumo
Sacos Preparacéo 100 100,00
plasticos das amostras
Reagentes Preparacéo 4 200,00
das amostras
Filme Preparacgéo 5 50,00
plastico das amostras
Etiquetas Preparacéo 100 50,00
das amostras
Analises Obtencéo 100 1.700,00
das amostras dos resultados
Sub-total 2.000,00
3.8.1.2. Passagens e diarias
Passagens Valor
e diarias
Finalidade Quantia Unitario Total
Inscrigdes, Eventos 3 1.000,00 3.000,00
viagens e outros
Sub-total
Sub-total 3.000,00




3.8.2. Capital (Material Permanente)
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Materi Finalidad Quanti Valo Valor
al e a r Unitario Total
Permanente
Nacional

Anéis Andlises 100 20,0 2.000,00
volumétricos 0

Placas Analises 18.000,0
porosas e 0
equipamentos

Sub- 20.000,0
total 0

3.8.3. Orcamento global

Rubrica Valores totais aproximados (R$)
Material de consumo 2.000,00
Servicos de terceiros 0,00
Passagens e diarias 3.000,00
Material permanente 20.000,00

Total Geral

25.000,00
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3.9. Divulgacgéo dos resultados

Os resultados serao divulgados por meio do desenvolvimento de resumos
que serdo publicados em congressos e submissdo de artigos cientificos em
revistas com alto fator de impacto. Estes artigos irdo compor esta tese de

doutorado em formato de capitulos.



3.10. Cronograma de atividades
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Descrigao 2020/2

Curso das disciplinas

Estudo da proposta do projeto

Revisao de literatura

Coleta e analise laboratorial

Andlise exploratdria dos
dados

Andlises geoestatisticas

Redacao do projeto de
qualificacdo

2021/1

Redacéo de artigos cientificos

Redacao da tese

Defesa da tese

2021/2

2022/1

2022/2

2023/1
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3.11. Equipe

A equipe de trabalho € composta por membros do grupo de pesquisa de
Fisica do Solo inserido no PPG MACSA da UFPel: Rdbmulo Félix Nunes, Me.
Leonir Dutra Juanior, Prof2. Dr2, Claudia Liane Rodrigues de Lima (orientadora),
Profa. Dr2, Tirzah Moreira Siqueira, do Centro de Engenharias — UFPel (co-
orientadora) e por bolsistas de iniciacdo cientifica. Além disso, o trabalho conta
com o apoio financeiro da Coordenacdo de Aperfeicoamento de Pessoal de Nivel
Superior (CAPES) (Bolsa DS/Capes) e apoio técnico dos laboratoristas da
Faculdade de Agronomia Eliseu Maciel (FAEM), da Universidade Federal de
Pelotas (UFPel).
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4. Relatorio do trabalho de campo

O local objeto deste estudo foi a microbacia hidrografica Santa Rita
(BHSR), sendo esta, uma sub-bacia hidrogréfica de area reduzida inserida na
bacia hidrografica do Arroio Moreira/Fragata (BHAMF), em Pelotas, no sul do Rio
Grande do Sul, Brasil. A BHSR se encontra entre as coordenadas planas
355168,619 L e 6495482,457 N, no sistema de projecdo UTM, Zona 22S, Datum
SIRGAS 2000, e possui aproximadamente 10,54 km?2 de area. O clima da regido
€ subtropical imido, com temperatura média anual de 17.6°C (tipo Cfa), com
ventos predominantemente do quadrante leste, que sofrem influéncia das
massas de ar Tropical Atlantica e a umidade relativa do ar varia em torno de 80%
(Grupelli, 2003). O relevo predominante € ondulado (declividade de 8-20%),
ocupando 49.71% da area, seguido pelo suave-ondulado (declividade de 3-8%),
com ocupacdo de 39.44% da area. Menos de 8% da ocupacao da area de
estudo possui relevo plano (declividade de 0-3%) e forte-ondulado (declividade
de 20 a 45%). A altitude maxima do relevo na BHSR localizada na porgédo mais
ao norte € de 228 m e a altitude minima localizada na por¢cdo mais ao sul é de
37 m. O relevo na regido sudeste possui aspecto variando de Norte-Noroeste,
enquanto a regido oeste varia de Leste-Sudeste. A BHSR se destaca pela
grande variedade de classes e usos dos solos

As classes de solos presentes na area de estudo foram: Hapludult:
Argissolo Bruno-Acinzentado aluminico (PBACal); Paleudult: Argissolo
Vermelho-Amarelo distréfico (PVAd); Lithic Udorthent: Associacdo de Neossolo
Regolitico, Neossolo Litdlico e Argissolo Bruno-Acinzentado (RLd); Albaqualf:
Associacdo de Planossolo Haplico Eutréfico e Gleissolo Haplico (SXe) (Soill
Survey Staff, 2022). Os usos de solo presentes na area sdo mata nativa, campo

nativo, cultivo anual e cultivo perene.

4.1. Amostragem de solo

A amostragem de solo foi realizada em duas etapas: Na primeira foi

estabelecida uma malha experimental de 80 pontos amostrais com distribuicdo
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espacial irregular, sendo o menor distanciamento entre pontos de 300 m. Na
segunda etapa foi realizado um adensamento amostral de 40 pontos amostrais
em formato de cruz, com distanciamento irregular entre os pares de amostras,
sendo o menor distanciamento entre os pontos de 1 m e o maior de 150 m.

Na etapa 1, em cada ponto amostral foram coletadas quatro amostras com
estrutura preservada na camada intermediaria entre 0,075 m e 0,125 m, sendo
trés destas amostras (triplicatas) com anéis volumétricos de 0,50 m de altura e
0,47 m de diametro, para determinacdo da macroporosidade do solo (Ma) e
densidade do solo (Ds) , seguindo a metodologia proposta por Teixeira et al.
(2017), e a condutividade hidraulica do solo saturado (Ksat) foi realizada através
da utilizacdo do método do permeametro de carga constante, conforme descrito
por Klute e Dirksen (1986). Uma amostra com anel volumétrico de 0,3 m de altura
e 0,48 m de didmetro para a determinacao da curva de retencéo de agua no solo
(CRAS), seguindo Teixeira et al. (2017).

A etapa 2, correspondeu a fase de adensamento amostral, sendo
coletadas 2 amostras, sendo uma com anel volumétrico de 0,50 m de altura e
0,47 m de diametro, para determinacdo da Ma, Ds e Ksat, e uma amostra com
anel volumétrico de 0,30 m de altura e 0,48 m de diametro para a determinacao
da curva de retencdo de agua no solo (CRAS).

Para a determinacédo da CRAS foram obtidos os teores granulométricos e
volumétricos de agua no solo retidos em sete potenciais matricos. O teor
volumétrico de 4gua na saturacao, correspondente ao 0 kPa foi determinado a
partir da pesagem da amostra saturada e posteriormente seca em estufa, sendo
igual & porosidade total. Para os potenciais matriciais de -1; e -6 kPa foi utilizado
a mesa de tensao e para 0s potenciais matriciais de -10; -33; -100; e -1500 kPa
foi utilizada a camara de presséao de Richards. Em cada ponto amostral a CRAS
foi ajustada ao modelo matematico de van Genuchten (1980) com a restricdo de
Mualem (1976). A determinacéo do indice S requer o uso da restricdo de Mualem
(1976). As curvas foram ajustadas por meio do software SWRC fit (Seki, 2007).
Apos os ajustes da CRAS utilizando a relagdo entre os potenciais e umidade

gravimétrica o indice S foi calculado (Equacéo 4) seguindo Dexter (2004a).

4.2. Metodologia empregada nos artigos cientificos
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Dois artigos cientificos compde a tese. O primeiro foi intitulado de “indice
S na avaliacdo da qualidade fisica de solos sob diferentes usos em uma bacia
hidrografica”, tendo como objetivos avaliar se os valores limitrofes de qualidade
fisica a partir do indice S proposto por Dexter (2004a) sdo adequados para as
condicBes de contorno dos solos da BHSR; definir novos limites criticos de indice
S a partir da Ma; bem como realizar a caracterizacdo da distribuicdo espacial do
indice S e mapear zonas criticas da qualidade fisica dos solos da microbacia
Hidrografica Santa Rita, Pelotas, no sul do Rio Grande do Sul, utilizando
simulacdo geoestatistica.

A Figura 7 demonstra um fluxograma resumido da metodologia
empregada no artigo n° 1, constituida pela validacdo dos limites propostos por
Dexter (2004a); definicdo e andlise dos limites criticos de indice S para a BHSR;
analise do indice S em funcéo das classes e usos do solo; simulacédo sequencial

gaussiana do indice S e a andlise das incertezas espaciais do indice S.

Figura 7. Metodologia empregada no artigo n° 2 da tese, intitulado de “indice S como indicador
da qualidade fisica de solos sob diferentes usos em escala de bacia hidrografica”.

ARTIGO 1

1 Determinacio da macroporosidade a partir
dos limites de indice S

2 A partir da macroporosidade do solo

ANALISES 3

estatisticas e

T ANALISE DOS LIMITES CRITICOS
geoestatisticas 4 DE iNDICE S E DS PARA A BHSR
EM FUNCAO DAS CLASSES E USOS
DO SOLO

Geracio de cenarios equiprovaveis

6 Mapa de desvio padrao das simulacoes
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O segundo artigo foi intitulado de “Vulnerabilidade fisica dos solos em
escala de bacia hidrogréfica, a partir de simulacéo geoestatistica” e desenvolvido
a partir da Ds, Ma e Ksat, com objetivos de avaliar a qualidade fisica do solo a
partir de diferentes valores de cortes dos atributos do solo BHRS por meio de
mapas de probabilidade de ocorréncia da area estar abaixo ou acima dos valores
de cortes determinados (dependendo do atributo que esta sendo analisado),
definindo assim, os cenarios criticos para cada atributo em estudo, bem como
gerar mapas de vulnerabilidade fisica do solo integrando cenarios criticos de dois
ou mais atributos fisico-hidricos do solo. A Figura 8 demonstra o fluxograma
resumido da metodologia empregada no desenvolvimento do artigo, constituida
pela definicdo dos valores de cortes (VC’s) a partir da curva de distribuicao de
probabilidade acumulada (CDPA) de cada atributo do solo; definicdo de VC’s
propostos na literatura; desenvolvimento de mapas de probabilidade de
ocorréncia da area estar acima ou abaixo dos VC’s determinados nas etapas
anteriores; definicdo do cendrio critico de cada atributo para a BHSR, a partir de
uma checagem entre as variaveis; e desenvolvimento de mapas de
vulnerabilidade fisica do solo da BHSR, a partir da integracao de cenarios criticos

dos atributos estudados.

Figura 8. Metodologia empregada no artigo n° 2 da tese, intitulado de “Vulnerabilidade fisica dos
solos em escala de bacia hidrografica, a partir de simulagao geoestatistica”.
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Os capitulos 5 e 6 apresentardo os artigos cientificos na integra. A

formatacao do texto dos capitulos 5 e 6 seguem as normas da editora Elsevier.
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5. Artigo 1: The S-index for evaluating soil physical quality under different

land uses on a watershed scale

Abstract

Soil physical quality (SPQ) is related to its conservation and degradation status. Among
the indicators of SPQ, the S-index stands out, which is sensitive to different land uses and
management practices adopted and capable of identifying structural changes with
reference value ranges related to SPQ. These ranges are not suitable for various
edaphoclimatic conditions, including the Santa Rita watershed (SRW), municipality of
Pelotas, in southern Rio Grande do Sul, Brazil. The S-index is an excellent indicator and
allows the mapping of physical vulnerability when considering the spatial uncertainties
of the attribute. The general objective of this study is to evaluate whether the proposed S-
index reference values by Dexter (2004) are suitable for soil boundary conditions, to
define new critical S-index limits based on macroporosity, as well as to characterize the
spatial distribution of the S-index and map critical zones of SPQ in the SRW. It was
possible to identify a limiting S-index value of 0.039 for the edaphoclimatic conditions
of the SRW. Through geostatistical techniques, it was possible to map physical
vulnerability from the critical soil limit, thus identifying areas that require remediation.
The limiting value proposed by Dexter was able to represent the spatial pattern of physical
vulnerability in the SRW. The S-index proved to be an excellent tool for supporting
decisions regarding the use, management, and conservation of soil physical quality and

the environment.

Keywords: spatial uncertainties; spatial variability; soil physical vulnerability;

geostatistics; soil water retention curve; physical-hydraulic attributes
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1. Introduction

The knowledge of soil quality is of great importance for socio-environmental
development, allowing for the optimization of planning and management of natural
resources (Souza et al., 2021), assisting farmers in understanding conservation agriculture
(Telles et al., 2022). The physical, chemical, and biological processes that occur in the
soil are interrelated, and thus, the soil physical quality (SPQ) affects chemical and
biological processes, playing a fundamental role in soil quality (Dexter, 2004; Walia and
Dick, 2018). SPQ is designated as the soil's ability to meet the demands of plants and
ecosystems, as well as the ability to resist and recover when exposed to processes that
may reduce such capacity (Mckenzie et al., 2011). Among the processes that decrease
soil functioning and environmental capacity, soil compaction stands out as one of the
main indicators of physical degradation and a decrease in SPQ (Vizioli et al., 2021).

The assessment of SPQ has been based on the use of indicators, which simplify
and provide information to make a phenomenon perceptible and understandable for
decision-making purposes (Toledo et al., 2013; Rojas et al., 2016). There has been an
intense research effort in the search for indicators or reference values to analyze the SPQ
for agricultural purposes (Assis Junior et al., 2016; Biinemann et al., 2018). The soil water
retention curve (SWRC) has been an important tool for assessing physical quality, as it is
a hydraulic function characteristic of the soil (Rickson et al., 2012). Among the important
information that can be obtained from the SWRC, the S-index stands out (Dexter, 2004),
as it is sensitive to structural changes in the soil related to management practices (Rossetti
and Centurion, 2022).

