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RESUMO

A hidropedologia estuda as relagcdes solo-agua em escalas espaciais e temporais, a partir da
integracdo entre a pedologia, a fisica do solo e a hidrologia. Conhecer as propriedades e a
distribuicdo dos solos na paisagem € essencial para o planejamento e gestdo dos recursos
hidricos, tanto para exercer medidas experimentais eficientes, como para interpretar a dindmica
da agua na paisagem. O presente trabalho foi desenvolvido na sub-bacias Posses, sub-bacia piloto
pioneira no pagamento por servicos ecossisttmicos no Brasil. Os objetivos deste trabalho
contemplam: 1) realizar o levantamento, a classificacdo e o mapeamento digital dos solos (MDS)
da sub-bacia Posses, comparando diferentes algoritmos; 2) desenvolver equacdes de calibracdo
de sensores de capacitancia especificas para as classes de solos e horizontes monitorados na sub-
bacia e; 3) levantar informac6es a respeito do padrdo temporal da umidade em seis profundidades
de Argissolos, em consonancia com os atributos fisico-hidricos do solo, em areas de pastagem e
reflorestamento. Para a confec¢do do mapa digital de solos, 74 perfis foram descritos, amostrados
e classificados; trés diferentes algoritmos comumente usados no MDS foram comparados com
base na validacdo cruzada. Amostras de solo indeformadas foram coletadas nos horizontes A e B
das classes de solo predominantes na sub-bacia para a calibracdo do sensor de capacitancia em
laboratdrio e diferentes modelos de regressdo foram investigados. O comportamento temporal da
umidade do solo foi monitorado em 4 perfis de Argissolos, sob pastagens e reflorestamento, com
sensores PR2/profile probe, do periodo de 08/2014 a 03/2018. Amostras deformadas e
indeformadas foram coletadas nos horizontes A e B dos quatro locais monitorados, para
caracterizacdo fisico-hidrica. O modelo Random Forest, incluindo amostragem adicional,
apresentou o melhor desempenho, e foi utilizado para confec¢do do mapa de solos da sub-bacia
das Posses, onde ha forte predominancia de Argissolos. EquacBes de calibracdo especificias
foram desenvolvidas para quatro classes de solo, ajustando modelos exponenciais, com acuracias
de 0.02 m®* m™. A partir das anélises das séries temporais da umidade nos perfis dos Argissolos,
foi constatado que a umidade do solo foi superior nas camadas de 10 e 20 cm do solo na area de
reflorestamento, em relacdo as pastagens, e uma maior similaridade no padrdo de variacdo da
umidade entre os quatro locais com o0 aumento da profundidade do solo. As maiores diferencas
no padrdo de variacdo da umidade foram observadas nos periodos de menor ocorréncia de
chuvas. Nas profundidades abaixo de 30 cm, a umidade se manteve alta ao longo de todas as
séries temporais, reflexo da alta capacidade de retencdo de agua dos Argissolos da sub-bacia das
Posses e da elevada e bem distribuida precipitacéo.

Palavras-chave: Mapeamento digital de solos. Calibracao sensores de umidade do solo. Sensores
capacitivos. Séries temporais de umidade.



ABSTRACT

Hydropedology emerges with the aim of improving the studies of soil-water relations at spatial
and temporal scales, from the interaction among pedology, soil physics, and hydrology. A key
factor in the planning and management of water resources consists of knowledge of the properties
and distribution of soils in the landscape, both to perform efficient experimental measures and to
interpret the dynamics of water in the landscape. The present work was developed in the Posses sub-
basins, a pioneer sub-basin in the payment for ecosystem services in Brazil. The objectives of this work
include: 1) to carry out the survey, classification and digital mapping of soil in the sub-basin and
compare different algorithms; 2) to develop specific calibration equations of capacitance sensors
for the soil classes and horizons monitored in the sub-basin and; 3) to obtain information about
the temporal pattern of soil moisture in six depths of Argisols, according to the physic-hydric
attributes of the soil, in pasture and reforestation areas. A soil survey was carried out and 74 soil
profiles were described, sampled and classified for the production of the digital soil map. Three
different algorithms were evaluated based on aggregated data from a proportional 5-fold cross-
validation procedure. Undisturbed soil samples were collected from the A and B horizons of the
predominant soil classes in the sub-basin for the calibration of capacitance sensors in the
laboratory and different regression models were investigated. Soil moisture temporal behavior
was monitored in four Argisol profiles, under pasture and reforestation, with PR2 / profile probe
sensors, from 08/2014 to 03/2018. Disturbed and undisturbed samples were collected from the A
and B horizons of the four sites monitored for physical-hydric characterization. The random
forest model including additional sampling showed the best performance among the three tested
models and was selected to produce the soil map of the Posses sub-basin, where there is a strong
predominance of Argisols. The capacitance sensors were calibrated by adjusting polynomial
equations with an accuracy of 0.02 m® m™. Based on the analyses of the time series of soil
moisture in the Argisol profiles, it was verified that the soil moisture was higher in the 10 and 20
cm soil layers in the reforestation area, when comparing to the pastures, and also that similarities
in the soil moisture pattern, among the four sites, were higher as the depth of the soil increases.
The greatest differences in the pattern of soil moisture variation were observed in periods of less
rainfall. In soil depths below 30 cm, the soil moisture remained high throughout all the time
series, reflecting the high water retention capacity of the Argisols of the Posses sub-basin and
also the high and well-distributed rainfall.

Keywords: Digital soil mapping. Soil moisture sensor calibration. Capacitive Sensor. Time series
of soil moisture.
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1 INTRODUCAO

O solo e a 4gua sdo elementos fundamentais na busca do equilibrio entre a necessidade de
exploracdo dos recursos naturais e a sustentabilidade ambiental. As interacGes existentes entre
estes dois elementos sdo complexas e uma abordagem multidisciplinar é necessaria para
interpreta-las corretamente. A integracdo da pedologia, a fisica do solo e a hidrologia, a fim de
melhorar os estudos das relagcdes solo-agua em escalas espaciais e temporais, foi formalmente
definida como hidropedologia por Lin (2003).

A hidropedologia foi sugerida por Lin (2003) como um ramo entrelagado da ciéncia do
solo com a hidrologia, que envolvem aproximagdes interdisciplinares para o estudo da
interatividade dos processos pedologicos e hidrologicos na chamada “zona critica da terra”, que
corresponde a zona que vai do topo da vegetacdo até a base do aquifero (RICHTER JR;
MOBLEY, 2009). Este tem se mostrado um campo promissor, com foco no avanco da ciéncia do
solo e da hidrologia, ao orientar a aquisicdo de dados de campo de forma mais eficaz, integrar o
conhecimento e melhorar as previsdes de modelos baseados nas relacbes complexas solo-agua-
vegetacdo existentes na paisagem (LIN, 2012).

O solo é o principal meio de transporte e armazenamento de agua, envolvido em
interacbes dinamicas com o reservatorio subterraneo e atmosférico, cujo comportamento
hidroldgico € reflexo dos seus atributos, posicdo na paisagem, tipo de vegetacdo e manejo e
condicdes climaticas (TONG; SHEN, 2010). O aprofundamento das andlises pedoldgicas, em
escalas de paisagem, e sua insercdo nas teorias de hidrologia, possibilitam o desenvolvimento de
modelos hidrolégicos mais realistas, fisicamente fundamentados e com menos dependéncia de
parametrizacdo, sendo este um dos desafios mais importantes para o hidrélogo (MELLO; CURI,
2012).

A variabilidade espacial e temporal da resposta hidroldgica de uma bacia hidrografica é
atribuivel a heterogeneidade da paisagem (TROCH et al., 2009). Consequentemente, é esperado
que nossa compreensdo da natureza da variabilidade do solo na paisagem aumente nossa
capacidade de modelar e prever a resposta hidroldgica de uma bacia hidrografica (LIN, 2012). A
variabilidade espacial dos solos e de suas propriedades intrinsecas é reconhecida como tendo
influéncia significativa sobre os processes de particdo da precipitagdo, em infiltracdo e

escoamento superficial, sobre a redistribuicdo lateral e vertical da dgua subsuperficial e sobre a
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distribuicéo espacial da umidade do solo (GUNTNER; BRONSTERT, 2004). O levantamento, a
classificacdo e o mapeamento dos solos fundamenta a interpretacdo do padrdo de variagcdo dos
solos ao longo da paisagem, ao passo que a descricdo de perfis do solo fornece informacdes
fundamentais da estrutura do solo “in situ” e das fei¢des hidromorfoldgicas presentes, que sao
assinaturas dos processos hidroldgicos ocorrentes no solo. O banco de dados do levantamento de
solos fornece uma gama de informagdes importantes para os hidrélogos, ao passo que a
classificacdo dos solos faculta um sistema hierarquico para organizar, modelar e transferir nosso
conhecimento sobre os diferentes tipos de solos (Lin, 2003). Além de fornecer informacdes
imprescindiveis para a aplicacdo de modelos hidrologicos, o mapeamento do solo também orienta
a tomada de medidas experimentais e a escolha dos locais a serem amostrados ou monitorados
em uma area de estudo.

Conhecer a distribuicdo dos solos na paisagem também é essencial para a interpretacao da
dindmica espaco-temporal da umidade na paisagem, ja que o comportamento hidroldgico do solo
¢ fortemente influenciado por suas caracteristicas intrinsecas, tais como profundidade
(MENEZES et al., 2009), textura (LUZ; LIMA, 2008; LIMA et al., 2013) e estrutura
(BRONICK; LAL, 2005). Solos de diferentes classes e com caracteristicas intrinsecas
influenciam de maneira distinta a dindmica da agua do solo. Além de orientar a selecdo de locais
para 0 monitoramento da umidade do solo, conhecer o padrdo de distribuicdo dos solos na
paisagem possibilita que informagdes pontuais, obtidas em escalas de pedon, sejam utilizadas
para inferir 0s processos que ocorrem em toda a paisagem.

Um dos principais problemas relacionados aos estudos que envolvem a ciéncia do solo,
apontado por Mello e Curi (2012), refere-se ao uso indiscriminado de amostras de solo
deformadas ou a preparacdo de colunas empacotadas com solo, nas quais estudos hidrolégicos
relacionados ao fluxo da agua no perfil do solo sdo realizados, ja que comprometem a estrutura
do solo e seu meio fisico, quimico e bioldgico. E exatamente nesse contexto que a
Hidropedologia se torna necessaria, pois enfatiza o significado original da Pedologia e sua
interacdo com o meio geofisico (LIN, 2011). No campo da hidrologia, Lin (2011) aponta que o
advento dos computadores e softwares aplicados a hidrologia vem provocando uma corrida ao
desenvolvimento de modelos e pouca importancia tem sido dada aos dados observados no campo.
Como explicado anteriormente, a hidropedologia trabalha com o objetivo de melhorar a previsao

dos fenbmenos hidrologicos, permitindo a expansdo do conhecimento sobre o comportamento
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dos atributos do solo relacionados com o fluxo da 4gua em micro escala e as suas relagdes com o
comportamento hidrolégico em macro-escala (MELLO; CURI 2012).

Nesse sentido, estudar o comportamento da umidade e sua variabilidade no perfil do solo,
através do monitoramento “in situ” do saldo de entrada e de saida de agua, auxilia na
compreensdo dos processos ligados ao balango hidrico em grandes escalas. Tais informagdes séo
fundamentais para modelagem e predicdo hidroldgica, restauracdo da vegetacdo e
sustentabilidade do uso do solo (WANG et al., 2014; LI et al., 2015). Métodos ndo destrutivos,
baseados na constante dielétrica do solo, tais como a reflectometria no dominio do tempo (TDR)
ou da frequéncia (FDR) e técnicas de capacitancia, tém sido extensivamente utilizados para o
monitoramento continuo da umidade do solo “in situ” e para medir ¢ modelar sua evolu¢iao no
espaco — tempo (ROMANO, 2014). Cabe aqui ressaltar que avaliagcdes precisas da umidade do
solo, a partir de sensores eletromagnéticos, requerem equacdes de calibracao especificas para 0s
solos (MORTL et al. 2011; ROWLANDSON et al. 2013) e horizontes (EVETT; TOLK;
HOWELL, 2006), ja que o comportamento dielétrico dos solos é inerente as suas propriedades
eletromagnéticas.

Para que as informagfes pontuais da umidade do solo possam ser estendidas para
descrever os padrdes de umidade do solo em toda a paisagem € essencial que as observacdes de
umidade sejam acompanhadas da caracterizacdo dos atributos do solo (PAN et al., 2012). Os
atributos do solo responsaveis pelo armazenamento e redistribuicdo de &gua, tais como a textura
do solo e a distribuicdo do tamanho de particula (BHARALLI, 2019), os atributos relacionados a
retencdo de a4gua (GEROY et al., 2011), a condutividade hidraulica (OJHA et al., 2017) e a
profundidade do solo (MENEZES et al., 2009), ttm-se mostrado fundamentais na interpretacao
do comportamento da umidade no perfil do solo e na aplicagdo de modelos matematicos na
tentativa de descrever e melhor compreender a dindmica da agua no sistema solo - planta -
atmosfera (PREVEDELLO et al., 2007).

O presente trabalho foi desenvolvido no contexto do projeto “Conservador das Aguas”, no
municipio de Extrema — MG. Com o intuito de assegurar a prote¢do dos mananciais estratégicos
no Brasil, a Agéncia Nacional de Aguas - ANA desenvolveu o “Programa Produtor de Aguas”
que apoia 0 projeto municipal “Conservador das aguas” na sub-bacia das Posses, em Extrema —

MG. Este € o projeto pioneiro no Brasil com o Pagamento por Prestacdo de Servigos Ambientais,
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0 qual visa a protecdo dos recursos hidricos que fornecem &gua para o Sistema Cantareira,
responsavel pelo abastecimento de 50% da populacéo da Regido Metropolitana de S&o Paulo.

A sub-bacia das Posses, local onde o presente estudo foi realizado, teve grande parte de
sua vegetacdo original substituida, principalmente pela pastagem extensiva, promovendo a
degradacdo do solo, modificando as condic¢des de infiltracdo e favorecendo a formacdo de
processos erosivos, comprometendo a recarga dos aqliferos. Por ser a mais impactada do
municipio, esta sub-bacia foi escolhida como a pioneira na implantacdo do projeto municipal
“Conservador das Aguas”. Desde entdo, esta area tem se tornado de grande apelo ambiental,
sendo adotada como unidade de planejamento e gestdo ambiental, sobretudo no que tange a
conservacao do solo e 4gua, com pagamento de servicos ambientais, uma vez que existe uma
necessidade da minimizacdo da erosdo hidrica e maximizacdo da recarga de agua subterranea
visando o abastecimento dos reservatdérios do Complexo Cantareira.

Com o intuito de levantar informac0es fisicas e pedolégicas para dar suporte aos diversos
estudos hidroldgicos que estdo sendo desenvolvidos na sub-bacia das Posses e para auxiliar na
tomada de medidas experimentais eficientes para a gestdo dos recursos hidricos, 0os objetivos
deste trabalho foram: 1) Realizar o levantamento, a classificacdo e 0 mapeamento digital dos
solos da sub-bacias Posses, comparando diferentes algoritmos para mapeamento digital; 2)
Desenvolver equacfes de calibracdo de sensores de capacitancia especificas para as classes de
solos e horizontes monitorados na sub-bacia e; 3) Investigar a dindmica temporal da umidade em
varias profundidades de Argissolos, em consonancia com os atributos fisico-hidricos do solo, em

areas de pastagem e reflorestamento na sub-bacia das Posses.
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ARTIGO 1 Digital soil mapping including additional point sampling in Posses ecosystem
services pilot watershed, southeastern Brazil

*Normas do periodico Scientific Reports (versdo preliminar)

Barbara Pereira Christofaro Silva®”, Marx Leandro Naves Silva®, Fabio Arnaldo Pomar Avalos?,
Michele Duarte de Menezes?, Nilton Curi?
a

Departamento de Ciéncia do Solo, Universidade Federal de Lavras UFLA, Av. Doutor Sylvio Menicucci, 1001,

Kennedy, Lavras , MG, Brasil.
*Corresponding author: barbarapcsilva@gmail.com; +55 35 997037760

This study aimed to evaluate the performance of three spatial association models used in digital
soil mapping and the effects of additional point sampling in a steep-slope watershed. A soil
survey was carried out and 74 soil profiles were analysed. The tested models were: Multinomial
logistic regression (MLR), C5 decision tree (C5-DT) and Random forest (RF). In order to reduce
the effects of an imbalanced dataset on the accuracy of the tested models, additional sampling
retrieved by photointerpretation was necessary. Accuracy assessment was based on aggregated
data from a proportional 5-fold cross validation procedure. Uncertainty was accounted based on
the multivariate environmental similarity surface (MESS). The RF model including additional
sampling (RF*) showed the best performance among the tested models (overall accuracy = 65 %,
kappa index = 0.60). The RF* allowed to link soil mapping units (SMU) and, in the case of less-
common soil classes in the watershed, to set specific conditions of occurrence on the space of
terrain-attributes. MESS analysis showed reliable outputs for 82.5 % of the watershed. SMU
distribution across the watershed was: Typic Rhodudult (56%), Typic Hapludult* (13%), Typic
Dystrudept (10%), Typic Endoaquent+Fluventic Dystrudept (10%), Typic Hapludult (9.5%) and
Rhodic Hapludox+Typic Hapludox (2%).

Keywords: Terrain attributes, Soil survey, Pedometrics, Multinomial Logistic Regression,
Decision tree, Random Forest
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Introduction

Knowledge of the geographic distribution of soils allows to assess environment-soil
relationships at the landscape level *. Such information is essential for agronomic assessment, soil
and water management and land use planning®~. Digital soil mapping (DSM) techniques are
supported by a well-known and widely accepted model in soil science: the factors of soil
formation. Early efforts to bring a quantitative solution to this model could be traced back to the
work of Jenny*. Currently, with the development of geographic information technology and data
processing, a comprehensive digital framework could be applied for the production of digital soil
maps*>*®.

The scorpan model, as formalized by McBratney et al.°, serves as a route for the
production of digital soil maps. It establishes a quantitative model for spatial association between
soil forming factors covariate maps and the occurrence of soil classes or properties. However,
since the spatial association complexity is highly variable among landscapes, there is still no
consensus or a pre-established function or operational model that could relate soilscape features
and the occurrence of soil classes, and so the model selection still represents a challenge in DSM
studies.

While current algorithms applied in DSM have shown acceptable performances (e.g.
Camera et al.”; Jeune et al.%; Taghizadeh-Mehrjardi et al.’), there is still a concern related to the
occurrence of less-common soil classes in the areas under study. These soil classes can have
significant effects on the process of model fitting, model selection, and output accuracies™. To
overcome this issue, different strategies could be adopted, e.g. feature-space oversampling! or
geographic space oversampling®?. Although these data-driven strategies have proved to be useful

in specific circunstances'®, some pedological aspects related to the occurrence of certain soil
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classes remain insolved. Pedologists' knowledge about the study area (mental model) could also
be incorporated into the digital mapping process, by identifying characteristic sites in aerial
imagery associated to soil profiles previously surveyed **, which might be useful to register
specific conditions of less-common soil classes. In this way, the qualitative soil-landscape model
would be translated into quantitative predictions supported by the spatial association between soil
classes occurrence and environmental covariates™

Different techniques of DSM have been widely assessed in studies in tropical soils (*>°).
However, mountainous and complex relief areas still present challenges to any approach to soil
mapping, due to the complex and scale dependent interactions among soil formation factors.

Therefore, this study aimed to evaluate the performance of three algorithms used in digital

soil mapping and the effects of additional sampling for mapping of less-common soil classes in a

steep-slope watershed.

Material and Methods

Study area

This work was carried out at the Posses watershed, southeastern Brazil (Fig. 1). This
watershed covers an area of 1,200 ha, has an altitude range of 945 to 1,435 m, and a relief
dominated by steep (> 20 %) to very steep slopes (> 60 %). According to Képpen's climate
classification system, it presents a Cfb class, i.e., mesothermic with no dry season and a warm
summer®. The average annual temperature is 18 °C, the hottest and coldest months have average
temperatures of 25.6 °C and 13.1 °C, respectively, and the average annual precipitation is 1,447

mm. The predominant parental materials are alkaline granite and monzonite®.
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Fig. 1 Location of the study area and the soil survey sampling sites

This watershed is pilot for the Water conservation project, which stands, since 2006, as a

1%2. Among the

pioneering initiative to establish a payment system for ecosystem services in Brazi
objectives of this project is the promotion of the sustainability of water resources for the
Cantareira System, which is the major water supply system for the metropolitan region of Séo

Paulo city.