Geostatistics has been applied to characterize the spatial variability of soil
attributes through spatial distribution considering the spatial dependence structure of the

phenomenon (Siqueira et al., 2019; Timm et al., 2019). Geostatistical simulation not only
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allows generating equiprobable scenarios of the variable but also analyzing spatial
uncertainties associated with the prediction of it, providing a more reliable analysis of the
reality of the phenomenon (Qu et al., 2014; Zhao et al., 2017; Siqueira et al., 2019).

Studies have been developed to evaluate the SPQ based on the S-index and soil
attributes (Hebb et al., 2017; Kiani et al., 2017; Timm et al., 2019) and to analyze the
spatial uncertainties of soil properties at the rural property and/or watershed scale
(Siqueira et al., 2019; Soares et al., 2023). However, studies related to the analysis of
spatial uncertainties of soil attributes and the S-index at the watershed scale in Brazil are
still scarce. In addition, the limits of physical quality based on the S-index, proposed by
Dexter (2004), have not yielded adequate results under diverse edaphoclimatic
conditions.

In this context, this study aimed to: a) evaluate whether the physical quality limits
based on the S-index proposed by Dexter (2004) are suitable for the boundary conditions
of the soils; b) define new critical limits for the S-index based on soil macroporosity (Ma);
c) characterize the spatial distribution of the S-index and map critical zones of soil
physical quality in the Santa Rita watershed, which is an important management unit in

the municipality of Pelotas, in southern Rio Grande do Sul, Brazil.

2. Material and methods
2.1. Study area

The Santa Rita Watershed (SRW) is a sub-basin located in the Arroio
Moreira/Fragata watershed, in Pelotas, in the state of Rio Grande do Sul, Brazil (Zanchin
et al., 2021). The SRW is located between the flat coordinates 355168.619 E and
6495482.457 N, in the UTM projection system, Zone 22S, Datum SIRGAS 2000, and has

an area of approximately 10.54 km? (Figure 1). The climate of the region is humid
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subtropical, with an annual average temperature of 17.6°C (type Cfa), with predominantly
east winds influenced by the Atlantic Tropical air masses and the relative humidity of the
air varying around 80% (Alvares et al., 2013). The soil classes that compose the SRW
were classified by Soil Survey Staff (2022) and are: Hapludult (PBACal); Paleudult

(PVAA); Lithic Udorthent (RLd); Albaqualf (SXe3) (Figure 1a).
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Figure 1 - Location map of Santa Rita watershed, showing different soil classes (a);
location of S-index samples (b); and satellite image (c), in the municipality of Pelotas, in

southern Rio Grande do Sul, Brazil.
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Figure 2 illustrates the general procedure of statistical and geostatistical analyses
for the assessment of SPQ in the SRW based on the S-index. Initially, the S-index data
obtained through the SWRC were subjected to exploratory data analysis. The database
was subdivided according to the varied edaphoclimatic conditions found in the SRW,
such as land use, soil classes, and textural classes. From these subdivisions, the limiting
S-index values proposed by Dexter (2004) were validated using linear regression, where
macroporosity was the response variable as a function of the S-index value. Subsequently,
new limiting S-index values were defined for the edaphoclimatic conditions of the SRW
using linear regression, where the limiting S-index value was the response variable of the
critical macroporosity of 10%. Geostatistical analyses were performed using the base-10
logarithm of the S-index. Semivariogram modeling was performed and adjustment
models were inserted into the Gaussian sequential simulation. Subsequently, the
simulated random fields were validated, and spatial uncertainties of the base-10 logarithm
of the S-index were analyzed. Finally, probability maps of the area's occurrence below
cutoff values related to limiting S-index values were developed to evaluate the physical
quality vulnerability. The relationship between the S-index and the physical-hydraulic

attributes of the soil was evaluated.
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Figure 2 - General procedure of statistical and geostatistical analyses for the assessment

of the physical soil quality of the Santa Rita watershed, based on the S-index.

2.2. Experimental design and soil sampling

The soil sampling was conducted in two stages. In the first stage, an experimental
grid of 80 sampling points with irregular spatial distribution was established, with a
minimum distance of 300 m between points. Subsequently, to model the spatial variability
structure of the soil attributes, a denser sampling was performed with an additional 37
points in two transversal sections, with irregular distances between sample pairs, ranging
from 1 m to 150 m (Figure 1a).

At each sampling point, samples were collected with preserved structure in the

intermediate layer between 0.075 - 0.125 m, with the aid of volumetric rings of 0.5 m in
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height and 0.47 m in diameter. In the same samples, the macroporosity (Ma) and bulk
density (Bd) were determined, following the methodology proposed by Teixeira et al.
(2017). The saturated hydraulic conductivity (Ks) was determined using the constant
head method (Klute and Dirksen, 1986). Samples with disturbed structure were collected
with the aid of a cutting shovel to determine the granulometric fractions by the pipette
method (Gee and Bauder, 1986) and soil organic carbon (OC) was determined by wet
combustion method (Walkley and Black, 1934). In addition, a soil sample was collected
using a volumetric ring with a height of 0.30 m and a diameter of 0.48 m for the

determination of the SWRC, following Teixeira et al. (2017).

2.3. S-index

The volumetric water content of soil retained at seven matric potentials was
obtained for the entire sample grid. The volumetric water content at matric potentials of
0, -1, and -6 kPa were measured using a tension table, and the potentials of -10, -33, -100,
and -1500 kPa were measured using a Richards pressure chamber. At each sampling
point, the SWRC was fitted to the van Genuchten mathematical model (1980) with the
restriction of Mualem (1976) following Equation 1. The curves were adjusted using the
SWRC fit software (Seki, 2007).

Os — Or )
[1+ (ajwm))n"

(¥m) = Or +
where 4(¥m) is the volumetric water content as a function of the matric potential ¥m; 6s
and or represent the volumetric water content at saturation (total porosity) and residual
(permanent wilting point), respectively; ¥m is the total water potential in the soil (kPa);
a, n, and m are empirical parameters of the equation and are obtained by mathematical

fitting. It is convenient to use the Mualem (1976) restriction, where m = [—(1/n) and n >

1.
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After fitting the SWRC, the S-index was calculated (Equation 2), following
Dexter (2004):

1 —(1+m)
S =-n(6gs— Ogr) (1 + —) (10)
m

where S is the S-index; 6gs is the gravimetric water content at saturation; 6gr is the
gravimetric water content at residual; &, m, and n are empirical parameters of the equation
and are obtained by mathematical adjustment. Dexter (2004) and Dexter and Czyz (2007)
defined ranges of physical (structural) quality limits of soil based on the S-index. S-index
> (.05 indicates very good physical quality, while 0.035 < S-index < 0.05 is considered
good physical quality, 0.02 < S-index < 0.035 is considered poor physical quality, and S-

index < 0.02 is considered very poor or degraded physical quality.

2.4. Statistical and geostatistical analysis

The S-index database was subjected to exploratory analysis using classical
descriptive statistics (mean, standard deviation, coefficient of variation, maximum and
minimum values). Variability was analyzed based on the coefficient of variation (CV),
following the methodology proposed by Warrick and Nielsen (1980), which considers
low variability for CV < 12%, intermediate variability for CV between 12 and 60%, and
high variability for CV > 60%. Due to the number of samples, normality of data
distribution was checked using the Shapiro-Wilk test (1965) at a significance level of 5%,
analyzing the P-value (P > 0.05) (Razali and Wah, 2011).

Subsequently, regression analyses (Kutner et al., 2005) were performed to validate
the S-index limits proposed by Dexter (2004) for the edaphoclimatic conditions of the
SRW, based on soil macroporosity as a function of the S-index. In order to determine new
critical limits for the edaphoclimatic conditions of the SRW, regression models of the S-

index were developed based on a critical macroporosity of 10%, which is considered
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essential for plant development (Baver, 1949; Grable, 1968; Reinert, 2001; Suzuki et al.,
2022).

The critical limits determination of the S-index was carried out for different
boundary conditions of the SRW. To accomplish this, the S-index database was
subdivided by: (i) land use: native field and native forest; (ii) soil classes: Hapludult,
Paleudult, and Lithic Udorthent; (iii) texture classes: sandy loam and sandy clay loam;
(iv) soil classes combined with land use: Hapludult under native field and native forest,
Paleudult under native field and native forest, and Lithic Udorthent under native field and
native forest; (v) texture classes combined with land use: sandy loam under native field
and sandy loam under native forest, sandy clay loam under native field and sandy clay
loam under native forest; (vi) soil classes combined with texture classes: sandy loam
Hapludult and sandy clay loam Hapludult, sandy loam Paleaudult and sandy clay loam
Paleaudult, sandy loam Lithic Udorthent and sandy clay loam Lithic Udorthent.

For the geostatistical analyses, the S-index data were transformed using the base-
10 logarithmic function (log10(S-index)). The spatial dependence structure was evaluated
using Matheron's classical estimator (Matheron, 1963), according to Equation 3:

1 n(h) (11)
y() = 5o ) 12+ 1) = Z@))?
oa=1
where y(h) is the experimental semivariance value as a function of h; n(h) is the number
of observation pairs of the variable Z separated by a distance h; and h is the separation
distance between observation pairs n(h), measured in u and u+h. To identify anisotropic
conditions, the directional experimental semivariograms (Equation 3) were determined
according to Goovaerts (1997) in eight main research directions: 0°, 22.5°, 45°, 67.5°, 90°,
112.5°, 135°, 157.5°, adjusting the parameters of nugget effect (co), contribution (C), sill

equal to the sample variance (C+co), range (R), and the theoretical model.
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Sequential Gaussian simulation (SGS) is a conditional stochastic method that
reproduces random fields capable of reproducing the same degree of variability existing
in the regionalized variable under study, thus providing an analysis of the uncertainties
of the spatial distribution of the variable. Goovaerts (1997) describes SGS as the
sequential simulation procedure for multigaussian random functions. In SGS, the shape
of the spatial uncertainty distribution of a variable is generated from the mean of the
kriging variance (Srivastava, 2013). According to Deutsch and Journel (1998), in
geostatistical simulation, at each pixel of the grid, a value of the variable will be randomly
extracted from the mean and variance of kriging using the conditioned cumulative
probability distribution of the respective point. Therefore, it is necessary to obtain
successive conditional cumulative distribution functions (ccdfs) at each node of the grid,
following Equation 4:

F(u; zI(n)) = Prob(Z(u) < zI(n)I) (12)
where u is the location of variable Z(u), z is a threshold value of the ccdf, and n is the
conditioning information used to construct the ccdf of the simulated values.

From the random sampling of ccdfs in all nodes of the grid (Equation 5), numerous
random fields of the spatial distribution of log10(S-index) can be concurrently generated.

F(uq, Uy, ooy Uy; Zg, o, 2yl (N)) = Prob(Z(wy) < 7y, ..., Z(uy) < zyl(n) (13)
where N is the number of nodes in the grid and u'i is the location of the variable where
there are no observed data.

To perform the SGS, it is necessary that the variographic modeling of the log10(S-
index) has already been carried out (Equation 1). According to Goovaerts (1997), a grid
must be generated for the variable and study area using SGS. The following procedures
must be adopted for SGS: (i) the dataset of the log10(S-index) must have a normal

Gaussian distribution. Therefore, frequency distribution normalization must be
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performed by obtaining Gaussian scores that have a mean of zero and variance of one;
(if) a random path within the grid to be simulated must be defined; (iii) using the
semivariogram of the Gaussian scores from log10(S-index), simple kriging must be
performed at each node of the grid. Based on the estimate, the conditional mean and
variance of the Gaussian distribution will be determined and will define the cumulative
conditional distribution function; (iv) a value of the Gaussian distribution must be
randomly extracted and added to the data set; (v) the algorithm will visit the next node of
the grid, following the random path.

Considering the sampled and previously simulated data, steps (iii) and (iv) are
repeated until all nodes of the grid have been visited; (vi) after completing the simulation,
a simulated value is obtained for each node of the grid. However, these simulated values
{y"u;", j =1, ..., N} are in the magnitude of the Gaussian space. Therefore, the data
must be back-transformed to the original sample space, S-index; (vii) a realization of the
simulation (a generated map) is obtained at the end of step 6. To perform | realizations,
in order to obtain greater precision of the spatial variability of the log10(S-index), steps
(ii) to (v) must be repeated.

The validation of the | maps obtained by the simulations was performed according
to the following criteria:

1. The sampled values of the log10(S-index), at their respective spatial locations,
must be honored by the simulation (Equation 6). The Pearson correlation coefficient
between the observed and simulated data at the previously sampled locations was used to
evaluate the quality of the simulations.

ZW = Z(uy) (14)
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2. The histograms of the simulated values should be similar to those of the
sampled data of the log10(S-index).

3. The spatial dependency structure of the simulated values (semivariogram) for
the | realizations should be similar to that of the sampled log10(S-index).

The analysis of log10(S-index) uncertainties was evaluated from the spatial
variability analysis performed with SGS and the 24 equiprobable random fields (Siqueira
et al., 2019). The following steps were carried out: i) calculation of the mean log10(S-
index) in each field; ii) development of the cumulative frequency curve of the 24 mean
values of the random fields; iii) calculation of the 5th and 95th percentiles; iv) selection
of fields whose means are close to the 5th and 95th percentiles of probability of not
exceeding the mean of all fields, thus representing pessimistic and optimistic scenarios of
log10(S-index), respectively. Using the fields corresponding to the 5th and 95th
percentiles, the global effects of 1og10(S-index) spatial variability on the classification of
soil physical quality according to the ranges proposed by Dexter (2004) were analyzed.