Soil survey
The location of sampling sites was based on 74 random points (Fig. 1). Every point was

visited by means of GPS/GNSS navigation and the coordinates of reached points were registered



22

again with a nominal accuracy of ~10 m; such location accuracy allowed a spatial resolution
mapping of 20 m?. In each point soil profiles morphological description and collection of

samples from horizons were carried out as support for soil taxonomic classification®.

Soil Mapping Units

The soils surveyed in the study area were: Typic Dystrudept, Typic Humudept, Typic
Endoaquent, Fluventic Dystrudept, Rhodic Hapludox, Typic Hapludox, Typic Hapludult
(yellow), Typic Rhodudult, Rhodic Kandiudult and Typic Hapludult* (red-yellow) (Table 1),
which correspond to Haplic Cambisol, Humic Cambisol, Haplic Gleysol, Fluvic Cambisol, Red-
Latosol, Red-Yellow Latosol, Yellow Argisol, Red Argisol, Red Nitosol and Red-Yellow

Argisol, respectively %

The dominant soil mapping unit (SMU) was the Typic Rhodudult (49 % of the surveyed
locations). Since a high imbalance in the dataset was observed, regarding number of pedons in
relation to mapping units (Table 1), additional observations were retrieved by expert knowledge
and by means of photointerpretation from high-resolution imagery in Google Earth; by doing

this, imbalances higher than 2:1 for less-common soil mapping units were not registered (Fig. 2).
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Fig. 2 a) Field (FO) and additional (AO) observations. b) Original and final proportions by soil

mapping unit

Model selection and soil map production

The spatial prediction framework was based on the approach proposed by®, which is an
updated and spatially-explicit implementation of the early concepts of Dokuchaev’s soil forming
factors and Jenny’s quantitative interpretation of them®. This technique assumes that a soil
property or class is a function of a spatial representation of other soil property (s) or a soil-
forming factor, namely: climate (c), organisms and vegetation (0), topography (r), parent material
(p), time (a), and geographic location (n).

Climate (c) and parent material (p) proxies are not available at the scale of analysis here
(10" km), and the coarse resolution of current information does not represent spatial variation that
could be used for digital mapping. Therefore, only the available maps of relief (r) and organisms
and vegetation (0) factors were assessed.

The relief factor (r) proxy was a digital elevation model (DEM) from ALOS which was

downloaded from earth.engine.com. The DEM was hydrologically corrected and resampled to the
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earlier mentioned spatial resolution mapping of 20 m. After corrections, a total of 28 terrain
attributes, that are commonly tested for digital soil mapping, were derived.

Sentinel 2 imagery data (top of the atmosphere reflectance), downloaded from
scihub.copernicus.eu, were assessed as the organisms and vegetation factor (0). In addition to

2627 and normalized water

reflectance data, normalized difference vegetation index (NDVI)
difference index (NDWI)?® were calculated and evaluated. Processing of o and r factors were
carried out in SAGA GIS software®® and the model analysis was run on R,

Aiming to fit the best spatial association model that relates soil-forming factor proxies
(scorpan’s r and o) and the occurrence of soil mapping units, three models were tested:
Multinomial Logistic Regression (MLR), C5 Decision tree (C5-DT), and Random Forest (RF).

The MLR analysis allows to model categorical responses by fitting linear combinations of
a set of covariates (predictors) to the natural logarithm of the odds of every level of a response
variable (logit transformation)®**2. MLR has been widely applied and tested for classification and
mapping of soil features®*3. Therefore, the set of scorpan’s 0 and r proxies (soil covariates) were
evaluated as predictors of the probability of occurrence of the soil mapping units. MLR analysis
has been implemented following the best subset procedure that involved testing every
combination of the soil covariates for the prediction of the soil mapping units. The best MLR
model was selected on the basis of the Bayesian Information Criterion (BIC), being that the
model with the lowest BIC was selected.

Classification and Regression Trees (CART) are non-parametric and rule-based models
that have a tree-structure and are based on the mining of relationships between a target variable

and the feature-space of a set of covariates*. The C5-DT algorithm (an updated version of

C4.5%), in a similar way to other CART methods, uses a recursive process that relies on the
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partition of the feature space and the separation of the observed classes until a stopping criterion
is met (e.g. Gini index, Shannon entropy®*). The performance of C5-DT in soil mapping has been
proved as efficient®, notably, when non-linear and complex soilscape relationships are intended to
be modeled. A C5-DT model was fitted with the default parameters in the C5.0 R’s package™.

The RF algorithm is also a CART method that records remarkable performances in
DSM"?; it differentiates from other CART by being an ensemble and bootstrapping method®*’,
Since the most sensitive parameter in RF fitting is mtry, i.e., the number of candidate covariates
tested on each split®’, a test was run to find the mtry value that produced the lesser out-of-bag
classification error. Subsequently, from the most important covariates in RF output, a subset of
them was selected based on correlation (Spearman rank correlation): high auto-correlated (p >
0.85) and the less important covariates were removed in posterior analysis.

Model selection criteria and the effects of additional sampling were supported on
accuracy statistics (global accuracy, kappa index and producer’s and user’s accuracies)
aggregated by the mean values from a proportional 5-fold cross-validation procedure, which is
recommended for imbalanced and relatively small samples®. Then, the model with best accuracy
metrics was applied for the production of the digital soil mapping and further soilscape analysis.

Finally, the uncertainty of the final map was based on the level of representation of the
feature-space by the point-samples (level of extrapolation) by calculating the Multivariate
Environmental Similarity Surface (MESS), according to Elith et al.*.

The flow chart of the soil map production can be seen in Fig. 3.
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Fig. 3 Soil map production flow chart
Results and discussion

Accuracy assessment (model performance)

The performance of the models to predict the soil mapping units registered in the Posses
watershed is summarized in Table 2. Additional point sampling improved the accuracy of all
models.

The models without additional observations were rarely been able to predict less-common
soils. This finding is consistent with data presented in other works (e.g. Barthold et al.*’;

Brungard et al.' ; Jafari et al.**) and it is related to soil classes with very limited presence in the
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study area, in comparison with the dominating soil classes that are better represented in
geographic and feature spaces. Additional point sampling enabled to capture specific conditions
of occurrence of less-common soils and, in consequence, it was registered a substantial gain in
classification accuracy of the minority soil classes.

Accuracy statistics from the 5-fold cross-validation demonstrates that the RF* model
consistently outperformed the other models (overall accuracy = 65 %, kappa index = 0.60, i.e.,

moderate agreement, Landis and Koch*?

), while MLR had the lowest overall accuracy and kappa
index (Table 2). For the purposes of digital soil mapping, it has been frequently observed that
complex models, such as RF, are better classifiers than generalized linear models such as
MLR"%*_ Regarding to the accuracy rank in Table 2 (RF > C5-DT > MLR), it seems that the
most sophisticated model fitted more complex relationships, as suggested by Heung et al.**.
Since MLR is a generalization of the logistic regression, it is highly dependent on the presumed
sigmoidal model for class discrimination®, which makes it the less flexible model. The DT-C5 is
a data-driven and non-parametric discrimination model, and, considering its single tree structure,
it did not fit complex relationships. RF is also a data-driven and non-parametric model, however,
its bootstrapping and bagging features have proved to be efficient in revealing consistent and
complex patterns®, especially when dealing with complex spatial associations, as occurred in this
watershed, helping to explain its performance as the most accurate model.

The spatial association model obtained from RF* had also the highest producer’s and
user’s accuracies. The Typic Hapludult, Typic Rhodudult and Typic Hapludult* showed low
values of producer’s and user’s accuracy (Table 2), reflecting in higher classification errors given

the difficulty of the models in separating very similar mapping units*’, all of them framed as

Ultisols.
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Analysis of covariates
The most important and the less correlated covariates, as determined by the RF* model and

the correlation criterion (p < 0.85), are presented in Fig. 4.
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Fig. 4 Importance of selected covariates. TWI: topographic wetness index; DI: direct insolation;
NO: negative openness; MRVBF: multi-resolution index of valley bottom flatness

The topography proxy (r factor in scorpan), as demonstrated by the importance rank,
correlation analysis and classification accuracies, had the best set of predictors, remarkably:
SAGA topographic wetness index (TWI), slope, elevation, direct insolation (DI) and the
multiresolution index of valley bottom flatness (MRVBF) (Fig. 4).

Regarding the global discrimination of the soil mapping units, the topographic wetness
index (TWI1) registered the highest importance score (Fig. 4). This terrain attribute is a substitute
measure of water flux in the landscape, since it shows the tendency of a site to be water saturated
and the possible drainage systems of a watershed**. TWI has often been reported as a potential

predictor in digital soil mapping*®+~*®
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The TWI outstands as a specific predictor for the Typic Endoaquent + Fluventic
Dystrudept mapping unit. Its influence on the discrimination of this soil mapping unit is
verifiable for values above 4.5, where an increase of 10% in probability of occurrence is observed
(Fig. 5). The occurrence of Rhodic Hapludox + Typic Hapludox mapping unit is also influenced
by TWI. These two soils classes could not be distinguished in the final map because they occur
randomly distributed in the same landscape position. Silva et al.*® also reported the influence of
TWI on the distinction of Oxisols in Brazil. Higher TWI values (> 5, i.e., poorly drained areas),
supported also a better discrimination among the Typic Rhodudult, Typic Endoaquent +
Fluventic Dystrudept, and Rhodic Hapludox + Typic Hapludox mapping units (Fig. 5).

The slope was the next important covariate for global classification. Flatten slopes are
associated with a higher probability of occurrence of Typic Endoaquent + Fluventic Dystrudept
mapping unit, which is expected to occur in flat slopes along with high values of TWI*®. These
two soil classes could not be separated in the final map due to intrincate pattern they occur in the
watershed landscape. Slope values around 30 radians influenced the discrimination between
Typic Dystrudept and Rhodic Hapludox + Typic Hapludox . The slope covariate also registered
the highest importance regarding Typic Hapludult*, where slope values above 30 radians showed
an inflection point in the occurrence signature of this soil mapping unit (Fig. 5).

Direct isolation (DI), ranked as third in importance for global classification, stands as a
pixel-based calculation for solar radiation®. This covariate has not been much investigated in
tropical conditions®®*!. The DI covariate was a remarkable predictor for Typic Dystrudept.
Values above 600 J cm? day™ were associated to an increase in the probability of occurrence of
this mapping unit, while lower values were associated to the occurrence of the Rhodic Hapludox

+ Typic Hapludox and Typic Hapludult*. The elevation covariate was relevant for Typic
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Hapludult distinction; Fig. 5 presents the occurrence signature of this soil mapping unit, where a

distinctive pattern is observed between 1000 and 1200 m range.
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Fig. 5 Occurrence signatures of soil mapping units projected on the feature-space of selected

covariates. TWI: topographic wetness index; DI: direct insolation; NO: negative openness;
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MRVBF: multiresolution index of valley bottom flatness. R-squared values indicate goodness-of-

fit between feature and prediction space projections (solid curves)

While the selected spatial association model (RF*) successfully discriminated the soil
mapping units, a certain degree of mixture is still present in model outputs (Fig. 5). This could be
an effect of the dominant soil and its wide range of occurrence conditions in the watershed. On
the other hand, mapping units with a lesser degree of ‘impurity’ are those related to specific
conditions across the landscape (Typic Dystrudept and Typic Endoaquent + Fluventic
Dystrudept).

The level of detail in the topographic data analyzed, both spatial and informative, allowed
the identification of specific relief-soil interactions. Topography, as a surficial hydrologic driver,
could also reflect other soil-forming factors that have a larger scale domain, by modifying locally

the effects of bioclimate and parent material®.

Soil map uncertainty

In Fig. 6 it is possible to see the differences between model training and model prediction
data. The MESS measures the similarity of any given point to a reference set of points, with
respect to the chosen predictor variables in RF* model. Negative values indicate the presence of
at least one variable out of reach of the reference points in feature-space (i.e. uncertainty from
point sampling extrapolation), while positive values indicate greater similarity to the set of
reference points. The higher the score, the more common the point is and more reliable is the

prediction®. The negative values are located in areas of lower accessibility (high altitudes and
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sharp slopes) and near to the watershed outlet (17.5 % of the watershed area), whereas 82.5 % of

the area registered positive and, therefore, more feasible model outputs.
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Fig. 6 Multivariate environmental similarity surface (MESS), extrapolation level increasing along

with negative values

The map showing the spatial distribution of the different soil mapping units predicted in
the watershed is presented in Fig. 7. The majority of the soils in Posses watershed were predicted
as Typic Rhodudult (675 ha), which proportion is in agreement with the distribution derived from

the field measurements and additional point sampling. Fig. 7 also displays the uncertainty due to
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extrapolation of each soil mapping unit: Typic Dystrudept and Typic Rhodudult mapping units
have 27 % and 20 % of their areas in less feasible regions, respectively, while the others soil

mapping units do not show an expressive uncertain area (< 15 %).
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Fig. 7 Soil mapping units distribution in the watershed by the RF* model.
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Conclusions

A comparison among different models and the effects of additional point sampling for
digital mapping of less-common soil classes, based on the spatial association with soilscape
covariates, were performed. Tested models were Multinomial Logistic Regression, C5 Decision-
Tree and Random Forest. Additional point sampling retrieved by photointerpretation was
necessary to improve the prediction performance of each model. The accuracy metrics was found
to be higher for the Random Forest model with additional point sampling method, constituting
the best model. At the spatial resolution analysed (20 m), the terrain-attribute covariates (relief
data), related to surficial water distribution and direct insolation, were the most efficient to

discriminate among soil mapping units and for producing feasible digital soil maps.
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Table 1 Distribution of pedons per soil mapping unit in Posses watershed

Soil mapping unit Inclusion Number of
pedons
Typic Dystrudept Typic Humudept 6
Typic Endoaquent + Fluventic i 4
Dystrudept

Rhodic Hapludox + Typic Hapludox - 3
Typic Hapludult (yellow) - 10
Typic Rhodudult K;}Z?Séﬁjlt 36

Typic Hapludult (red-yellow) - 15




41

Table 2 Accuracy statistics from proportional 5-fold cross-validation

C5* RF* MLR* C5° RF® MLR®
Producer’s accuracy

Typic Dystrudept 63 87 68 0 20 10

Typic Endoaquent+Fluventic 95 93 96 20 0 20

Soil mapping unit

Dystrudept
Rhodic Hapludox+Typic Hapludox 42 82 55 0 0 0
Typic Hapludult (yellow) 83 77 32 53 7 7
Typic Rhodudult 31 27 30 79 98 47
Typic Hapludult (red-yellow) 44 52 27 54 22 15
User’s accuracy
Typic Dystrudept 73 58 68 0 20 7

Typic Endoaquent+Fluventic 66 75 64 7 0 4

Dystrudept
Rhodic Hapludox+Typic Hapludox 49 73 59 0 0 0
Typic Hapludult (yellow) 82 87 40 33 20 20
Typic Rhodudult 38 52 31 61 60 56
Typic Hapludult (red-yellow) 53 42 32 48 47 10
OA(%)? 56 65 48 50 58 29
Kappa 05 0.6 0.4 0 0 0.1

#Overall accuracy

b C5 Decision Tree

¢ Random Forest

¢ Multinomial logistic regression

* Model including additional point sampling
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Abstract

Capacitance sensors are widely employed in monitoring soil water content (6). However, for
accurate measurements, site-specific calibrations are needed. This study compares the regression
models used for calibration of soil capacitance sensors and investigates the relation between soil
attributes and the adjusted parameters of the specific calibration equations. Undisturbed soil
samples were collected in the A and B horizons of two Paleudults and two Dystrudepts from the
Mantiqueira Range in Southeastern Brazil. After saturation, a capacitance sensor ML2X Theta
Probe was used to obtain the soil dielectric constant (¢). Several readings were made, ranging
from saturation to oven-dry. After each reading, the samples were weighted so that 6 (m® m™)
could be calculated. Seventeen regression models (linear, linearized and nonlinear) were adjusted
to the calibration data and checked for their residue distribution. The exponential models with
three parameters performed the best and were the only ones that met the regression assumptions
regarding residue distribution. Stepwise regression was used to obtain multiple linear equations to
estimate the adjusted parameters (“a”, “b” and “c”) of the calibration model from soil attributes,
with silt and clay content providing the best relations. Both the specific and the general
calibrations performed well, with RMSE values of 0.02 and 0.03 m® m™ respectively. The
manufacturer calibration and the equations taken from the literature were much less accurate,
reinforcing the need to develop specific calibrations.

Keywords: soil dielectric constant; soil water content; model selection; capacitance sensor
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INTRODUCTION

The spatial and temporal patterns of soil water content (0) at various scales are important
to a wide range of applications, such as water dynamics in the vadose zone (Vereecken et al.
2008), hydrological modeling (Brocca et al. 2009) , assessment of natural hazards (Tramblay et
al. 2010), irrigation planning (Hillel 2013), management of water resources (Dobriyal et al.
2012), soil-plant-atmosphere interactions (Rodriguez-Iturbe et al. 2007), soil classification and
mapping (Juhasz et al. 2006), among many others. Electromagnetic (EM) sensors for the
assessment of soil moisture are now a well established technique and widely available with
different working principles, like time-domain reflectometry (TDR), frequency-domain
reflectometry (FDR) and capacitance techniques (Mittelbach et al. 2012). Their operation,
however, is based on the same fundamental principle, that is the intimate relation between the soil
apparent relative permittivity or dielectric constant () and water content (Dorigo et al. 2011).

The seminal work by Topp et al. (1980) established the theoretical and practical basis for
determining soil moisture from TDR measurements. In their study, Topp et al. (1980) proposed a
universal empirical equation to estimate the soil water content from the soil dielectric constant,
regardless of the soil class, bulk density, temperature and salinity. Although this equation
provides reasonable results for a wide range of soils, it may not work properly in some
circumstances, as in soils with low bulk density (Regalado et al. 2003; Silva et al. 2012) and with
high contents of clay (Kargas et al. 2013), organic matter (Shibchurn et al. 2005), and iron and
aluminum oxides (Kaiser et al. 2010).

Although empirical and semi-theoretical models have been developed to estimate 6 from €
(Bogena et al. 2015), most of the commercial sensors operate with calibration equations specified

by the manufactures. This gives rise to uncertainties in the estimates for different soils, since it
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does not consider the specific EM properties inherent to each soil (Kargas et al. 2013; Matula et
al. 2016). Numerous studies point out that the accurate assessment of 0 requires calibration
equations specific to the soils (Mortl et al. 2011; Rowlandson et al. 2013; Stangl et al. 2009) and
horizons (Evett et al. 2006) being monitored. Previous studies with Brazilian soils have focused
on the Cerrado region (Silva et al. 2012), the gently rolling hills of the Brazilian Southeast
(Tomasella and Bachi 2001) and South (Kaiser et al. 2010), and the semiarid Northeast (Silva et
al. 2007). However, there are no calibrations proposed specifically for tropical mountainous soils.
These soils usually have a shallow solum in a deep weathering profile, and often present high silt
and organic matter contents.

The ThetaProbe (Delta-T Devices, UK) is a commonly used impedance sensor and many
research papers have shown a significant improvement on measurement accuracy of the ML2
ThetaProbe when site-specific calibrations are applied on both mineral soils (Holzman et al.
2017; Kargas and Kerkides et al. 2008; Matula et al. 2016; Vaz et al. 2013) and organic soils
(Bircher et al. 2016; Kargas and Kerkides et al. 2008). Site-specific calibrations are usually
performed by adjusting linear equations, whether by straight lines (Fares et al. 2011; Kaiser et al.
2010; Rowlandson et al. 2013), or second and third degree polynomials (Kaiser et al. 2010;
Matula et al. 2016; Mortl et al. 2011; Quinones et al. 2003). Although significant parameters and
high R? values are usually obtained and may indicate a good fit, analysis of the regression
residuals is seldom performed. Checking the residuals and the regression assumptions is critical
because if these assumptions are not met, the adjusted models may not be valid (Bates and Watts
1988).