In order to identify potential zones of vulnerability of soil physical quality based
on the S-index, probability maps were developed ranging from 0 to 100% of the SRW
area being below the threshold values of S-index proposed by Dexter (2004) and
developed for the edaphoclimatic conditions of the SRW. Table 1 shows the cut-off

values used for the development of physical vulnerability maps based on the S-index.

Tab.1 - Cut-off values for the S index, according to limits proposed in the literature and
developed for the data from the Santa Rita watershed, located in the municipality of
Pelotas, in southern Rio Grande do Sul, Brazil.

Physical vulnerability Cut-off Reference
Areas prone to degradation or  S-index < 0.035 Dexter (2004)
degraded S-index < 0.039 Author
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Aiming to evaluate the interrelationships between the S-index and the physical-
hydraulic attributes, soil samples were grouped into increasing intervals of S-index
values, following the limits proposed by Dexter (2004). From the S-index ranges, the
corresponding means of Ks, Bd, Ma, OC, and granulometric fractions (clay, silt, and sand
contents) were determined.

To perform the exploratory data analysis, the R software (R Core Team, 2008)
was used. The geostatistical analyses of spatial variability modeling and sequential
Gaussian simulation were carried out using the geostatistical modeling software
SGeMS/AR2GeMS (Remy et al., 2009). ArcGIS, version 10.6.1 (ESRI) was used for

spatial data processing and visualization.

3. Results and discussion
3.1. Exploratory analysis

The mean S-index in SRW was 0.040 (Table 2), which is above the critical values
proposed by Dexter (2004), indicating that, on average, the soil is in good physical and
structural conditions according to the criteria adopted by Dexter (2004). The coefficient
of variation shows, according to Warrick and Nielsen (1980), that the variability of the S-
index is intermediate in practically all classifications performed, except for the analyses
of soils under native forest and Paleudult under native forest, where the variability was
high (> 60%). The S-index has a non-normal distribution, with a P-value less than 5%
significance, which is supported by the discrepancy between the skewness and kurtosis

coefficients.

Table 2 - Descriptive statistics of the S-index subdivided by land uses, soil classes, and
textural classes for data from the Santa Rita watershed, situated in the municipality of
Pelotas, in the southern region of Rio Grande do Sul, Brazil.
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Subdivision Mean Median Ccv Skew Kurt P-value
All 0.040 0.036 56.27 3.53 18.67 3.71E-14
NFI 0.040 0.038 47.38 3.61 23.38 2.64E-11
NFO 0.048 0.037 73.76 2.67 8.57 9.00E-05
PBACal 0.037 0.033 43.46 0.72 0.26 0.4152*
PVAd 0.040 0.038 57.94 3.85 20.14 2.14E-13
SXe3 0.035 0.034 48.13 1.43 2.21 0.1279*
SL 0.035 0.033 37.08 1.14 1.22 0.0017
SCL 0.033 0.033 40.30 0.05 -1.10 0.2707*
PBACal NFI  0.034 0.030 51.59 1.21 1.63 0.2725*
PBACal NFO 0.041 0.045 38.46 -0.18 -1.52 0.8083*
PVAd NFI 0.041 0.039 47.23 3.88 24.56 5.30E-11
PVAd NFO 0.051 0.036 79.64 2.40 6.52 6.62E-04
SXe3 NFlI - - - - - NS
SXe3 NFO - - - - - NS

SL NFI 0.035 0.032 36.40 1.38 1.19 0.0108
SL NFO 0.040 0.035 39.15 1.19 0.80 0.1414*
SCL NFI 0.033 0.032 31.36 0.78 -0.16 0.1918*
SCL NFO 0.037 0.037 44.43 -0.91 -1.14 0.1743*
SL PBACal 0.040 0.037 38.15 1.21 1.03 0.1689*
SCL PBACal 0.038 0.045 39.52 -0.52 -3.20 0.0703*
SL PVAd 0.033 0.032 31.52 0.59 -0.45 0.0629*
SCL PVAd 0.031 0.032 40.90 0.15 -0.45 0.7111*
SL SXe3 0.037 0.034 49.85 1.22 1.37 0.3604*
SCL SXe3 - - - - - NS

All: complete database without subdivisions; NFI: native field; NFO: native forest; SL: sandy
loam; SCL.: sandy clay loam; PBACal: Hapludult; PVAd: Paleudult; SXe3: Albaqualf; PBACal
NFI: Hapludult under native field; PBACal NFO: Hapludult under native forest; PVAd NFI:
Paleudult under native field; PVAd NFO: Paleudult under native forest; SXe3 NFI: Albaqualf
under native field; SXe3 NFO: Albaqualf under native forest; SL NFI: sandy loam under native
field; SL NFO: sandy loam under native forest; SCL NFI: sandy clay loam under native field;
SCL NFO: sandy clay loam under native forest; SL PBACal: sandy loam Hapludult; SCL
PBACal: sandy clay loam Hapludult; SL PVAd: sandy loam Paleudult; SCL PVAd: sandy clay
loam Paleudult; SL SXe3: sandy loam Albaqualf; SCL SXe3: sandy clay loam Albaqualf; CV:
coefficient of variation; Skew: skewness; Kurt: kurtosis; NS: non-significant regression model
for estimating the critical S-index; (*): normality trend with a significance level of 5% was
verified using the Shapiro-Wilk normality test.

The S-index was sensitive to capturing structural changes among different land
uses and soil management practices (Hebb et al., 2017; Rosseti and Cernturion, 2022).
Differences in S-index values occur due to changes in soil porosity and pore size, which
influence the SWRC, modifying its graphical shape (Narjary and Aggarwal, 2014).
Among land uses, the S-index was higher in native forest compared to native field. This

result is supported by the study of Pinto et al. (2018), who found higher S-index values
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in soils under native forests, associated with low values of density and organic matter.
Regarding soil classes, Paleudult had a higher mean S-index compared to Hapludult and
Albaqgualf. Regarding soil textures, sandy loam soils were higher than sandy clay loam
soils, however, with a small variation between them.

Among all subdivisions made, the highest mean S-index was found in Paleudult
under native forest, Hapludult under native forest, and Paleudult under native field,
respectively. These soils have better structural quality compared to those with lower S-
values, such as sandy clay loam Paleaudult, sandy loam Paleaudult, and sandy clay loam
soils under native field. Therefore, it is noted that for the SRW, the greatest contribution
to an increase in the S-index was due to land use, specifically native forest. This result is
explained by the fact that soils under native forest have their structural conditions better
preserved due to their vegetal cover and organic matter input (Lee and Foster, 1991;
Jardini and Amori, 2017), and consequently have higher aeration and macroporosity, in

agreement with results found by Baiamonte et al. (2017).

3.2. Validation of the S-index limits proposed by Dexter (2004) in the Santa Rita
watershed

The S-index has a direct relationship with Ma (Andrade and Stone, 2009;
Caviglione, 2018). Table 3 shows the Ma values corresponding to the regression models
as a function of the S-index limits proposed by Dexter (2004). The S-index value of 0.02
separates soils with low physical quality and degraded soils. In all classifications of S-
index data sets analyzed, Ma was lower than the limiting value. For S-index of 0.035,
which limits soils with low and good physical quality, values lower than 10% of Ma were
also found, indicating that the actual limits for SWR conditions are higher than the limits

proposed by Dexter (2004), corroborating with Beutler et al. (2008) and Andrade and
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Stone (2009). Similarly, Rosseti and Centurion (2018) found that the structural physical
quality of a Eutroferric Red Latosol was evaluated using the critical limits proposed by
Dexter (2004). Other authors, under their boundary conditions, assert that the limits
proposed by Dexter (2004) have been effective in evaluating structural quality, such as
Naderi-Boldaji and Keller (2016), in soils with different textural classes and organic
matter contents. Rosseti and Centurion (2018) identified that, in a Dystrophic Red Latosol
under corn cultivation, the S-index proved to be a good complementary parameter to Ma
in evaluating soil structural quality. Although the S-index value of 0.035 resulted in Ma
values below 10%, it was the one that presented values closest to this Ma, except for
sandy loam soils and soils under native forest, which obtained values below 9% of Ma.
When analyzing the S-index value of 0.05, which according to Dexter (2004) is the
limiting value between soils with good and optimal physical quality, a Ma value lower

than the critical Ma was still found in soils under native forest.

Table 3 - Macroporosity as a function of the S-index limits proposed by Dexter (2004)
was analyzed using data from the Santa Rita watershed located in the municipality of
Pelotas, in the southern region of Rio Grande do Sul, Brazil.

Subdivision S-index = 0.02 S-index = 0.035 S-index = 0.05
All 6.62%** 9.54%** 12.46%**
NFI 8.45%** 9.75%** 11.45%**
NFO 4.72%** 6.47%** 8.23%**
PBACal 7.82%** 11.60%** 15.39%**
PVAd 7.52%** 9.13%** 10.75%**
SXe3 NS NS NS

SL 4, 70%** 8.52%** 12.34%**
SCL 6.61%** 10.38%** 14.15%**
PBACal NFI 7.54%** 12.13%** 16.72%**
PBACal NFO NS NS NS

PVAd NFI 8.80%* 9.72%* 10.65%*
PVAd NFO 5.09%** 7.80%** 10.50%**
SXe3 NFI NS NS NS

SXe3 NFO NS NS NS

SL NFI 4.87%** 8.68%** 12.49%**
SL NFO 2.45%** 7.15%** 11.85%**
SCL NFI 4,16%* 10.40%* 16.64%*
SCL NFO NS NS NS
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SL PBACal 7.46%0** 12.25%** 17.04%**
SCL PBACal NS NS NS

SL PVAd 5.42%* 7.05%* 8.67%*
SCL PVAd 5.04%** 10.29%** 15.55%**
SL SXe3 3.43%** 7.54%** 11.65%**
SCL SXe3 WS WS WS

All: complete database without subdivisions; NFI: native field; NFO: native forest; SL: sandy
loam; SCL.: sandy clay loam; PBACal: Hapludult; PVAd: Paleudult; SXe3: Albaqualf; PBACal
NFI: Hapludult under native field; PBACal NFO: Hapludult under native forest; PVAd NFI:
Paleudult under native field; PVAd NFO: Paleudult under native forest; SXe3 NFI: Albaqualf
under native field; SXe3 NFO: Albaqualf under native forest; SL NFI: sandy loam under native
field; SL NFO: sandy loam under native forest; SCL NFI: sandy clay loam under native field;
SCL NFO: sandy clay loam under native forest; SL PBACal: sandy loam Hapludult; SCL
PBACal: sandy clay loam Hapludult; SL PVAd: sandy loam Paleudult; SCL PVAd: sandy clay
loam Paleudult; SL SXe3: sandy loam Albaqualf; SCL SXe3: sandy clay loam Albagualf; WA:
without samples; NS: non-significant; (*): regression model with a significance level of 5%; (**):
regression model with a significance level of 1%.

Table 3 shows a large variation in the Ma values associated with the limit values
proposed by Dexter (2004), which is related to the variety of land uses, soil classes and
textural classes in the SRW. Therefore, it is assumed that the limits proposed by Dexter
(2004) are not suitable for the boundary conditions of the SWR (Jong Van Lier, 2014;
Oliveira et al., 2016). Thus, it is necessary to determine more suitable limit values for the

S-index for the edaphoclimatic conditions present in the area.

3.3. Analysis and definition of critical limits for the S-index based on macroporosity
The S-index showed a positively significant correlation with Ma, considering the
complete dataset, as well as in Mota et al. (2020), with a direct relationship with soil pore
dynamics. With the complete dataset, the S-index value corresponding to Ma of 10% was
0.039, which is above the limit values proposed by Dexter (2004) of 0.02 and 0.035, as
well as the results obtained by Beutler et al. (2008) and Andrade and Stone (2009). Table
4 shows the critical values of S-index for the complete dataset and subdivided by land

uses, soil classes and texture classes.
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Table 4 - S-index values corresponding to the critical macroporosity of 10%, were
obtained from regression models using data from the Santa Rita watershed, located in the
municipality of Pelotas, in the southern region of Rio Grande do Sul, Brazil.

Dados Function Correlation  P-value S
All S=0.01805+0.002128Ma 0.54 1.97E-10** 0.039
NFI S=0.02604+0.001355Ma 0.34 0.0013** 0.040
NFO S=0.00335+0.004116Ma 0.85 3.26E-6**  0.045
PBACal S=0.01304+0.001942Ma 0.70 0.0012** 0.032
PVAd S=0.01693+0.002423Ma 0.51 3,74E-7**  0.041
SXe3 - - NS -
SL S=0.020431+0.00173Ma 0.66 4.97E-07** 0.038
SCL S=0.018573+0.00149Ma 0.60 0.0065** 0.033
PBACal NFI S=0.007107+0.00228Ma 0.83 0.0026** 0.030
PBACal NFO - - NS -
PVAd NFI S$=0.02933+0.00115Ma  0.27 0.0247** 0.041
PVAd NFO S=0.00126+0.00466Ma  0.92 4.01E-6**  0.048
SXe3 NFlI - - NS -
SXe3 NFO - - NS -
SL NFI S=0.02134+0.001606Ma 0.64 0.0003** 0.037
SL NFO S=0.02281+0.001964Ma 0.61 0.0072** 0.042
SCL NFI S$=0.02159+0.001263Ma 0.71 0.0141** 0.034
SCL NFO - - NS -
SL PBACal S=0.01291+0.00196Ma  0.63 0.0063** 0.033
SCL PBACal - - NS -
SL PVAd S=0.02338+0.001462Ma 0.40 0.0359** 0.038
SCL PVAd S=0.016775+0.00168Ma 0.56 0.0021** 0.033
SL SXe3 S=0.011945+0.00310Ma 0.92 0.0031** 0.043
SCL SXe3 - - NS -

S: indice S; All: complete database without subdivisions; NFI: native field; NFO: native forest;
SL: sandy loam; SCL: sandy clay loam; PBACal: Hapludult; PVAd: Paleudult; SXe3: Albaqualf;
PBACal NFI: Hapludult under native field; PBACal NFO: Hapludult under native forest; PVAd
NFI: Paleudult under native field; PVAd NFO: Paleudult under native forest; SXe3 NFI:
Albaqualf under native field; SXe3 NFO: Albaqualf under native forest; SL NFI: sandy loam
under native field; SL NFO: sandy loam under native forest; SCL NFI: sandy clay loam under
native field; SCL NFO: sandy clay loam under native forest; SL PBACal: sandy loam Hapludult;
SCL PBACal: sandy clay loam Hapludult; SL PVAd: sandy loam Paleudult; SCL PVAd: sandy
clay loam Paleudult; SL SXe3: sandy loam Albaqualf; SCL SXe3: sandy clay loam Albaqualf;
NS: non-significant; (*): regression model with a significance level of 5%; (**): regression model
with a significance level of 1%.