Since the most commonly employed regression models for EM sensors calibration are not

checked for the regression assumptions, we aimed with this study to perform a thorough
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investigation on the use of linear, linearized and nonlinear models in the calibration of EM
sensors. The model which performed the best was used to fit the data from the calibration
experiment with four soils of the Brazilian Mantiqueira Range. A general equation for these soils
is proposed, which acknowledges the effect of soil attributes on the adjusted parameters of the

calibration model.

MATERIAL AND METHODS
Study site and soil sampling

The study region is localized in the Posses watershed, in Extrema-MG, southeastern
Brazil (Figure 1), in the southern boundary of the Mantiqueira range. The Posses watershed is a
pilot site of the project “Conservador das Aguas”, a pioneer initiative established in 2006 to
implement payment for ecosystem services in Brazil (Pereira et al. 2010). Several studies are
being conducted in this watershed to monitor hydrological phenomena, and a grid of soil
moisture sensors (model PR2/6 profile probe, Delta T Devices, UK) has recently been installed,
what motivated the present research. The local climate is classified as Cfb (Koppen-Geiger
climate classification), mesothermic with no dry season and a warm summer. Ultisols and
Inceptisols are dominant soils within the watershed, derived from granulitic orthogneiss (Ultisols
and Humic Dystrudept) or recent alluvial sediments weathered and eroded from this same rock
(Fluventic Dystrudept). The original vegetation was identified by Yamanoto (2009) as montane
ombrophilus forest, a subtype of the Atlantic rainforest, but most of the watershed is now covered

with brachiaria-grass pastures (Urochloa decumbens).
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Soil samples with undisturbed structure were collected within rigid PVC cylinders (10 cm

height and 10 cm diameter) in the A and B horizons of the following soil classes, characterized in

Table 1: Typic Paleudult, Rhodic Paleudult, Humic Dystrudept and Fluventic Dystrudept (Soil

Survey Staff 2010), which correspond to Argissolo Vermelho-Amarelo, Argissolo Vermelho,

Cambissolo Himico and Cambissolo Fluvico (Santos et al. 2013). Most of the sampling sites

were located in extensive grazing pastures, the major land use in the Posses watershed, except the

Typic Paleudult which was sampled in a reforestation site. At each soil and horizon, four

undisturbed samples were taken (4 soils x 2 horizons x 4 replicates = 32 samples).
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Table 1. Characterization of the soils and horizons employed in this study.

Soil class Hz Clay Silt Sand SOM Pp Pb n
% % % % Kgm® Kgm® m’m®
Typic A 57 20 23 2.1 2.50 1.00 0.60
Paleudult B 65 17 18 1.4 2.56 0.87 0.66
Rhodic A 38 14 48 2.0 2.43 1.24 0.49
Paleudult B 59 9 32 1.1 2.53 1.05 0.58
Humic A 41 21 38 3.1 2.58 0.85 0.67
Dystrudept B 34 31 35 3.4 2.68 0.67 0.75
Fluventic A 8 5 87 0.5 2.67 1.28 0.52
Dystrudept B 22 43 35 1.6 2.34 0.97 0.58

Hz: horizon; SOM: soil organic matter; p,: particle density; p,: bulk density; n: total porosity.

Calibration procedure

In the laboratory, the exceeding soil from the cylinders was carefully trimmed and a nylon
cloth was attached to its bottom to prevent soil loss. The undisturbed samples were put to saturate
in plastic trays, gradually filled with water. The calibration procedure for the capacitance sensor
began soon after saturation. The capacitance sensor used in this study (model ML2X Theta
Probe, Delta-T Devices, UK) generates an electromagnetic signal (100 MHz) which extends to
the soil through four metallic rods that are introduced in it. The generated signal suffers

impedance that depends mostly on the apparent dielectric constant of the soil (Delta-T Devices

1999). As the dielectric constant of the water (~ 81) is much greater than that of the soil matrix
(typically from 3 to 5) and that of air (1), the soil dielectric constant is defined mostly by its water
content (Topp 2003).

Beginning at saturation, the ML2X probe was inserted in the soil samples (kept within
their PVC containers), and the response signal (in volts) was registered. The probe was inserted

and removed from the samples at each reading, a procedure often adopted in calibration studies
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(Delta T devices, 1999). The samples were left to dry in the laboratory in order to obtain a wide
range of water contents, and periodical readings with the ML2X sensor were taken. In the
beginning, while the soil was close to saturation and the gravitational gradient drained rapidly the
water more loosely retained, the readings were taken at 12 h intervals. The time-lapse between
consecutive readings was gradually augmented as the samples dried and the hydraulic
conductivity became smaller. Both water loss and redistribution were rapid during the first
readings (gravity-driven flow), but soon evaporation became the main driver of water loss, and
the gradient of matrix potential started to account for water redistribution. After each reading, the
samples were weighted. After the last reading, the samples were oven-dried in order to determine
the mass of dry soil, which allowed calculating the water content, 0 (v/v), at each calibration step
(thermo-gravimetric method) and the soil bulk density (Blake and Hartge 1986; Klute 1986). The
sensor response is provided in volts (V) and was converted to the soil apparent dielectric
permittivity (¢) by the third degree polynomial provided by the manufacturer (equation 1). The
sensor outputs ranged from 0 to 1 V for all of the measurements except for readings on the first
day (close to saturation). In this case, the sensor output exceeded 1 V, mainly for the Humic
Dystrudept. With this procedure, several ordinate pairs €, 6 were obtained for each soil and

horizon in order to perform the calibration, as recommended by the manufacturer (Delta-T

Devices 1999). The calibration equations proposed herein can also be used with other EM
sensors, such as the PR2/6 profile probes installed in the same study area. According to the
manufacturer, the measurements provided as voltage for both sensors may differ, but they can be
converted to dielectric constant with specific equations for each equipment (Delta-T Devices

1999), like equation 1.

€95 =107+ 64V —64V* + 47V3 (1)
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Calibration equations and statistical analysis

The ML2X sensor has two standard calibrations provided by the manufacturer, indicated
by equation 2. Different values for the parameters ao and a; allow using this calibration equation
for mineral soils (ap = 1.6 and a; = 8.4), with organic matter content below 7% and bulk density
above 1.0 Mg m™; and for organic soils (a = 1.3 and a; = 7.7), with organic matter content above

7% and bulk density below 1.0 Mg m™ (Delta-T Devices 1999). In the present study, we only

used the calibration parameters for mineral soils, since the soil organic matter content (Table 1)
was much lower (up to 34 g kg™) than the one set by the manufacturer (70 g kg™).
e =ay+ a; X0 2)

Unlike the procedure set by the manufacturer (equation 2), the calibration equations are
here defined as the functional relation that allows transforming ¢, provided by the sensor (the
sensor actually provides a reading in voltage, that was converted to € with Equation 1 as justified
previously), to 6 (m® m®); that is, ¢ is the independent or predictor variable and 0 is the dependent
or response variable. Seventeen different equations were tested (Table 2), including three linear
models (first, second and third degree polynomials); three linear models (first, second and third
degree polynomials) with square-root transformation in the predictor variable to stabilize
variance (and also because this is a common practice in EM sensor calibration); two linearized
models (power and exponential models linearized by log transformations); and nine nonlinear

models (power, exponential and hyperbolic models with two or three parameters).
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Table 2. Models tested in this study.

Linear, square root
transformation and Identifier Nonlinear models Identifier

linearized models

0 =aeh IX
6 =a+ be I 0 =a(l+ )b X
1
0 = a+ be + ce? I 9=1—(1+a£)b XI
0 =a+be+ce? +de? I 6 =a(l— e®) Xl
6 =a+bVe \Y% 6 =a+hb(1— ed) X1
0=a+bVetcVe \ 6 =a(l— b) XIV
0=a+bve+cVe +dve VI 0=a+b(l— c) XV
In@ =a+ be VII 0=a— XVI
b+e
In® =lna +blne Vil 6 =— XVII
a+be

The models were adjusted to the observed data, and the primary analysis aimed to identify
if the regression assumptions were met by means of residue analysis with graphical procedures
(Bates and Watts 1988). The residues were checked for normality (Q-Q plot), constant variance
(plots of square-root of standardized residues x fitted values for the linear and linearized models
and standardized residues x fitted values for the nonlinear models) and lack of autocorrelation
(residuals x fitted values). The models that best met these criteria were further compared
according to their residual standard error. The best model chosen was further investigated in
order to relate its adjusted parameters to the soil attributes from Table 1, attempting to enable the
use of the specific calibrations obtained in this study in different yet similar conditions (same
predominantly kaolinitic clay mineralogy, but with differences in soil texture, organic matter
content, structure, among others). This analysis was conducted by forward stepwise regression,
starting with the simplest model (with only the intercept) and proceeding to the full model (with

all the attributes from Table 1). The soil attributes were kept in the model according to the
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Akaike information criteria. All the statistical procedures were performed in R (R Core Team

2017).

RESULTS AND DISCUSSION
Calibration models: quality assessment and model selection

The different models varied greatly regarding their residue distribution (Table 3). The
assumption of residue normality was met by most of them (observed in more than 50% of the
fitted equations for almost all of the 17 models tested), while constant variance and independency
between the residues were criteria more difficult to meet. These assumptions are important for
both linear and nonlinear models, because if they are violated, the resultant analysis may not be
valid (Bates and Watts 1988). These criteria are related to the assumption of identically and
independently distributed residues. The normal distribution is a description of the randomness of
these errors and this assumption was more easily met because often only minor deviations were
observed in the Q-Q plots. Non-constant variance and autocorrelation indicate that the regression
residues are not identically and independently distributed; that is, the magnitude of the errors
changes as the predictor variable changes (variance is not constant) or the residues present some
sort of structure, with higher or lower values occurring together (thus correlated to each other).
The failure to meet these assumptions may indicate an inadequacy of the model to fit the data, for
example, for lack of a nonlinear term in a linear model or when fitting a non-asymptotic model
(e.g. polynomial) to an asymptotic phenomenon. The exponential models performed the best,
followed by the hyperbolic models. Two models stood out from the rest, meeting the criteria in
all of the fittings. These were the two exponential models with three parameters. In essence, these

two models are equivalent (except in their equation form) and resulted in the same residual
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standard error. For no particular reason other than a somewhat simpler form, model XV was

preferred over model XIII.

Table 3. Percentage of models that met the assumptions of residue normality, constant variance

and lack of autocorrelation.

Models Identifier Normality COF‘Sta”t Lack Of.
variance autocorrelation
6 = a + be | 62.5 25.0 0.00
6 = a + be + ce? I 100.0 25.0 375
6 = a + be + ce? + de3 1 100.0 25.0 375
0 =a+bVe \Y, 75.0 0.00 0.00
0 =a+bVe+cVe v 100.0 375 375
0=a+bVe+cVe +dve VI 100.0 125 25.0
In® =a+be VI 50.0 0.00 0.00
In® =Ina +blne VI 87.5 0.00 0.00
6 =ae? IX 62.5 0.00 50.0
6 =a(l+ ¢)b X 62.5 0.00 62.5
=1~ XI 62.5 37.5 62.5
6 =a(l— e®) Xl 62.5 50.0 62.5
6 =a+b(1— el) X1 100.0 100.0 100.0
6 =a(l— b%) X1V 62.5 50.0 62.5
6 =a+b(1l— co) XV 100.0 100.0 100.0
&
0=a— XVI 75.0 50.0 75.0
6 =— XVII 75.0 62.5 75.0

Capacitance sensors calibration is usually performed with linear models, with the second
and third degree polynomials being the most common (Fares et al. 2011; Matula et al. 2016;
Mortl et al. 2011; Vaz et al. 2013). However, in none of the studies reviewed for this paper there
is a stated concern to check for the regression assumptions, although sometimes uncertainty

analysis or other forms of validation are performed (e.g. Longsdon et al. 2009; Vaz et al. 2013).
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As can be seen from table 3, these assumptions are frequently violated by most of the models,

indicating the strong need to perform this check after fitting.

Exponential model: interpretation and relevance

Model XV was chosen to perform the calibration, although this model also has its own
disadvantage. Since its intercept term (the “a” parameter) frequently resulted in negative values,
it would indicate negative water contents for € values close to zero. Of course this is only a
theoretical concern, because the smallest possible value for € is 1.0 (for vacuum). However, as €
for the soil solids (that is, dry soil) is within the range of 3 to 8 (Hillel 1998, Topp 2003) and the
model did not return negative values of 0 for these values of g, there are no practical concerns
about physical inadequacies. The only practical consequence of this fact is that this parameter
may lack any meaningful interpretation. This was the only parameter with some non-significant
values and also presented the highest standard errors, while for the “b” and “c” parameters the
standard errors were within the range of 1.7-4.8% and 0.4-1.3% of their estimated values
respectively (Table 4). Nevertheless, we believe the inclusion of this intercept term is essential

for model performance, as the other exponential models without this term (models XII and XIV)

performed more poorly in the residue analysis (Table 3).
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Table 4. Estimated parameters (“a”, “b” and “c”) for the chosen exponential model (Table 2,
model XV), standard error of the estimated parameters and number of data points from the

calibration procedure of the models for each soil class and horizon.

Soil H “a” parameter “b” parameter “c” parameter Number

class , Estimated Standard Estimated Standard Estimated Standard of data

value error value error value error points
Typic A 00907 0.012 04747 0.008 0.9297  0.004 72
Paleudult 5 5003™ 0020 05467 0014 0915™ 0006 73
Rhodic A 0.006 " 0.029 053977 0023 0936  0.012 72
Paleudult 5 040" 0021 0453 0015 0912  0.010 72
Humic . A -0.1757° 0.042 0766 0.037 0.895  0.007 54
Dystrudept 5 _9100™ 0026 06907 0021 0911°"  0.006 51
Fluventic A -0.088 0.029 05457  0.023 09137  0.010 65

Dystrudept g 030" 0031 0868 0028 0880 0005 65
Hz: soil horizon

The parameter “c” controls the curvature of the model: the lower its value (Table 4), the
sharper is the model initial ascent (Figure 2), while higher values (closer to one) are related to a
smoother rise. The parameter “b” is multiplicative and is related to the rate of change in the
response variable for each unitary change in the independent variable. However, it is important to
notice that the parameters “b” and “c” are correlated to each other (r = -0.83), so it may not be
proper to analyze them separately. This does not mean they are redundant, as they obviously
perform unique effects in the equation (“c” is for curvature and “b” is multiplicative); but rather
that they work together: a smoothest initial rise (higher “c”) is related to a lower rate of change in

0 for each increment in € (lower “b”).
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The models from both of the Dystrudepts presented a sharp initial rise (Figure 2) due to

higher values of “b” and lower values of “c” (Table 4). This indicates a rapid change in 6 for each

increment in ¢ for values of € up to 15-20, when the rate of change decreases. For the other soils,

the rate of change in 0 for each increment in € is somewhat lower than in the aforementioned

models, and starts to decrease at € values of about 20-30. These values of € correspond to 60

values close to 0.4-0.5 m® m?, indicating that the departure from a linear trend is more

conspicuous when the soil is wetter than this. The manufacturer, however, claims their linear
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calibration equation may work for 6 as high as 0.55 m®> m™ (Delta- T Devices 1999), what is

clearly not corroborated by our results (the relation departs from linear when 0 is actually lower).

The studied soils are located in a catena, with the Rhodic Paleudult in the summit, the
Typic Paleudult in the more gently slopes, the Humic Dystrudept in the steep slopes, and the
Fluventic Dystrudepts in the footslope. Although they occur close to each other, they presented
remarkable differences in their calibration equations (see Table 4 for parameter values and Figure
2 for the models) because of the differences in their soil attributes (Table 1). Additionally, there
can be great differences in the calibration equations within the same soil profile, as was the case
for the A and B horizons of the Fluventic Dystrudept, very much different in their calibration
model (Figure 2), because they are so inherently different in their soil attributes (Table 1). These
results are relevant they allow to better understand why specific calibrations are so important,
since the relation between 0 and ¢ is soil- and horizon-specific. Another aspect of the calibration
equations that becomes very clear is how much they depart from a linear trend. It may be that for
a narrow range of water contents this relation could be represented by a straight line, as is the

case for the manufacturer calibration (Delta-T Devices 1999). However, a model with such a

narrow range would undoubtedly be of little value in soil moisture monitoring, for example,

which may range from saturation to almost dry conditions.

Influence of soil attributes in the general calibration model

As the soils and horizons differed in their calibration equations (Figure 2), the relation
between these equations and the soil attributes was investigated by stepwise linear regressions in
order to develop a more general calibration equation. Although these calibrations are only

empirical equations without any clear physical meaning, this approach may help in generalizing
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our results to other similar soils. Significant equations were obtained (Table 5), which allow
estimating the parameters for the exponential model from the soil attributes. Although the linear
equation for the “c” parameter was non-significant, the linear correlation coefficient of 0.62
indicates a fair degree of agreement between the two variables.

The most important soil attribute affecting the exponential model parameters was the silt
content as it was the first variable incorporated by the stepwise regression. This is interesting
because the manufacturer (Delta-T Devices 1999) and most studies usually point out the effect of
organic matter content and bulk density (Jacobsen and Schjonning 1993; Jin et al. 2017; Malicki
et al. 1996; Silva et al. 2012). Nevertheless, some recent studies have discussed the effect of soil
texture in soil moisture sensors calibration (Kargas et al. 2013; Zanetti et al. 2015), but without
acknowledging the role played by silt. Silt content is a very important soil attribute to understand
the physical properties and erosion resistance of tropical mountainous soils, being related to the
soil water retention capacity (Costa et al. 2013; Reichert et al. 2009) and aggregate stability
(Sung 2012). The clay content was the second most important soil attribute in the stepwise

regression, reinforcing the importance of soil texture in defining the relation between its moisture

and its dielectric constant.

Table 5. Linear equations to estimate the parameters of the exponential model (model XV in

Tables 2 and 3) from soil attributes for the general calibration model (using all data).

Parameter Equation P-value R® o
a a=-0.086 - 0.006*Silt + 0.004*Clay 0.029 0.756 0.075
b b =0.535 + 0.009*Silt - 0.003*Clay 0.019" 0.794 0.080
c ¢ =0.929 - 0.001*Silt 0.102" 0.383 0.015

Silt: silt content (%). Clay: clay content (%). o: residual standard error
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The equation for predicting the parameter “c” performed the worst in terms of its
coefficient of determination (0.38, Table 5), but it presented the lowest standard error (0.015 or
only 1.6% of the average observed values. Because this parameter presented the smallest
amplitude (of only 0.034 with an average value of 0.91), the poor-performance equation from
Table 5 was still capable of delivering fair estimates for this parameter (Figure 3). The equation
for estimating the parameter “b” presented the highest coefficient of determination (0.79) and
also depicted a somewhat low standard error, of only 13% of the average parameter values
(standard error of 0.08 and average value of 0.61 for the “b” parameter). The equations from
Table 5 usually performed more poorly in the Humic Dystrudept and in the A horizons in general
(Figure 3), indicating a possible effect of organic matter or even structure that was not captured
by the stepwise regression. Organic matter content and bulk density are also important attributes
affecting the calibration and performance of electromagnetic sensors for measuring soil water
content (Jacobsen and Schjonning 1993; Jin et al. 2017; Malicki et al. 1996; Silva et al. 2012);
and the lack of significance for these parameters may probably be due to the small number of
observations, since these parameters came from the eight calibration equations fitted to model
XV (one for each soil and horizon).

Calibration model: 8=a+b (1-¢cf)

®  Humic Dystrudept - A horizon ®  Fluventic Dystrudept - A horizon ®  Rhodic Paleudult - A horizon Typic Paleudult - A horizon
v Humic Dystrudept - B horizon v Fluventic Dystrudept - B horizon ¥ Rhodic Paleudult - B horizon Typic Paleudult - B horizon
0.2 0.9

5 More clay More silt 0.94
2 01y 0.8 /
g
5 [}
E 0.0 0.7 v 0.92 14 nore silt M [}
%_0»] | More clay ° b4
2 0.6 0.90 v
5 -0.2 v
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0.4 : - - .
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Figure 3. Prediction of the calibration model parameters from the soil attributes (clay and silt
contents), depicting the ordinate pairs of observed (Table 4) and predicted (equations from Table
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5) parameter values, the 1:1 lines, and the significant soil attributes for each parameter (the
arrows indicate direct or inverse tendencies between the predicted parameter and the attributes).