Regarding land use, soils under native forest obtained a higher critical limit than
those under native field, indicating better structural quality (Rosseti and Centurion, 2022).
In this case, the critical S-index was the highest (S-index = 0.045), a value also found by
Andrade and Stone (2009) for tropical soils in Brazil. Soils under native field showed a

reduction in quality due to cattle trampling, increasing soil density and reducing the slope
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of the tangent line to the inflection point of the soil water retention curve (Dexter, 2004;
Yang et al., 2015). Critical S-index values of 0.032 for Hapludult and 0.041 for Paleudult
were found, indicating the influence of soil class on the index. In both soil classes, the
critical limits were higher than that proposed by Dexter (2004) to identify degraded soils
(S-index = 0.02). The Paleudult had an S-index higher than the limit of 0.035 that limits
soils with good physical quality from those with a tendency to degradation. In the Lithic
Udorthent, the correlation between Ma and S-index was not significant. With regard to
textural classes, sandy loam soils had a higher critical limit compared to sandy clay loam
soils, as observed in Oliveira et al. (2016).

The highest critical limits of S-index were found for Paleudult under native forest
(S-index = 0.048) and for soils under native forest (S-index = 0.045), values closer to
Dexter's (2004) limit of 0.05, which separates soils with good physical quality from soils
with excellent physical quality. The lowest critical limits of S-index were found for
Hapludult (S-index = 0.032) and Hapludult under native field (S-index = 0.030). These
results highlight the fragility of Hapludult, which becomes even more vulnerable when
under native field use. Soils under native field in the SRW have a higher density due to
compaction (Mainuri and Owino, 2013), having reduced values of S-index (Yang et al.,
2015; Caviglione, 2018).

All subdivisions of land uses, soil classes and textural classes, as well as their
combinations, obtained critical upper limits above the soil degradation threshold
proposed by Dexter (2004) of 0.02. Only sandy clay loam soils and Hapludults presented
critical values below the 0.035 threshold.

Various intrinsic and extrinsic soil conditions and characteristics influence the
evaluation of the limiting value of the S-index. Soil texture influences the behavior of the

SWRC and consequently the S-index. Different land uses directly affect soil structure due
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to anthropogenic actions. The S-index proves to be an excellent tool for assessing
structural conditions, with a direct relationship with Ma. However, the faithful use of S-
index limits proposed by Dexter (2004) without considering the edaphoclimatic
characteristics of the study area in the evaluation of physical quality can generate
erroneous results and not be consistent with reality (Jong Van Lier, 2014).

In general, sandy loam soils, such as sandy loam Lithic Udorthent, sandy loam
Paleaudult, sandy loam soils under native forest and under native fields, presented lower
means than the critical limits determined for such classifications, demonstrating the
fragility of these soils (Table 5). This behavior also occurred with sandy clay loam soils
in general, without subdivisions regarding soil use and classes. Although Hapludults
presented lower critical values of S-index, the means found were lower than these limits,
indicating good physical quality. Regarding land uses, in general, without considering
soil texture and subdivisions of soil classes, native forest or native field presented mean
values of S-index equal to or higher than the critical limits, also indicating good structural

conditions.

Table 5 - Comparison of the mean values and respective critical values of the S-index
under the boundary conditions of the Santa Rita watershed, located in the municipality of
Pelotas, in the southern region of Rio Grande do Sul, Brazil.

Subdivision Mean Critical S-index
All 0.040 0.039
NFI 0.040 0.040
NFO 0.048 0.045
PBACal 0.037 0.032
PVAd 0.040 0.041
SXe3 0.035 NS
SL 0.035 0.038
SCL 0.033 0.033
PBACal NFI 0.034 0.030
PBACal NFO 0.041 NS
PVAd NFI 0.041 0.041
PVAd NFO 0.051 0.048

SXe3 NFI - NS
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SXe3 NFO - NS
SL NFlI 0.035 0.037
SL NFO 0.040 0.042
SCL NFI 0.033 0.034
SCL NFO 0.037 NS
SL PBACal 0.040 0.033
SCL PBACal 0.038 NS
SL PVAd 0.033 0.038
SCL PVAd 0.031 0.033
SL SXe3 0.037 0.043
SCL SXe3 - NS

All: complete database without subdivisions; NFI: native field; NFO: native forest; SL: sandy
loam; SCL.: sandy clay loam; PBACal: Hapludult; PVAd: Paleudult; SXe3: Albaqualf; PBACal
NFI: Hapludult under native field; PBACal NFO: Hapludult under native forest; PVAd NFI:
Paleudult under native field; PVAd NFO: Paleudult under native forest; SXe3 NFI: Albaqualf
under native field; SXe3 NFO: Albaqualf under native forest; SL NFI: sandy loam under native
field; SL NFO: sandy loam under native forest; SCL NFI: sandy clay loam under native field;
SCL NFO: sandy clay loam under native forest; SL PBACal: sandy loam Hapludult; SCL
PBACal: sandy clay loam Hapludult; SL PVAd: sandy loam Paleudult; SCL PVAd: sandy clay
loam Paleudult; SL SXe3: sandy loam Albaqualf; SCL SXe3: sandy clay loam Albaqualf; NS:
non-significant regression model for estimating the critical S-index.

3.4. S-index simulation

The transformation of the S-index, using the base-10 logarithmic function, was
established to continue the geoestatistical analysis (Table 6).

The modeling of the semivariograms of log10(S-index) data was performed,
identifying the direction of greatest spatial continuity at an azimuth of 135° and the
direction of least spatial continuity at an azimuth of 45°. Table 6 shows the geostatistical
parameters of the spatial continuity model for log10(S-index). The 1og10(S-index) has a
spatial continuity of 630.0 m in the direction of 135° and 180.0 m in its perpendicular
direction of lesser spatial continuity. The theoretical spherical model best represented the
experimental semivariance points. It should be noted that the sill reached the data's

clustered variance, approximately 0.038 of 10g10(S-index).

Table 6 - Parameters of semivariogram models fitted to the base-10 logarithm of the S-
index for data from the Santa Rita watershed, located in the municipality of Pelotas in the
southern region of Rio Grande do Sul, Brazil.
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Azimuth Variance Co C R (m) Theorical model
45° 0.038 0.0099 0.0281 180.0 Spherical
135° 0.038 0.0099 0.0281 630.0 Spherical

Co: nNugget effect; C: contribution; R(m): range in meters.

The theoretical semivariogram models fitted to log10(S-index) for the directions
of greater continuity (Azimuth 135°) and lesser continuity (Azimuth 45°) are represented

by Equations 7 and 8, respectively.

(00099+00281 [15 h 05( h >3l if0<h<a 19
Yy =1 T[T e30m T \630m .
0.0099 + 0.0281, if h>a
L 0.0099, if h=0
( h R\ (8)
0.0099 + 0.0281, if h>a
0.0099, ifh=0

where h is the lag, the distance between pairs of samples.

The unclustered variance was 0.038, equal to the sample variance of the log10(S-
index) data, therefore, it was not necessary to correct the semivariogram.

The log10(S-index) data were transformed into scores with dimension in Gaussian
space, using the nscore function, with mean zero and variance one. Subsequently, the
semivariogram modeling of the Gaussian scores from log10(S-index) was performed for
the direction of greater and lesser spatial continuity, with the sill equal to variance 1.0.
Table 7 shows the geostatistical parameters for fitting the spatial continuity model of
log10(S-index) scores. The logl0(S-index) in Gaussian space has 630.0 m of spatial
continuity in the 135° direction and 180.0 m in its perpendicular direction of lesser spatial
continuity (45°). The spherical theoretical model best represented the experimental

semivariance points.
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Table 7 - Parameters of the semi-variogram models fitted to the gaussian scores of the
base-10 logarithm of the S-index for data from the Santa Rita watershed, located in the
municipality of Pelotas in the southern region of Rio Grande do Sul, Brazil.

Azimuth Variance Co C R (m) Theorical model
45° 1.0 0.26 0.74 180.0 Spherical
135° 1.0 0.26 0.74 630.0 Spherical

Co: nugget effect; C: contribution; R(m): range in meters.

The theoretical semivariogram models fitted to Gaussian scores of log10(S-index)
for the directions of greater continuity (Azimuth 135°) and lesser continuity (Azimuth

45°) are represented by Equations 9 and 10, respectively.

0264074 [15 gm0 () | iro<nsa 9
y(h) = 630m 630m B

0.26 + 0.74, if h>a

L0.26, ifh=0

(0.26 +0.74 . I1.5L - 0.5 (Lﬂ if0<h<a (1)
y(h) = 180m 180m B

0.26 + 0.74, if h>a

L0.26, ifh=0

where h is the lag, the distance between pairs of samples.

The sequential Gaussian simulation of log10(S-index) was performed using a
maximum of 16 observed and 16 simulated data points per location. The semivariogram
model of Gaussian scores from log10(S-index) was used, which was modeled with a
spherical structure. The effect of clustering due to sample density was assessed by
comparing the prior variances of clustered and unclustered S-index data (the original
variable). The clustered variance was found to be 0.0005, while the unclustered variance
was 0.00041, indicating a significant clustering effect of approximately 22%.
Consequently, the unclustered distribution of 1og10(S-index), obtained using the nearest
neighbor method, was used as a reference in the sequential Gaussian simulation
algorithm.

Figure 3 shows that the fluctuations of the standard deviation value of the

accumulated random fields are practically negligible from the twentieth simulated
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random field onwards when new random fields are added (Soares et al., 2023), stabilizing

in the twenty-fourth simulation.
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Figure 3 - Standard deviation of the accumulated simulated random fields values of base-
10 logarithm of the S-index in the Santa Rita watershed, Pelotas, in southern Rio Grande
do Sul, Brazil.

Figure 4 shows the probability distribution curve of the means of the simulated
random fields, indicating the 5th and 95th percentiles. The simulated random fields for
the S-index, corresponding to the 5th and 95th percentiles of the means from 24

simulations, were random fields 2 and 23, respectively.
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Figure 4 - Cumulative distribution curve of the means of simulated random fields of base-
10 logarithm of the S-index in the Santa Rita watershed, Pelotas, in southern Rio Grande

do Sul, Brazil.

The pessimistic (5th percentile) and optimistic (95th percentile) S-index scenarios
can be seen in Figure 5a and 5b, respectively. It can be observed that the two scenarios
are similar, with the largest discrepancies in the northern region of SRW, where larger
areas of soil with optimal physical quality (S-index > 0.05) were found in random field
23 (Figure 5a) compared to random field 2 (Figure 5b). In random field 2, more degraded
regions (orange) and regions with poor physical quality, but with the potential for

recovery (yellow), were found.



118

Legend
Santa Rita
L] Watershed

V¥ Basin outlet
= Hydrography
B Mining area

S-index

B <002
[ 0.02 <S < 0.035

Bl 0.035 <S<0.05
M >005

0 05 1 2 xm

Figure 5 - Simulated random field 2 (a) and 23 (b) of base-10 logarithm of the S-index in

the Santa Rita watershed, Pelotas, in southern Rio Grande do Sul, Brazil.

Figure 6 shows the coefficient of variation map at each node of the grid for the 24
simulated random fields. It can be observed that the variability is low to intermediate
throughout the SRW, according to the classification by Warrick and Nielsen (1980),
which corroborates with the similarity between the pessimistic and optimistic S-index
scenarios (Figure 5). The maximum coefficient of variation value for the S-index

simulations was 24.57%, and the mean value for the SRW was 12.35%.
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Figure 6 — Coefficient of variation map using limits proposed by Warrick and Nielsen
(1980) for values of simulated base-10 logarithm of the S-index in the Santa Rita

watershed, Pelotas, in southern Rio Grande do Sul, Brazil.

For simulation validation, the pessimistic (random field 2) and optimistic (random
field 23) random fields were chosen. Figure 7 shows the residual dispersion of the
simulated random fields 2 (Figure 7a) and 23 (Figure 7b). It can be observed that both
equiprobable scenarios had low residual dispersion and an average of approximately zero.
Some residual points stood out in the dispersion due to the fact that some sampled points

in the field did not coincide with the nearest simulation grid nodes.
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Figure 7 — Dispersion of residual errors of simulated field 2 (a) and simulated field 23 of
the base-10 logarithm of the S-index in the Santa Rita watershed, located in Pelotas, in

the southern region of Rio Grande do Sul, Brazil.

Figure 8 shows the histograms of the validated random fields in comparison to the
log10(S-index). Both scenarios honored the histogram of the unclustered log10(S-index)

data.
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Figure 8 - Comparison of the histograms of simulated random field 2 (a); simulated
random field 23 (b); and the base-10 logarithm of the unclustered S-index (c) in the Santa

Rita watershed, Pelotas, in southern Rio Grande do Sul, Brazil.
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Figure 9 shows the comparison of the semivariograms of the simulated random
fields 2 and 23 of log10(S-index) with the theoretical model of log10(S-index) for the
direction of greater spatial continuity, azimuth 135° (Equation 7). The spatial continuity
of the simulated random fields reached the level of the unclustered data, however, there
were differences in the semivariances in the first meters of lag causing ergodic
fluctuations (Goovaerts, 1997). These fluctuations occurred because the theoretical
semivariogram was unable to fit perfectly to the experimental semivariance points,
referring to the field data. Thus, the semivariograms of the simulated fields are more
influenced by the experimental semivariance points than by the adjusted theoretical one.
Thus, the S-index simulations were satisfactorily validated by the representation of the

original data, histograms, and the semivariogram of the unclustered data (Goovaerts,

1997).
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Figure 9 - Comparison of the semivariograms of random fields 2 and 23 of the base-10
logarithm of the S-index, and the ungrouped theoretical semivariogram of the base-10
logarithm of the S-index in the Santa Rita watershed, Pelotas, in southern Rio Grande do

Sul, Brazil.

The simulated random fields were effective in capturing the spatial uncertainties
of the variable. The mean was 0.032 for random field 2 and 0.034 for random field 23,
optimistic and pessimistic, respectively. Both scenarios were below the limiting S-index
value proposed by Dexter (2004) of 0.035 and below the critical S-index value of 0.039
for the SRW. Therefore, the SRW has a significant amount of areas prone to degradation

or degraded.

3.5. Mapping critical zones of physical quality based on the S-index

The mapping of critical zones was performed based on the development of
physical vulnerability maps. From the 24 simulated random fields, vulnerability maps
were developed indicating the probability of the SRW being below the cutoff values
described in Table 1, of 0.035 proposed by Dexter (2004) and 0.039 obtained from a 10%
macroporosity for the soils in the SRW.

Figure 10 shows the probability of the SRW area is prone to degradation or
degraded. Figure 10a shows the physical vulnerability taking S-index value equal to 0.035
(Dexter, 2004) as the limiting value, while Figure 10b shows S-index equal to 0.039,
developed for the edaphoclimatic conditions of the SRW. When comparing the spatial
distribution of soil physical vulnerability based on different limiting values, it can be
observed that the spatial patterns are similar. A large area of the SRW has a high

probability of having poor physical quality, thus requiring intervention and the use of soil
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management and conservation practices, according to Dexter (2004). Although the
critical limit proposed by Dexter (2004) is lower than the limit found for the SRW when
considering all land uses, soil classes and textures classes, the literature value was able to
capture the spatial distribution of physical vulnerability from the S-index for the study

area.
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Figure 10 - Probability of occurrence of the S-index below 0.035 (a) and below 0.039 (b)

in the Santa Rita watershed, located in Pelotas, southern Rio Grande do Sul, Brazil.

The S-index has been shown to be suitable for evaluating soil physical quality
based on structural conditions of the SRW (Rossetti and Centurion, 2018; Timm et al.,
2019), and the S-index threshold of 0.035 proposed by Dexter (2004) captures the spatial
distribution of physical vulnerability through the index. However, when applied to
different edaphoclimatic conditions, such as those found in the SRW when analyzing soils

separately by land uses, soil classes and textural classes, these thresholds should be
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carefully considered as they may not be suitable under certain boundary conditions (Jong
Van Lier, 2014, Assis Junior et al., 2016, Armindo and Wendroth, 2016).

The S-index has a direct relationship with important soil physical-hydraulic
attributes commonly used in the evaluation of physical and structural quality (Dexter,
2004; Andrade and Stone, 2009; Cavalieri et al., 2009; Naderi-Boldaji and Keller, 2016;
Caviglione, 2018) (Table 8). As the S-index increases, the mean values of Ks, Ma, Oc,
and sand content also increase. The decrease in the S-index is proportional to the increase
in Bd and clay content. Areas with a high probability of low physical quality (Figure 10)
are related to native field areas with cattle presence, higher Ds, lower Ma, and
consequently lower Ks (Zimmermann et al., 2006; Mainuri and Owino, 2013). The
contribution of animal trampling to the reduction of Ma in some regions of the study area
is also observed, as reported by Balbinot et al. (2009), Moreira et al. (2014), and Ortigara
et al. (2014). The pressure exerted by animal trampling causes macropores to transform
into micropores, modifying the soil structure (Bertol et al., 2004; Bonell et al., 2010;
Salemi et al., 2013). The areas with a lower tendency to degradation, with high S-index
values, were those under native forest. In the forest areas, the highest values of Ma, Oc,
and consequently high Ks were found. This occurs because of better soil structure, higher

Ma, and organic matter conditioned by root development (Baiamonte et al., 2017).

Table 8 - Relationship between S-index ranges and the mean values of physical-hydraulic
attributes of soils in the Santa Rita watershed, located in the municipality of Pelotas, in
the southern region of Rio Grande do Sul, Brazil.

S-index Ks Bd Ma oC Cl Si Sa
<0.02 26.63 1.58 5.84 11.38 27.52 2230 50.18
0.020<S<0.035 40.69 1.54 8.03 11.82 20.63 21.12 58.25
0.035<S<0.05 77.61 1.53 10.23  10.97 17.22  21.10 61.68
S >0.05 158.19 146 1498 12.96 15.79 2239 61.82
S: S-index; Ks: saturated hydraulic conductivity (mm h'); Bd: bulk density (Mg m~); Ma:
macroporosity (%); OC: organic carbon (g Kg™); CI: clay fraction content (%); Si: silt fraction
content (%); Sa: sand fraction content (%).
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Although the S-index is related to physical-hydraulic attributes and is sensitive to
the uses and conditions in which the soil is inserted, its use in an absolute manner to
evaluate the structural physical quality of soils is not recommended (Rosseti and
Centurion, 2022). The application of the S-index in soil quality evaluation should be done
in a complementary way, combined with other easily obtainable soil attributes (Reynolds

et al., 2009; Moncada et al., 2015).

4. Conclusions

Limiting values of the S-index were identified for soils and boundary conditions
of the watershed. The Paleudult under native forest presented the best structural physical
quality among the studied land uses, soil classes and texture classes, with the highest
critical S-index limit occurring in this group. The lowest critical limit was found in the
Hapludult under native field.

The limiting value of S-index of 0.035 was able to represent the physical
vulnerability pattern of the critical value developed for the entire watershed when related
to a macroporosity of 10%.

The S-index proves to be an important tool in assessing physical and structural
quality, as it is directly related to soil macroporosity, bulk density, organic carbon,
saturated hydraulic conductivity, and fractions of the granulometric distribution.

The sequential Gaussian simulation proved to be efficient in characterizing the
spatial variability of the S-index and allowed for the identification of critical areas and
the development of soil physical vulnerability maps. This approach can assist in proper
soil management, promoting sustainable use of natural resources and contributing to

environmental protection.
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6. Artigo 2: Geostatistical simulation in assessing spatial uncertainties of

soil physical vulnerability at the watershed scale

Abstract

Evaluating the physical quality of soil (SPQ) at the watershed scale is crucial for
improved management and conservation of soil and water within the watershed. This
study aims to assess the spatial uncertainties of soil physical vulnerability (SPV), based
on the characterization of the distribution and spatial variability of physical-hydric
attributes (PHA), using geostatistical simulation within the established sample grid in the
Santa Rita watershed (SRW), located in Pelotas, Rio Grande do Sul, Southern Brazil.
Variability and spatial distribution were assessed using the Matheron estimator and the
sequential Gaussian simulation (SGS) method, respectively. Uncertainties of
macroporosity (Ma), bulk density (Bd), and saturated hydraulic conductivity (Ks) were
evaluated based on cumulative frequency distribution curves and coefficient of variation
mapping from simulations. The SPV was assessed by integrating different critical zone
maps based on Ma, Bd, and Ks. Among the studied attributes, Ks exhibited the highest
heterogeneity. SGS effectively characterized the variability and spatial distribution of Ma,
Bd, and Ks, identifying critical areas and developing maps highlighting zones with
compromised soil quality. Ks required more simulated random fields, while Ma presented
fewer uncertainties. The spatial uncertainties for SPV were minimal, despite using
different combinations of PHA in the assessment. Soils under native forest showed a
lower tendency for physical degradation, whereas soils under crops and native field in the
southern portion of the SRW exhibited a higher tendency for physical degradation.
Mapping SPV is crucial for assessing SPQ, identifying areas prone to fragility, and

promoting sustainable soil and water management.

Keywords: geostatistics; spatial variability; sequential Gaussian simulation; land use;

saturated hydraulic conductivity; physical-hydric attributes
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1. Introduction

Knowledge about soil quality plays a significant role in the context of socio-
environmental development and ecosystem preservation (Demarchi and Zimback, 2014).
The physical, chemical, and biological processes that occur in the soil are interconnected,
such that the soil physical quality (SPQ) influences chemical and biological processes,
thereby playing a crucial role in determining overall soil quality (Dexter, 2004; Walia and
Dick, 2018).

Inadequate land management and soil use practices in these areas of rapid
population growth have led to detrimental phenomena to soil quality and functioning,
such as erosion, degradation of water and soil resources, as well as river siltation
(Cherubin et al., 2016; Tavares et al., 2022). Soil compaction stands out as one of the
primary indicators of physical degradation and reduction of SPQ among the numerous
processes that contribute to soil function deterioration and environmental capacity decline
(Vizioli et al., 2021; Oliveira et al., 2022).

The soil physical-hydric attributes have a fundamental role in the analysis of
structural changes and the SPQ, as well as in decision-making at the watershed scale.
Several studies, such as those conducted by Aschonitis et al. (2012), Laudone et al.
(2013), Daly et al. (2023) and Demir et al. (2023), have utilized these attributes to assess
these soil characteristics. Furthermore, the evaluation of SPQ has relied on the use of
indicators, which simplify and provide understandable and perceptible information,
contributing to decision-making. In this context, the assessment of SPQ in watersheds is
important, as they are key units for water resource and soil management (Beskow et al.,
2016; Soares et al., 2020; Dos Santos et al., 2021).

In a watershed scale, a high sampling density in the area is required for a more

effective monitoring of SPQ. However, the high cost renders it economically unfeasible.
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Consequently, the low sampling density results in significant uncertainties in spatial
variability.Geostatistics has been employed to characterize the spatial variability of
physical-hydric attributes (Siqueira et al., 2019; Timm et al., 2019, Kavakligil and
Ersahin, 2023) and analyze the spatial uncertainties associated with the prediction of the
phenomenon through the technique of sequential Gaussian simulation (Zhao et al., 2017;
Siqueira et al., 2019; Soares et al., 2023). A proper characterization of the phenomenon,
as well as the associated spatial uncertainties, can aid in the identification of critical zones
of SPQ and facilitate the selection of more suitable practices for soil management and
conservation.

The Santa Rita watershed (SRW) is located in the southern region of Rio Grande
do Sul, in the municipality of Pelotas, and encompasses a variety of land classes and uses.
Among these uses, dairy farming and family agriculture are particularly prominent,
playing a crucial role in the economic development of the local residents. Additionally,
the SRW stands out as a socioeconomically fundamental planning unit for the cities in
the region, as it contributes to the water supply for the population of Pelotas through its
role in feeding the water bodies. Consequently, this study aims to assess the spatial
uncertainties of soil physical vulnerability, based on the characterization of the spatial
distribution and spatial variability of physical-hydric attributes, using geostatistical
simulation within the established sample grid in the Santa Rita watershed. The results will
provide support for decision-making regarding soil management and conservation in the

region.

2. Material and methods

2.1. Study area
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The SRW is a sub-basin located within the Arroio Moreira/Fragata watershed,
situated in Pelotas, Rio Grande do Sul, Brazil (Zanchin et al., 2021). Geographically, the
SRW spans the coordinates 355168.619 E and 6495482.457 N, in the UTM projection
system, Zone 22S, Datum SIRGAS 2000, encompassing an area of approximately 10.54
km2 (Figure 1). The region exhibits a humid subtropical climate, characterized by an mean
annual temperature of 17.6°C (type Cfa). The prevailing winds in the area are influenced
by the Tropical Atlantic air masses. Additionally, the relative air humidity fluctuates
around 80% (Alvares et al., 2013). The soil classification at great group level by Soil
Survey Staff (2022) are: Albaqualf (SXe3), Hapludult (PBACal), Udorthent (RLd), and

Paleudult (PVAd) (Figure 1).
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Figure 1. Location map of the Santa Rita watershed, displaying sampling points with a
zoomed-in focus on the sampling density, within the soil classification map at the great
group level, situated in the municipality of Pelotas, in the southern region of Rio Grande

do Sul, Brazil.
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2.2. Experimental design and soil sampling

The soil sampling was conducted using a two-stage process. In the first stage, an
experimental grid composed of 81 sampling points was established, which exhibited a
spatial distribution with a distance of 300 m between points. During this stage, certain
regions of the area were not able to be sampled due to accessibility challenges. However,
there were some shortcomings in the sampling process due to the difficult accessibility of
certain locations within dense forest areas. The presence of a mining area in the SRW
hindered sample collection due to rocky outcrops. Subsequently, to capture the spatial
variability structure of the soil attributes more comprehensively, a denser sampling
scheme was implemented. Additional 40 sample points were strategically placed in two
cross-sections, with varying distances between each pair of samples ranging from 1 meter
to 150 m (Figure 1). This sample densification was performed to better characterize the
spatial variability of the studied attributes at lower distances. Samples were gathered at
each sampling point, specifically from the intermediate layer between 0.075 m and 0.125
m, while ensuring the preservation of their structure. Volumetric rings measuring 0.5 m
high and 0.47 m in diameter were employed to aid in the collection process. In these
samples, the macroporosity (Ma) and bulk density (Bd) were measured utilizing the
methodology outlined by Teixeira et al. (2017). The determination of saturated hydraulic
conductivity (Ks) was accomplished through the utilization of the constant head
permeameter method, as described by Klute and Dirksen (1986).