Accuracy improvements with specific and general calibration models

The specific calibration improved the estimate of 0 for all the soils and horizons in
comparison to the other equations tested (Table 6). The manufacturer establishes a RMSE value
of 0.05 m® m™ as a threshold for acceptable calibration error (Delta-T Devices 1999). Only the
specific and the general calibrations would be considered valid for all the soils and horizons, with
average RMSE values of 0.02 and 0.03 m® m™ respectively. According to the values of MBE and
RMSE, the performance of the calibrations was as follows: specific > general > Malicki et al.
(1996) > Vaz (2008) > Topp et al. (1980) ~ manufacturer. The calibration equation from Malicki
et al. (1996) has also outperformed the calibration from Topp et al. (1980) in other studies with
tropical soils (Coelho et al. 2006; Teixeira et al. 2003) In a previous study, Jacobsen and
Schjonning (1993) had already detected improvements of TDR calibrations with the inclusion of
soil bulk density, what explains why the equation from Malicki et al. (1996) outperformed the
others. These results reinforce the importance of employing specific calibrations for EM sensors,
or at least general calibrations that properly represent the soils in matter. The adequate
performance of the specific and general calibrations proposed herein can also be noted by their
good coincidence with the 1:1 line (Figure 4), but somewhat less accurate for the A horizons of

both the Dystrudepts.
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Table 6. Mean biased error (MBE) and root of the mean squared error (RMSE) for the estimation
of 0 from & with different calibration equations

Soil Specific General Topp et al. Malicki et al. Vaz
class Hz calibration calibration Manufacturer (1980) (1996) (2008)

MBE RMSE MBE RMSE MBE RMSE MBE RMSE MBE RMSE MBE RMSE

Typic A <0.001 0.013 0.003 0.02 -0.12 0.127 -0.11 0.125 -0.06 0.078 -0.10 0.104
Paleudult B <0.001 0.016 0.02 0.03 -0.11 0.117 -0.11 0.115 -0.04 0.055 -0.09 0.094
Rhodic A <0.001 0.026 0.02 0.034 -0.07 0.078 -0.07 0.076 -0.04 0.05 -0.05 0.054
Paleudult B <0.001 0.023 0.01 0.028 -0.11 0.117 -0.11 0.115 -0.06 0.075 -0.08 0.089
Humic A <0.001 0.032 -0.04 0.055 -0.13 0.15 -0.14 0.149 -0.06 0.092 -0.09 0.14
Dystrudept B <0.001 0.026 -0.01 0.027 -0.10 0.129 -0.10 0.125 -0.01 0.091 -0.04 0.243
Fluventic A <0.001 0.029 -0.01 0.035 -0.03 0.056 -0.02 0.05 0.002 0.046 -0.02 0.037

Dystrudept B <0.001 0.014 0.01 0.02 -0.12 0.134 -0.13 0.134 -0.07 0.079 -0.11 0.112

Hz: soil horizon.

The calibrations equations taken from other studies most often underestimated 0, with
most of the points remaining below the 1:1 line (Figure 4). This underestimation averaged from
0.02 to 0.14 m* m™ (Table 6). Several other studies, including with tropical soils, have also
shown that the calibration from Topp et al. (1980) usually underestimates 6 (Fares et al. 2011;
Teixeira et al. 2003; Tommaselli and Bacchi 2001; Silva et al. 2012). The underestimation was
found to worsen the lower the soil bulk density (Regalado et al. 2003), what we also observed for
the Humic Dystrudept (Figure 4). However, overestimation of 6 has also been observed (Huang
et al. 2004; Kargas and Kerkides, 2008). These equations were also found to overestimate 0 in
tropical soils with high iron content (Kaiser et al. 2010), because of its interference in the

propagation velocity of electromagnetic waves (Tomaselli and Bacchi 2001).
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Figure 4. Relation between the determined soil moisture (0, v/v) and the values estimated from
the different calibration equations.

The calibration equations taken from the literature performed better in the A horizons of
both the Rhodic Paleudult and the Fluventic Dystrudept, which present the highest sand contents
and the highest bulk densities. Kargas et al. (2013) pointed out that the equation from Topp et al.
(1980) was satisfactory only for a material composed entirely of sand. The worst performance of
the literature calibrations was observed in the Humic Dystrudept (especially in the A horizon)
which is the soil with the lowest bulk density and highest organic matter content. Figure 4 also
reinforces another important aspect previously discussed, that the polynomial models may not be

fit for electromagnetic sensor calibration. For 0 values close to saturation, the literature models,
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especially that of Malicki et al. (1996) shifted from underestimating 0 to overestimating it. For
example, the calibration from Vaz (2008) indicated 0 values above 1.00 m®> m™ in the B horizon
of the Humic Dystrudept, and resulted in the highest RMSE value (0.243). The polynomial model
is not asymptotic and indicates a continuous growth of the relation between 6 and €. The
exponential model used in this study is asymptotic and therefore better represents the relation

between 0 and € when approaching saturation.

CONCLUSION

The exponential model performed better than the other models tested, not only because it
more properly meets the regression assumptions about residue distribution, but also because its
asymptotic behavior better represents the relation between soil water content and dielectric
constant.

The adjusted parameters of the exponential model significantly related to soil attributes.
Three linear equations were obtained to predict them from the soil silt and clay contents.

The specific calibration equations performed the best, with an average error of only 0.02
m* m™, while the general calibration equation (with the adjusted parameters estimated from the
soil attributes) also performed well, with an error of 0.03 m® m™. Both accuracy errors are
considered below threshold levels.

The calibrations taken from the manufacturer and the literature failed in providing
accurate estimates, reinforcing the strong need to perform specific calibrations or applying these

general calibrations only to soils similar to those from which they generate.
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ARTIGO 3 Dinamica temporal da umidade em perfis de Argissolos em sub-bacia
hidrogréafica na Serra da Mantiqueira, MG.

* Norma NBR 6022 (ABNT 2003)

RESUMO

Entender o comportamento da umidade em perfis de solo é importante para descrever processos
hidroldgicos e para a predicdo e modelagem da umidade do solo. No Brasil, estudos envolvendo
séries temporais longas de umidade em diferentes profundidades do solo ainda s&o escassos. O
objetivo deste estudo foi levantar informacdes a respeito do padrdo temporal da umidade em
varias profundidades de Argissolos, em consonancia com os atributos fisico-hidricos do solo na
sub-bacia das Posses em Extrema- MG, sub-bacia piloto de servicos ecossistémicos no Brasil.
Quatro sensores de capacitancia do tipo PR2/6 profile probe foram instalados em seis
profundidades de Argissolos, em areas de pastagem e reflorestamento. Os valores de umidade do
solo foram calibrados e as séries temporais foram construidas com dados diérios de umidade do
solo do periodo entre 08/2014 e 03/2018. O coeficiente de correlacdo ndo-paramétrica de
Spearman foi utilizado para avaliar a similaridade do padréo temporal da umidade entre as
diferentes profundidades do solo. Amostras deformadas e indeformadas foram coletadas nos
horizontes A e B dos quatro locais, a fim de dar suporte a interpretacdo dos padrGes de umidade
nos perfis dos solos. Foi constatado que a umidade do solo foi superior nas profundidades de 10 e
20 cm do solo na &rea de reflorestamento, em relacdo as pastagens. A maior similaridade no
padrdo da umidade entre os quatro locais ocorreu com o aumento da profundidade do solo e as
maiores diferengas foram observadas nos periodos de menor ocorréncia de chuvas. Nas
profundidades abaixo de 30 cm, a umidade se manteve alta ao longo de todas as séries temporais,
reflexo da alta capacidade de retencdo de agua dos Argissolos da sub-bacia das Posses e da
elevada e bem distribuida precipitacdo. Fortes similaridades temporais entre as diferentes
profundidades no perfil solo foram constatadas nos quatro locais de monitoramento.

Palavras-chave: Séries temporais. Sensor de umidade do solo. Atributos fisico-hidricos do solo.
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1 INTRODUCAO

A umidade do solo desempenha um papel importante em muitos processos hidroldgicos e
ecoldgicos, como nos processos de infiltracdo, percolagdo e escoamento superficial
(CORRADINI, 2014), no crescimento e desenvolvimento de plantas e na dindmica dos
ecossistemas (SANDVIG; PHILLIPS, 2006), além de exercer influéncias sobre o clima e as
condicdes meteorologicas (SENEVIRATNE et al., 2010). Entender o comportamento da umidade
do solo é de grande importancia para uma ampla gama de disciplinas e aplicacBes préaticas
(VEREECKEN et al., 2008) de modo que a necessidade de compilacdo de dados de umidade em
diferentes escalas e paisagens tem sido reconhecida ha décadas (ROBOCK et al., 2000;
WESTERN; GRAYSON, 1998).

Na era do sensoriamento remoto, muitas pesquisas tém sido direcionadas para o
monitoramento e modelagem da umidade do solo em grandes escalas espaco — temporais
(PETROPOULOS; IRELAND; BARRETT, 2015), no entanto, sdo restritas as camadas
superficiais do solo e envolvem inimeras fontes de incerteza (BROCA et al., 2017). Informacdes
sobre o comportamento da umidade e sua variabilidade no perfil vertical do solo s&o
fundamentais para modelagem e predicdo hidroldgica, restauracdo da vegetacdo e
sustentabilidade do uso do solo (WANG et al., 2014; LI et al., 2015). Para tanto, métodos nao
destrutivos, baseados na constante dielétrica do solo, tais como a reflectometria no dominio do
tempo (TDR) ou da frequéncia (FDR), tém sido extensivamente utilizados para 0 monitoramento
continuo da umidade do solo “in situ” e para medir e modelar sua evolu¢do no espago — tempo
(ROMANO, 2014).