Figure 2 illustrates the general procedure of statistical and geostatistical analyses
to assess spatial uncertainties of soil physical vulnerability, based on the characterization

of the distribution and spatial variability of physical-hydric attributes.
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Figure 2. General procedure of statistical and geostatistical analyses for assessing the
spatial uncertainties of the physical vulnerability of the soil in the Santa Rita watershed,

based on physical-hydric attributes.

Initially, the data of physical-hydric attributes underwent exploratory data
analysis. Geostatistical analyses were performed using the original magnitudes of
macroporosity and bulk density, as well as the transformed magnitude of saturated
hydraulic conductivity using the natural logarithm function. Semivariogram modeling
was carried out, and the fitted models were incorporated into sequential Gaussian
simulation. Subsequently, the simulated random fields of physical-hydric attributes were

validated, and spatial uncertainties were analyzed. Thresholds for the soil attributes
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analyzed in this study were defined in two ways: i) the quartiles of the cumulative
frequency distribution curve were determined, and ii) values and methodologies proposed
in the literature were used to define critical values for macroporosity, bulk density, and
saturated hydraulic conductivity. Probability maps of areas below the thresholds for soil
physical attributes were developed to assess the vulnerability of physical quality based
on each attribute separately. Then, by combining the vulnerability maps of physical-
hydric attributes, integrated maps of physical vulnerability were generated, incorporating
the information from the attributes into a single map. An assessment of the uncertainty of
the probability of physical vulnerability in the watershed was conducted. Finally, the
relationship between the higher propensity for physical vulnerability and the land use and

elevation maps of the Santa Rita watershed was analyzed.

2.3. Statistical and geostatistical analysis

An exploratory analysis was conducted on the physical-hydric attributes using
conventional descriptive statistical techniques. These techniques included determining
the mean, standard deviation, coefficient of variation, maximum and minimum values.
The variability of the attributes was evaluated using the coefficient of variation (CV),
following the methodological approach proposed by Warrick and Nielsen (1980).
According to this approach, CV values below 12% indicated low variability, values
between 12% and 60% indicated intermediate variability, and values above 60% indicated
high variability. Furthermore, the CV indicates the level of difficulty in performing
kriging within the simulation methodology, with difficulty being directly proportional to
the CV value. To test the normality of the data distribution, the Shapiro-Wilk test (Shapiro
and Wilk, 1965) was used with a significance level of 5%. A P-value (P > 0.05) was

considered to determine data normality (Razali and Wah, 2011).
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To perform the geostatistical analyses, the variables Mac and Bd were kept in their
original magnitude, while the data related to the variable Ks were subjected to a
transformation using the napierian logarithm function (In(Ks)). The spatial dependence
structure was evaluated using the classical estimator proposed by Matheron (Matheron,

1963), as described in Equation 3:
) n(h)
- _ 2
y(h) =50 Z 2+ h) = Z(w)] )
where y(h) is the experimental semivariance value as a function of h; n(h) is the number
of observation pairs of the variable Z separated by a distance h; and h is the separation
distance between observation pairs n(h), measured in u and u+h.

To confirm the presence of anisotropic conditions, we calculated the directional
experimental semivariograms (using Equation 3) following the methodology proposed by
Goovaerts (1997). This involved examining eight main research orientations: 0°, 22.5°,
45°, 67.5° 90°, 112.5° 135° and 157.5° The parameters of interest, such as the nugget
effect (co), contribution (C), the sill (C+co) representing the sample variance, range (R),
and the theoretical model, were adjusted accordingly.

Sequential Gaussian simulation (SGS) is a probabilistic approach that generates
stochastic realizations of random fields capable of replicating the same level of variability
observed in the regionalized variable being studied, thereby enabling an assessment of
the uncertainties associated with the spatial distribution of the variable. According to
Goovaerts (1997), SGS can be defined as a sequential simulation technique applied to
multigaussian random functions. Within the framework of SGS, the shape of the spatial
uncertainty distribution for a given variable is derived from the mean kriging variance, as
explained by Srivastava (2013). In geostatistical simulation, as described by Deutsch and

Journel (1998), the value of the variable at each cell in the grid is randomly drawn from
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the conditioned cumulative probability distribution, which is constructed based on the
mean and variance of kriging. Consequently, it becomes necessary to obtain successive
conditional cumulative distribution functions (ccdfs) at each grid node, following
Equation 4:

F(u; zI(n)) = Prob(Z(u) < zI(n)) a7
where u is the location of variable Z(u), z is a threshold value of the ccdf, and n is the
conditioning information used to construct the ccdf of the simulated values.

From the random sampling of cumulative distribution functions (CCDFs) at all
grid nodes (Equation 5), multiple random fields of the spatial distribution of physical-
hydric attributes can be concurrently generated:

F(uq, Uy, oy Uy; Zg, oo, 2yl (0)) = Prob(Z(uy) < 7y, ..., Z(uy) < zyl(n)) (18)
where N is the number of nodes in the grid and u'i is the location of the variable where
there are no observed data.

To perform the SGS, it is necessary that the variographic modeling of the physical-
hydric attributes has already been carried out (Equation 1). According to Goovaerts
(1997), a grid must be generated for the variable and study area using SGS. The following
procedures must be adopted for SGS: (i) the dataset of the physical-hydric attributes must
have a normal Gaussian distribution. Therefore, frequency distribution normalization
must be performed by obtaining normal scores that have a mean of zero and variance of
one; (ii) a random path within the grid to be simulated must be defined; (iii) using the
semivariogram of normal scores of the physical-hydric attributes, simple kriging should
be performed solely at a specific node of the grid. Based on the estimate, the conditional
mean and variance of the Gaussian distribution will be determined, defining the
cumulative conditional distribution function (Gaussian distribution), where the kriged

value at the point becomes the mean of the Gaussian distribution, and the kriging variance
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becomes the variance of the Gaussian distribution at that point; (iv) a value of the
Gaussian distribution must be randomly extracted and added to the data set; (v) the
algorithm will visit the next node of the grid, following the random path.

Considering the sampled and previously simulated data, steps (iii) and (iv) are
repeated until all nodes of the grid have been visited; (vi) after completing the simulation,
a simulated value is obtained for each node of the grid. However, these simulated values
{y"u;", j =1, ..., N} are in the magnitude of the Gaussian space. Therefore, the data
must be transformed back to the original sample space of the attribute; (vii) a realization
of the simulation (a generated map) is obtained at the end of step vi. To generate a new
random field, a new value must be drawn from the Gaussian distribution at each point,
and so on until | realizations are generated.

The validation of the | maps obtained by the simulations was performed according
to the following criteria:

1. The sampled values of the physical-hydric attributes, at their respective spatial

locations, must be honored by the simulation (Equation 4).

7MW = Z(uy) (29)
Yu = ug,
a=1,..,n

2. The histograms of the simulated values should be similar to those of the
sampled data of the of the physical-hydric attributes.

3. The spatial dependency structure of the simulated values (semivariogram) for
the I realizations should be similar to that of the sampled physical-hydric attributes.

The analysis of uncertainties in the physical-hydric attributes was evaluated
through spatial variability analysis performed by SGS and equiprobable random fields

(Siqueira et al., 2019). The optimal number of random fields for uncertainty analysis of
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each attribute was determined based on the fluctuation of the standard deviation of the

accumulated random fields, selecting the number at which stabilization occurs.

2.4. Uncertainty analysis

The uncertainties were assessed following the subsequent steps: i) calculation of
the attribute in each field; ii) development of the cumulative frequency curve of the mean
values of the random fields; iii) calculation of the 5th and 95th percentiles; iv) selection
of fields whose averages are close to the 5th and 95th percentiles of the probability of not
exceeding the mean of all fields, representing pessimistic and optimistic scenarios for Ma
and Ks, respectively, and optimistic and pessimistic scenarios for Bd, respectively (Figure
3). Using the fields corresponding to the 5th and 95th percentiles, the overall effects of

spatial variability of the physical-hydric attributes were analyzed.
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Figure 3. General procedure for the selection of simulated scenarios for the uncertainty

analysis of physical-hydric attributes in the Santa Rita watershed.

The uncertainties regarding the simulations of random fields of physical-hydric
attributes were assessed by calculating the absolute difference between the optimistic and
pessimistic scenarios, as described by Equation 7.

Uncertainty = |Scenariogprimistic — SCENAT0pessimistic| (7)
where Uncertainty will be introduced in the magnitude of the assessed physical-hydric
attribute.

In order to identify potential zones of vulnerability regarding the physical quality
of soil, maps of probability were developed, ranging from 0% to 100%, indicating

probability of the SRW area falling below the threshold values for physical-hydric
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attributes determined from the cumulative frequency curve of the attributes and values
proposed in the literature.

The critical values of the physical-hydric attributes were determined in two ways:
i) by using the 25th, 50th, and 75th quartiles of the cumulative frequency curves as
thresholds, and ii) by employing values and methodologies published in the literature.

The thresholds for Ma, Bd, and Ks based on cumulative frequency curves will be
the attribute values corresponding to the 25th (lower quartile), 50th (median), and 75th
(upper quartile) percentiles, respectively. Proposed cutoff values from the literature will
be evaluated for soil attributes, such as the values defined for Ma used by various authors
like Baver (1949), Grable (1968), Reinert (2001), Suzuki et al. (2022); Bd proposed by
Reichert et al. (2003) and Suzuki et al. (2022); and Ks proposed by Reichert et al. (2003)

(Table 1).

Table 1. Thresholds proposed by the literature for the physical-hydric attributes.

Attribute Thresholds Reference
Ma Ma < 10% Baver (1949),
Grable (1968),

Reinert (2001),
Suzuki et al. (2022)

Bd Bd > 1.65 Mg m? Reichert et al. (2003)
Function of 10% macroporosity Suzuki et al. (2022)
Ks Function of 10% macroporosity Reichert et al. (2003)

Ma: macroporosity; Bd: bulk density; Ks: saturated hydraulic conductivity.

Critical zones of SPQ, based on physical-hydric attributes, were evaluated through
probability maps of the occurrence of SRW area below the Ma and Ks thresholds and
above the Bd based on cumulative frequency curves and cutoff values published in the
literature. Subsequently, various combinations of these critical zone scenarios based on
physical-hydric attributes were generated, resulting in integrated soil physical

vulnerability maps (SPV). Equations 7, 8, and 9 demonstrate the probabilities of SPV



153

based on different combinations of critical scenarios, as well as the respective weights
assigned to SPV. Equation 8 establishes the SPV based on thresholds of Ks and Bd, which
are determined as a function of a 10% Ma, which are 25.86 mm h™* and 1.53 Mg m*,
respectively. Equation 9 determines SPV based on Ks, Bd based on thresholds of Ks and
Bd, which are determined as a function of a 10% Ma, and 10% Ma. Equation 10
establishes the SPV relying on the Ma and Bd thresholds, as reported in Reichert et al.
(2003), which are 10% and 1.65 Mg m3, respectively.

SPV = 0.5 (Prob[Ks < TRks]) + 0.5 (Prob[Bd > TRz,]) (8)
SPV = 0.4 (Prob[Ks < TRgs]) + 0.4 (Prob[Bd > TRg,4]) (9)
+ 0.2 (Prob[Ma < TRy,])

SPV = 0.5 (Prob[Ma < TRy,]) + 0.5 (Prob[Bd > TRz4]) (10)
where SPV represents the soil physical vulnerability, Prob denotes the probability of the
area being physically vulnerable (%), and TR is the threshold.

In each node of the grid, the 5th and 95th percentiles of probability values were
determined. Subsequently, optimistic and pessimistic maps of the probability of the area
being physically vulnerable were generated based on these percentiles. Next, the
uncertainty regarding the probability values of physical vulnerability was assessed by
calculating the absolute difference between the optimistic and pessimistic scenarios, as
described by Equation 11.

Uncertainty = |Proboptimi5tic — Probpessimistic| (12)
Where uncertainty will be presented in probability (%), Prob is the probability of the area
being physically vulnerable (%).

A visual analysis was conducted comparing the pessimistic and optimistic SPV
maps with the land use map and elevation map of the Santa Rita Watershed, aiming to

identify which land uses are more detrimental to the physical quality of soils and to
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explore the relationship between the physical-hydric attributes and physical fragility in
these land uses.

To perform the exploratory data analysis, the R software (R Core Team, 2008)
was used. The geostatistical analyses of spatial variability modeling and sequential
Gaussian simulation were carried out using the geostatistical modeling software
SGeMS/AR2GeMS (Remy et al., 2009). ArcGIS, version 10.6.1 (ESRI) was used for

spatial data processing and visualization.

3. Results and discussion
3.1. Exploratory analysis

Table 2 displays that the mean and median values for Ma (10.17% and 9.01%,
respectively) and Bd (1.52 Mg m= and 1.54 Mg m3, respectively) are closer in proximity.
However, regarding Ks, the mean and median values are significantly disparate (77.47
mm ht and 26.10 mm h, respectively), in accordance with Centeno et al. (2020) and
Soares et al. (2020). According to Warrick and Nielsen (1980), the variability of Ma is
intermediate, Bd is low, and Ks is high. Wang et al. (2021) found coefficients of variation
of 21.7% for Ma and 18.3% for Bd, both classified as intermediate. The high variability
of Ks is associated with the diverse land uses found in the study area, consistent with
findings reported by Hu et al. (2009). According to Papanicolaou et al. (2015) and
Baiamonte et al. (2017), the extensive diversity of variations in Ks data is widely
acknowledged, regardless of the measurement method, sampling scale, soil class, and
land use. Both Ma and Ks demonstrate a tendency towards non-normal distribution, as
indicated by the p-value < 0.05 (p-value = 5.56E-6 and 1.29E-17, respectively). On the
other hand, Bd shows a tendency towards normality, with a p-value > 0.05 (p-value =

0.1226). The coefficients of Skewness and Kurtosis indicate that Bd presents less
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variability and tends towards a normal distribution, whereas Ma and Ks exhibit higher
variability and a tendency towards a non-normal distribution, owing to the differences in
their values.

Table 2. Descriptive statistics for exploratory analysis of physical-hydric attributes of

soils in the Santa Rita watershed, located in the municipality of Pelotas, in the southern
region of Rio Grande do Sul, Brazil.

Attributte N X Med. S Ccv Skew Kurt
Ma 121 10.17 9.01 5.35 52.59 1.07 1.31
Bd 120 1.52 1.54 0.12 7.93 -0.33 -0.31
Ks 121 7747 2610 141.72 182.93 3.47 14.11

Ma: Macroporosity (%); Bd: Bulk density (Mg m=); Ks: saturated hydraulic conductivity
(mm h1); N: Number of data points; X: Mean; Med.: Median; S: Standard deviation; CV
(%): Coefficient of Variation; Skew: Coefficient of Skewness; Kurt.: Coefficient of
Kurtosis.

3.2. Sequential Gaussian simulation of physical-hydric attributes

Table 3 presents the parameters of the semivariogram models fitted to the data of
Ma, Bd, and In(Ks). For all the studied hydrological physical attributes, the theoretical
spherical model exhibited the best fit to the experimental points of semivariance,
consistent with the findings of Rabbi et al. (2014) and Godoy et al. (2019). It is worth
noting that the spatial continuity of the variables was very close, with ranges of 880.0 m,
750.0 m, and 850.0 m for Ma, Bd, and In(Ks), respectively. However, it becomes evident
that assessing the presence of anisotropy in the phenomenon is important, given that the
directions of higher spatial continuity of Ma and Ks were distinct from the direction of
higher spatial continuity of Bd. Ma exhibits a spatial continuity of 880.0 m in the direction
of 0° and 450.0 m in its perpendicular direction with lower spatial continuity (90°). Bd
has a spatial continuity of 750.0 m in the direction of higher continuity, 880.0 m, and
150.0 m in the direction of lower continuity (0°). On the other hand, In(Ks) has a spatial

continuity of 850.0 m in the direction of higher continuity (0°) and 250.0 m in the
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direction of lower continuity, 90°. Catione et al. (2019) found ranges of 41.3 m for Ma
and 22.2 m for Bd in the soil layer at a depth of 0.0 - 10.0 m. Wang et al. (2021), in their
findings, identified a range of 32.46 m for Ma, 25.2 m for Bd, and 25.2 m for log10KSs.
Huang et al. (2016) observed a range of 158.0 m for Ks. Meanwhile, Soares et al. (2020)
reported a range of 131.0 m for Ks. These results indicate that spatial continuity is
proportional to the sampling scale. The analysis of spatial variability at the field scale will
yield smaller ranges compared to those found at the watershed scale. However, there is
uncertainty associated with increased heterogeneity as the area expands (Picciafuoco et

al., 2019).

Table 3 - Parameters of the semivariogram models fitted to the physical-hydric attributes
for data from the Santa Rita watershed, located in the municipality of Pelotas in the
southern region of Rio Grande do Sul, Brazil.

Attribute  Azimuth  Variance o C R (m) Theorical model
Ma 0° 28.6 6.6 22.0 880.0 Spherical

90° 28.6 6.6 22.0 450.0 Spherical
Bd 90° 0.0146 0.002 0.0126  750.0 Spherical

Qe 0.0146 0.002 0.0126  150.0 Spherical
Ln(Ks) 0 2.33 0.33 2.0 850.0 Spherical

90° 2.33 0.33 2.0 250.0 Spherical

Ma: macroporosity; Bd: bulk density; In(Ks): napierian logarithm of saturated hydraulic
conductivity; co: nugget effect; C: contribution; R(m): range in meters.

The transformation of the physical-hydric attributes into Gaussian space was
performed using the Nscore function. The transformation of data into normal scores
results in a change in the proportion of variance. However, it does not alter the spatial
dependence structure. In the Gaussian space, the normal scores of the attributes have a
mean of zero and a variance of one. Thus, for use in Gaussian sequential simulation, the
semivariograms had their variance adjusted to the Gaussian space, with a variance of one.

The effect of clustering resulting from sample density was evaluated by

comparing the variances of clustered and declustered data for the physical-hydric
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attributes using the nearest neighbor method (Table 4). Table 4 demonstrates the
significant impact of sample density on data variance, with the highest effect observed in
Ks, showing a difference of 54.3% in variances. On the other hand, Bd exhibited the
lowest effect, with a difference of 13.1% between clustered and declustered variances.

All evaluated attributes showed a significant difference in variance (Percentage > 5%).

Table 4. Evaluation of the preferential clustering effect resulting from the sample density
of the physical-hydric attributes for data from the Santa Rita watershed, situated in the
municipality of Pelotas in the southern region of Rio Grande do Sul, Brazil.

Attribute Clustered variance Declustered variance Percentage (%)
Ma 28.6 38.6 25.9
Bd 0.0146 0.0168 13.1
Ks 11785.4 25768.7 54.3
In(Ks) 2.15 2.51 14.3

Ma: macroporosity; Bd: bulk density; Ks: saturated hydraulic conductivity; In(Ks):
naperian logarithm of saturated hydraulic conductivity.

For the validation of semivariograms of simulated random fields of physical-
hydric attributes, the correction of semivariograms was performed based on the
declustered variance of the attributes. Equations 12, 13, and 14 describe the spatial
continuity function in the direction of higher continuity, with declustered variance, for
Ma (azimuth 0°), Bd (azimuth 90°), and In(Ks) (azimuth 0°), respectively, considering

spherical models.

8.9 + 29.7. I1.5L - 0.5 (Lﬂ if0<h<a (2
V() = 880m 880m =
8.9 4+ 29.7, ifh>a
8.9, ifh=0
h R\
o 0.0024 + 0.0144 . [LSW —0.5 (m) l if0<h<a

0.0024 + 0.0144, ifh>a
0.0024, ifh=0

(13)
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0.35 + 2.16, if h>a

0.35, ifh=0

where h is the lag, the distance between pairs of samples.

The semivariogram model of the normal scores was employed for simulating the
physical-hydric attributes by SGS. Due to the occurrence of the preferential clustering
effect (Table 4), the declustered distributions of the physical-hydric attributes, obtained
using the nearest neighbor method, were used as a reference in the SGS algorithm.

Figure 4 demonstrates the fluctuations in the standard deviation value of the
accumulated random fields of Ma, Bd, and In(Ks). The standard deviation curve of
accumulated simulated random field values visually stabilizes with the addition of new
random fields (Soares et al., 2023). It can be observed that for Ma and Bd (Figures 4a and
4b, respectively), fluctuations stabilize after approximately the thirtieth simulated random
field. However, for In(Ks) (Figure 4c), significant variability is present, with fluctuations

stabilizing after the ninety-seventh simulated random field.
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Figure 4. Standard deviation of the accumulated simulated random fields values of
macroporosity (a); bulk density (b); and napierian logarithm of saturated hydraulic
conductivity (c), in the Santa Rita watershed, Pelotas, in southern Rio Grande do Sul,

Brazil.

The pessimistic (5th percentile) and optimistic (95th percentile) scenarios of Ma
can be observed in Figures 5a and 5b, respectively. It can be observed that the two
scenarios are similar, indicating low variation between the pessimistic and optimistic
scenarios of Ma in the SRW. Figure 5¢c demonstrates that the uncertainties of Ma are low,
with the majority of the area having uncertainties below 5%. The coefficient of variation
of the simulated random fields of Ma was intermediate in the majority of the basin (yellow
region) with some regions exhibiting high variability (red region), according to Warrick
and Nielsen's classification (1980). Ma is regarded as an indirect gauge for the
arrangement of soil (Zhang et al., 2019) and a reliable indicator of the physical state of
soils (Ball et al., 2007). We can observe that a significant portion of the SRW exhibits
low Ma values (red on the map), while certain areas display high Ma values (green on the

map). These high Ma areas correspond to the native forest areas adjacent to watercourses.
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Figure 5. Simulated random field 24 (a); simulated random field 15 (b); uncertainty of
the simulated random fields (c); and coefficient of variation of the simulated random
fields (d) of macroporosity, in the Santa Rita watershed, Pelotas, in southern Rio Grande

do Sul, Brazil.

The pessimistic (95th percentile) and optimistic (5th percentile) Bd scenarios can
be seen in Figures 6a and 6b, respectively. It can be observed that both scenarios are
similar in the southern region of the SRW; however, greater discrepancies are visible in
the northern region. Figure 6¢ demonstrates that the uncertainties of Bd are low in the

majority of the SRW, with uncertainties below 0.1 Mg m™. The coefficient of variation
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for the simulated random fields of Bd was low for the entire SRW area, in accordance
with the classification by Warrick and Nielsen (1980). This result demonstrates the low
variability of the attribute when compared to Ma and In(Ks). Bd is an important indicator
as it can indicate the degree of soil fragility. Agricultural areas tend to exhibit higher
values of Bd (Obour et al., 2018). We can observe that a significant portion of the SRW
exhibits high Bd values (red on the map), whereas areas with low Bd values (blue on the
map) are located in the native forest areas north of the SRW, corroborating the findings

of Centeno et al. (2020).
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Figure 6. Simulated random field 2 (a); simulated random field 4 (b); uncertainty of the
simulated random fields (c); and coefficient of variation of the simulated random fields
(d) of bulk density, in the Santa Rita watershed, Pelotas, in southern Rio Grande do Sul,

Brazil.

The pessimistic (5th percentile) and optimistic (95th percentile) scenarios of In(Ks)
can be observed in Figures 7a and 7b, respectively. It can be observed that the two
scenarios are similar, highlighting, as in Ma and Bd, a low variation between the
pessimistic and optimistic scenarios in SRW. The southernmost region of SRW exhibited
the greatest discrepancy between the two scenarios. Figure 7c¢ demonstrates that the
uncertainties of In(Ks) are low, with the majority of the area having uncertainties below
5 mm h. The coefficient of variation of the simulated random fields of In(Ks), as well
as for Ma, was intermediate in the majority of the basin (yellow region) with some regions
showing high variability (red region), according to the classification by Warrick and
Nielsen (1980). In general, the areas with higher values of In(Ks) are associated with
native forest present in the SRW. In(KSs) is directly related to higher Ma values and lower

Bd values (Alletto et al., 2010; Sacco et al., 2012; Linh et al., 2017; Centeno et al., 2020).
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Figure 7. Simulated random field 70 (a); simulated random field 53 (b); uncertainty of
the simulated random fields (c); and coefficient of variation of the simulated random
fields (d) of napierian logarithm of saturated hydraulic conductivity, in the Santa Rita

watershed, Pelotas, in southern Rio Grande do Sul, Brazil.

All simulated random fields were validated by assessing their agreement with the
sampled data, histograms, and semivariograms of the sampled data. For representational
purposes, random fields corresponding to the 5th and 95th percentiles were chosen for

each analyzed physical-hydric attribute.
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To assess whether the simulation honored the sampled data, a scatter plot of the
residuals, which represent the differences between the simulated and sampled values at
each of the surveyed locations, was generated. Figure 8 displays the residual dispersion
of the simulated random fields for Ma (Figures 8a and 8b), Bd (Figures 8c and 8d), and
In(Ks) (Figures 8e and 8f). It can be observed that both equiprobable scenarios exhibited
little variation in residual values and a mean close to zero. Some residual points stood out
in terms of variation due to the occurrence of samples in the field that did not coincide

with the nodes of the simulation grid.
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Figure 8. Dispersion of residual errors of simulated field 24 of the macroporosity (a);
simulated field 15 of the macroporosity (b); simulated field 2 of the bulk density (c);
simulated field 4 of the bulk density (d); simulated field 70 of the of napierian logarithm
of saturated hydraulic conductivity (e); simulated field 53 of the of napierian logarithm
of saturated hydraulic conductivity (f), in the Santa Rita watershed, located in Pelotas, in

the southern region of Rio Grande do Sul, Brazil.

Figure 9 presents the histograms of the simulated pessimistic and optimistic
random fields of Ma, Bd, and In(Ks), validated against the declustered histograms of the
observed data of Ma, Bd, and In(Ks). It can be observed that both scenarios of the

physical-hydric attributes accurately reproduced the declustered data histograms.
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Figure 9. Comparison of the histograms of simulated field 24 of the macroporosity (a);

simulated field 15 of the macroporosity (b); declustered macroporosity (c); simulated

field 2 of the bulk density (d); simulated field 4 of the bulk density (e); declustered bulk

density (f); simulated field 70 of the of napierian logarithm of saturated hydraulic
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conductivity (g); simulated field 53 of the of napierian logarithm of saturated hydraulic
conductivity (h), unclustered napierian logarithm of saturated hydraulic conductivity (i),
in the Santa Rita watershed, located in Pelotas, in the southern region of Rio Grande do

Sul, Brazil.

Figure 10 depicts the comparison of semivariograms between simulated
pessimistic and optimistic random fields of Ma, Bd, and In(Ks) with the theoretical
models of Ma, Bd, and In(Ks) in the direction of higher spatial continuity. The spatial
continuity of the simulated random fields Ma (Figure 10a) reached the level of declustered
data, however, there were differences in the semivariances in the initial lag distances,
leading to ergodic fluctuations (Goovaerts, 1997). These fluctuations occurred because
the theoretical semivariogram was unable to perfectly fit the points of the experimental
semivariance, which corresponded to field data. Thus, the semivariograms of the
simulated fields are more influenced by the points of the experimental semivariance than
by the adjusted theoretical semivariogram. Figures 10b and 10c demonstrate that for Bd
and In(Ks), respectively,. The semivariograms of the simulated random fields of Ma and
In(Ks) performed well in matching the theoretical semivariograms of their respective
attributes. In particular, the simulated random fields of Bd provided the best
representation, while those of Ma exhibited the highest variability in the semivariograms.
Overall, the simulations of Ma, Bd, and In(Ks) were satisfactorily validated through the
representation of observed data, histograms, and semivariograms of declustered data

(Goovaerts, 1997).
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Figure 10. Comparison of the semivariograms of random fields and the declustered
theoretical semivariogram of macroporosity (a); bulk density (b); and napierian logarithm
of saturated hydraulic conductivity (c), in the Santa Rita watershed, Pelotas, in southern

Rio Grande do Sul, Brazil.

3.3. Mapping critical zones of physical quality based on the physical-hydric attributes
The mapping of critical zones in the SRW was conducted through the
development of physical-hydric vulnerability maps for each studied physical attribute.
Vulnerability maps were created based on 30 simulated random fields of Ma, 30
simulated random fields of Bd, and 98 simulated random fields of In(Ks). These maps
indicate the probability of the SRW area being below the threshold values of Ma and Ks
and above the threshold values of Bd, as described in Table 5.
Table 5. Thresholds values for the physical-hydric attributes, according to limits proposed

in the literature and developed for the data from the Santa Rita watershed, located in the
municipality of Pelotas, in southern Rio Grande do Sul, Brazil.
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Attribute Reference Thresholds
Lower quartile <6.26%

Macroporosity Median <9.01%
Upper quartile < 13.09%
Value of literature < 10.00%
Lower quartile >1.44 Mg m™®

Bulk density Median >1.54 Mg m™
Upper quartile >1.61 Mg m?
Value of literature for study area > 1.53 Mg m™

Napierian logarithm
of the saturated
hydraulic
conductivity

Lower quartile

Median

Upper quartile

Value of literature for study area

<2.18 (=8.83 mmh?)

< 3.26 (= 26.10 mm h'%)
< 4.22 (=67.79 mm h')
< 3.25 (= 25.86 mm h'%)

Figures 11, 12, and 13 illustrate the probability of the SRW area being prone to

degradation or degraded based on Ma, Bd, and In(Ks). Figures 11a, 11b, and 11c

demonstrate the critical zones of physical quality using thresholds represented by the

quartiles of the cumulative probability curve of Ma, while Figure 11d illustrates based on

the critical value of 10% of Ma disseminated in the literature (Baver, 1949; Grable, 1968;

Reinert, 2001; Suzuki et al., 2022). For Bd, Figures 12a, 12b, and 12c demonstrate the

critical zones of physical quality using thresholds represented by the quartiles of the

cumulative probability curve, while Figure 12d illustrates based on the Bd of 1.53 Mg m"

3, defined from Suzuki et al., 2022. As for In(Ks), Figures 13a, 13b, and 13c demonstrate

the critical zones of physical quality using thresholds represented by the quartiles of the

cumulative probability curve, while Figure 13d illustrates based on the In(Ks) of 3.25 (

Ks = 25.86 mm h!), defined from Reichert et al., 2003.
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Figure 11. Probability of occurrence of macroporosity below 6.26% (a); below 9.01%
(b); below 13.09% (c); and below 10% (d), in the Santa Rita watershed, located in Pelotas,

southern Rio Grande do Sul, Brazil.
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Figure 12. Probability of occurrence of bulk density above 1.44 Mg m™ (a); above 1.54
Mg m= (b); above 1.61 Mg m™ (c); and above 1.53 Mg m™ (d) in the Santa Rita

watershed, located in Pelotas, southern Rio Grande do Sul, Brazil.
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Figure 13. Probability of occurrence of saturated hydraulic conductivity below 8.83 mm
h (a); below 26.1 mm h (b); below 67.79 mm h (c); and below 25.86 mm h* (d) in

the Santa Rita watershed, located in Pelotas, southern Rio Grande do Sul, Brazil.

Analyzing the scenarios of the most critical zones of physical quality represented
by the maps of the lower quartile of Ma and Ks (Figures 10a and 12a, respectively) and
the upper quartile of Bd (Figure 11c), it can be noted that the extremely critical areas,
with a 100% probability of being below 6.26% of Ma, 8.83 mm h™! of Ks, and above 1.61

Mg m™ of Bd, coincide. This demonstrates the interrelation that these attributes possess.
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The maps of the critical zones of physical quality based on the median of the cumulative
probability curve of Ma, Bd, and Ks (Figures 11b, 12b, and 13b, respectively) presented
spatial patterns very similar to the maps based on critical literature values for Ma, Bd, and
Ks (Figures 11b, 12b, and 13b). Figures 11b, 12b, and 13b illustrate the probability of the
area being below 10% of Ma, above 1.53 Mg m=, and below 25.86 mm h%, thresholds
based on critical literature values. It can be observed that overall, the southern region of
SRW has a higher restriction on physical quality when analyzing the three attributes.
Although Ma has a larger restricted area and Ks is directly related to it, SRW has fewer
restricted areas concerning Ks, as the presence of native forest around the water body
contributes to root development and a higher Ks (Lee and Foster, 1991; Baiamonte et al.,

2017).

3.4. Soil physical vulnerability based on the physical-hydric attributes

Figures 14a, b, and c depict the SPV maps developed based on Equations 7, 8, and
9, respectively. It can be observed that the SPV scenario utilizing critical Bd and Ks
values for the SRW exhibited the most critical zones of physical vulnerability, whereas
the map developed using thresholds proposed in the literature presented fewer physically
vulnerable regions. However, all three scenarios demonstrated a similar spatial pattern of
physical vulnerability, with regions north of the SRW showing fewer vulnerable zones
and regions south of the SRW predominantly characterized by critical zones, from a soil
physics perspective. Figure 14d demonstrates that the cell-by-cell uncertainty of the
probability of physical vulnerability is low in the majority of the SRW area (probability
< 25%). However, there are some regions with considerably significant uncertainties

(probability > 25%), represented by yellow and red regions. In these areas of uncertainty,
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a more detailed analysis of the analyzed physical-hydric attributes should be conducted

to better understand their behavior and suggest the most suitable management practices.
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Figure 14. Percentage of soil physical vulnerability based on critical bulk density and
saturated hydraulic conductivity, defined for the study area (a); percentage of soil physical
vulnerability based on critical bulk density, saturated hydraulic conductivity defined for
the study area, and a critical macroporosity of 10% (b); percentage of soil physical
vulnerability based on critical bulk density and macroporosity, using threshold values

from the literature (c); cell-by-cell map of uncertainties in the probability of soil physical
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vulnerability, using three physical vulnerability maps generated from different
combinations of physical-hydric attributes described in figures a, b, and c (d), in the Santa

Rita watershed, located in Pelotas, southern Rio Grande do Sul, Brazil.

Figures 15a and b depict the pessimistic and optimistic scenarios of soil physical
vulnerability, respectively. These scenarios were developed based on the values
corresponding to the 5th and 95th percentiles, cell-by-cell, of the physical vulnerability
percentage. The generation of these scenarios involved three physical vulnerability maps
created using different combinations of physical-hydric attributes (Equations 7, 8, and 9).
It can be observed that the pessimistic scenario aligns with the Soil Physical Vulnerability
(SPV) developed using critical Bd and Ks values defined for the study area. On the other
hand, the optimistic scenario aligns with the SPV developed using the Bd and Ma
thresholds proposed in the literature. However, as mentioned earlier, these patterns
exhibit limited regions with high associated uncertainty. Analyzing Figures 15c¢ and d,
which represent the land use and elevation maps of the study region, a relationship
between physical vulnerability and land use becomes evident. In general, the zones with
the highest likelihood of being physically vulnerable (red in the map, Figure 15a and b)
are associated with areas under annual and perennial crops, followed by low-lying native
grassland areas in the southern region of SRW. Conversely, the areas covered by native

forest concentrated in the northern region of SRW are less prone to physical vulnerability.
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Figure 15. Map representing the pessimistic (a) and optimistic (b) scenarios of soil
physical vulnerability, developed on the values corresponding to the 5th and 95th
percentiles, cell by cell, of the physical vulnerability percentage, respectively, using three
physical vulnerability maps generated from different combinations of physical-hydric
attributes; land use map (c); elevation map (d), in the Santa Rita watershed, located in

Pelotas, southern Rio Grande do Sul, Brazil.

Soils under native forests typically exhibit high Ma values, attributed to higher
vegetation cover, organic matter content, and root development (Lee and Foster, 1991;

Centeno et al., 2020). In areas where native vegetation is preserved, a wide variety of
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species with different root growth patterns is observed. This contributes to the
development and maintenance of porous spaces in the soil, resulting in an increased water
storage capacity with higher Ma and a decrease in Bd. Consequently, new pathways for
preferential water flow are created, leading to an increase in Ks and an improvement in
soil structure. Therefore, it can be observed that the physical-hydric attributes, which form
the basis of SPV, are significant indicators of the physical conditions of the soil, reflecting
its ability to drain excess water and facilitate root development in plants (Reynolds et al.,
2002; Drewry e Paton, 2005; Pulido-Moncada et al., 2014; Timm et al., 2019).

Cultivated areas are particularly susceptible to physical fragility due to the intense
use of agricultural machinery and aggressive management practices that negatively affect
soils (Avila et al., 2017). Studies conducted by Obour et al. (2018) observed an increase
in bulk density due to compaction processes in agricultural areas. Additionally, native
field that support livestock activities also exhibit a higher propensity for vulnerability. In
these regions, a decrease in biodiversity, a reduction in organic matter, and consequently,
a decrease in water infiltration capacity in the soil are observed (Zimmermann et al., 2006;
Mainuri and Owino, 2013). It has been found that cattle trampling contributes to the
decrease in organic matter in some parts of the studied area, corroborating previous
findings by Balbinot et al. (2009), Moreira et al. (2014), and Ortigara et al. (2014). The
pressure exerted by animal trampling transforms soil macropores into micropores,
causing changes in its structure (Bertol et al., 2004; Bonell et al., 2010; Salemi et al.,
2013). The elevation map (Figure 14d) is related to soil physical vulnerability in the sense
that in low-lying areas, there is a higher concentration of machinery flow and animal
trampling, activities that increase soil compaction and physical fragility.

The SPV maps developed in this study will serve to support decision-making

processes both at the field scale, for rural producers, and at the watershed scale, from a
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soil management and conservation perspective. Based on the SPV maps, it will be
possible to identify locations that require immediate intervention and those that need
medium to long-term intervention. Furthermore, by conducting a joint analysis of the SPV
maps and critical scenarios derived from each physical-hydric attribute, it will be possible
to determine which attribute contributes the most to the physical vulnerability of a given

location. This will enable a more effective soil management and conservation practice.

4. Conclusions

The heterogeneity of soils in the Santa Rita watershed was most prominently
evident in saturated hydraulic conductivity, compared to macroporosity and bulk density.

The application of sequential Gaussian simulation method proved to be effective
in characterizing the variability and spatial distribution of physical-hydric attributes,
enabling the identification of critical areas and the development of maps that highlight
zones with compromised physical soil quality.

Saturated hydraulic conductivity required the largest number of simulated random
fields to represent the variability of observed data. On the other hand, macroporosity had
fewer uncertainties associated with the simulated random fields, while bulk density
exhibited areas with lower coefficients of variation of the simulated random fields. The
spatial uncertainties of the probability of soil physical vulnerability were low, considering
the various combinations of physical-hydraulic attributes used in the assessment.

Mapping the physical vulnerability of the soil, based on the maps of critical zones
of physical soil quality obtained through the physical-hydric attributes, proves to be a tool
of great importance in assessing physical and structural quality, enabling the

identification of areas more prone to physical fragility. This approach can assist in proper
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soil management, promoting the sustainable utilization of natural resources and

contributing to environmental preservation.
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7. Considerac0es finais

A presente tese foi dividida em dois artigos cientificos. A ligacdo entre
estes artigos teve como elo a aplicacdo da simulacao geoestatistica na avaliacao
da qualidade fisica e estrutural dos solos de uma microbacia hidrogréfica,
considerando diferentes indicadores na avaliacao.

O indice S por estar diretamente relacionado a macroporosidade do solo,
densidade, carbono organico, condutividade hidraulica do solo saturado e
fracbes da distribuicdo granulométrica, demonstrou-se uma ferramenta
importante na avaliagcdo da qualidade fisica e estrutural do solo. A partir de
valores criticos definidos de indice S foi possivel identificar areas criticas e
mapear a vulnerabilidade fisica do solo.

O mapeamento da vulnerabilidade fisica do solo, com base nos mapas de
zonas criticas de qualidade fisica do solo obtidos por meio da integracdo dos
atributos fisico-hidricos, a saber: macroporosidade, densidade e condutividade
hidraulica do solo, mostrou-se uma ferramenta de grande importancia na
avaliac@o da qualidade fisica e estrutural, possibilitando a identificagéo de areas
mais propensas a fragilidade fisica.

O uso da técnica de simulacdo sequencial gaussiana aplicada aos
indicadores da qualidade fisica e estrutural do solo apresentados nesta tese,
demonstrou-se eficiente em caracterizar a variabilidade espacial e mapear as
areas que possuem boa qualidade fisica e estrutural, bem como as areas
restritivas, que necessitam de intervencdo no manejo para melhoria de suas
condicdes. A aplicacdo da simulacdo geoestatistica para caracterizar a
variabilidade, considerando as incertezas espaciais das variaveis em estudo,
constitui uma ferramenta poderosa para tomada de decisdo na escala da bacia
hidrografica. Essa abordagem pode auxiliar no manejo adequado do solo,
promovendo a utilizac&o sustentavel dos recursos naturais e contribuindo para a

preservacao ambiental.
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