Muitas variaveis controlam a variacdo espaco-temporal da umidade do solo, com destaque
para os atributos do solo, o clima, a vegetacdo e a topografia (GEROY et al., 2011,
ROSENBAUM et al., 2012; ROMANO, 2014). Nas ultimas décadas, muitas pesquisas foram
realizadas sobre a variabilidade espaco - temporal da umidade e os fatores de influéncia em todo
0 mundo, e resultados contrastantes tém sido revelados. O padrdo de comportamento da umidade
e a influéncia dos atributos do solo, da vegetacéo e da topografia no contetido de agua no solo
parecem ser dependentes das condic¢Ges climaticas e da sazonalidade dos eventos meteorologicos
da regido de estudo (JAMES et al., 2003; LAWRENCE; HORNBERGER, 2007; LI; RODELL,
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2013). Em regides aridas e semi-aridas, a variacdo espaco — temporal da umidade do solo parece
ser controlada principalmente pelos atributos do solo e vegetacdo (CANTON; SOLE-BENET;
DOMINGO, 2004; COSH et al., 2008; LI et al., 2015, MELO; MONTENEGRO, 2015). Todavia,
Li et al. (2017) observaram que fatores dindmicos, como a precipitacdo, exerceram um maior
controle na variacdo da umidade na dimensdo temporal em uma regido de clima umido. Kim e
Barros (2002) e Oldak, Jackson e Pachepsky (2002) relataram que a variabilidade espacial da
umidade do solo foi predominantemente controlada pelos padrdes de precipitacdo sob condicdes
umidas e pela textura do solo e vegetacdo sob condicGes secas. Gao et al. (2011) observaram
varia¢Bes espaciais da umidade induzidas pelas condicdes de cobertura e caracteristicas dos solos
de uma bacia, no entanto, tal influéncia foi menos expressiva sobre os padres temporais da
umidade do solo.

A variabilidade da umidade também ¢é controlada pelo conteido médio de umidade no
solo (FAMIGLIETTI et al., 2008; ROSENBAUM et al., 2012). Muitos estudos mostram maiores
variacfes da umidade a medida que o conteddo médio de umidade do solo diminui (Ex.
FAMIGLIETTI et al.,1999; LAWRENCE; HORNBERGER, 2007), ao passo que também
existem relatos de maiores variacGes a medida que o contetdo médio de umidade aumenta (Ex.
LAWRENCE; HORNBERGER, 2007; MARTINEZ-FERNANDEZ;CEBALLOS, 2003;). Uma
gama de informacdes variadas a respeito da influéncia da vegetacdo (WANG et al., 2014; WANG
et al., 2015), do clima (TEULING et al., 2007), dos atributos do solo (MARTINEZ;
PACHEPSKY; VEREECKEN, 2014) e da topografia (HAWLEY; JACKSON; MCCUEN, 1983)
na dinamica espaco - temporal da umidade do solo encontram-se disponiveis na literatura.

Para que as informacOes pontuais da umidade do solo possam ser estendidas para
descrever os padrdes de umidade do solo em toda a paisagem € essencial que as observacoes
sejam acompanhadas da caracterizacdo dos atributos do solo (PAN et al., 2012). Os atributos do
solo relacionados aos processos de armazenamento e redistribuicdo de agua, tais como a textura
do solo e a distribuicdo do tamanho de particula (BHARALLI, 2019), os atributos relacionados a
retencdo de a4gua (GEROY et al., 2011), a condutividade hidraulica (OJHA et al., 2017) e a
profundidade do solo (MENEZES et al., 2009), tém-se mostrado fundamentais na interpretacéo
do comportamento da umidade no perfil do solo e na aplicacdo de modelos matematicos na
tentativa de descrever e melhor compreender a dinamica da agua no sistema solo - planta -
atmosfera (PREVEDELLO et al., 2007).
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A interatividade existente entre os diversos fatores na evolugdo espago-temporal da
umidade do solo reforca a importancia da analise dos padrGes de umidade no solo em diferentes
cenarios hidrolégicos. Um grande avango no campo de monitoramento da umidade do solo
ocorreu no Brasil nos Gltimos anos, com pesquisas desenvolvidas em diversas escalas espaco -
temporais (AVILA et al., 2010a, 2010b, 2011; LEITE et al., 1997; MELO; MONTENEGRO,
2015; PREVEDELLO et al., 2007; SENA et al., 2017). No entanto, sdo poucas as investigacoes
que envolvem longos periodos de monitoramento continuo da umidade em diferentes
profundidades do solo (ex: BRUNO et al., 2006; JUHASZ et al., 2006). Além disso, ndo existem
relatos de pesquisas envolvendo séries temporais longas de umidades em perfis de solos
altimontanos no Brasil, como os ocorrentes na Serra da Mantiqueira.

Diante da baixa disponibilidade de informacdes a respeito dos fatores que afetam o
comportamento da umidade em perfis verticais de solos no Brasil, 0 objetivo deste estudo é
investigar a dindmica temporal da umidade em varias profundidades de Argissolos, em
consonancia com os atributos fisico-hidricos do solo, em areas de pastagem e reflorestamento na
sub-bacia das Posses, sub-bacia piloto pioneira no pagamento por servicos ecossistémicos no

Brasil .
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2 MATERIAL E METODOS

2.1 Descricdo da area de estudo

A sub-bacia das Posses esta localizada no municipio de Extrema, Minas Gerais.
Compreende uma &rea de 1.200 ha, situada entre as coordenadas UTM 374.500 371.500 E e
7.468.200 7.474.800 S (Datum SAD 69) (FIGURA 1). Esta regido encontra-se na porcéo sul da
Serra da Mantiqueira e apresenta relevo declivoso e bastante movimentado, com altitudes que
variam de 945 a 1.435 m. De acordo com o sistema de classificacdo climatica de Képpen, o clima
é do tipo Cfb, ou seja, mesotérmico sem estacao seca e um verdo quente (ALVARES et al. 2013).
A temperatura média anual é de 18 ° C, os meses mais quentes e mais frios tém temperaturas
médias de 25,6 ° C e 13,1 ° C, respectivamente, e a precipitacdo média anual é de 1,447 mm. O

material parental predominante € o granito (CPRM, 2003).

Figura 1 - Mapa de localizacdo da sub-bacia das Posses, municipio de Extrema, MG.
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Fonte: Do autor (2019).
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As classes de solo predominantes na sub-bacia das Posses sdo Argissolo Vermelho e
Argissolo Vermelho-Amarelo (SILVA et al., 2019). O relevo acidentado dificulta a prética de
atividades agricolas, de modo que a pecudria leiteira e extensiva € a atividade predominante na
sub-bacia das Posses. As pastagens extensivas ocupam cerca de 72% da area (SAAD, 2016) e,
desde 0 ano de 2013, esta cobertura vém sendo gradativamente substituida pelo reflorestamento
com espécies nativas da regido. A sub-bacia das Posses é a sub-bacia piloto pioneira no projeto
“Conservador das aguas”, uma iniciativa estabelecida em 2006 para implementar o pagamento
por servigos ecossistémicos no Brasil (PEREIRA et al. 2010). O objetivo do projeto é garantir
recursos hidricos para o Sistema Cantareira, o principal sistema de abastecimento de &gua da
regido metropolitana de S&o Paulo e uma das estratégias adotadas € aumentar a cobertura florestal

da bacia hidrografica do Rio Jaguari.

2.2 Monitoramento da precipitacdo e da umidade do solo

Para obter uma série completa de precipitacdo para o periodo de estudo, a média dos
registros de sete pluvidmetros que se encontram instalados na sub-bacia das Posses foi utilizada
para obter os dados diarios de precipitacdo apresentados adiante.

Quatro sensores de capacitancia do tipo PR2/6 profile probe (Delta T Devices, UK)
associados a dataloggers foram instalados em Argissolos, 0s quais registraram a umidade do solo
a cada 5 minutos, nas profundidades de 10, 20, 30, 40, 60 e 100 cm do solo. Os sensores foram
previamente calibrados em laboratoério, para as condi¢des especificas dos solos monitorados, a
partir de amostras indeformadas coletados na area de estudo, conforme consta em SILVA et al.
(2019). Trés dos sensores foram instalados em areas de pastagens extensivas, € um sensor foi
instalado em area de reflorestamento, implantado no ano de 2013, com espécies nativas da regido
(TABELA 1). As médias diérias de umidade do solo foram utilizadas na construcdo das séries
temporais de umidade. Os sensores de umidade PR2/6 profile probe e os pluvidmetros instalados
na sub-bacia das Posses pertencem ao Instituto de Astronomia, Geofisica e Ciéncias atmosfericas
da Universidade Federal de Sao Paulo (USP).

A caracterizacdo dos pontos e o periodo de monitoramento da umidade na sub-bacia das

Posses encontram-se na Tabela 1.
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Tabela 1 - Caracterizacdo dos locais e periodo de monitoramento da umidade do solo na sub-
bacia das Posses.

Classe Textura Periodo
Local Uso .
de solo Hz A Hz B monitoramento
h4 reflorestamento Argissolo argilosa muito 14/08/2014 -
VermelhoAmarelo argilosa 27/03/2018
Argissolo . . 17/09/2014 -
hé pasto vermelho argilosa argilosa 7/03/2018
h7 asto Argissolo franco- franco- 02/10/2014 -
P Vermelho argilosa argilosa 31/01/2018
h10 asto Argissolo franco- ardilosa 10/6/2016 -
P Vermelho argilosa g 27/11/2017

Hz A = horizonte A; Hz B = horizonte B.

Para avaliar a similaridade do padrdo temporal da umidade entre as diferentes
profundidades do solo utilizou-se o coeficiente de correlacdo ndo-paramétrica de Spearman (RS)
(VACHAUD et al., 1985), calculado no software R (R CORE TEAM, 2017), conforme a equagao
1:

6 Z?:l(Rij— Rij’)z

Rs=1- ——— 1)

Onde Rij e Rij’ s&o os valores de umidade do solo observados no tempo i nas
profundidades j e j’, respectivamente, e n é o nimero de observagdes. Valores de correlacéo de
Spearman préximos a 1 indicam fortes similaridades das séries temporais de umidade entre

diferentes profundidades do solo.

2.3 Caracterizacao fisico-hidrica dos pontos monitorados

Amostras deformadas e indeformadas foram coletadas nos horizontes A e B de cada solo
monitorado, em um total de trés repeticdes por horizonte, para determinacdo dos atributos
relacionados a dinamica da agua no solo: textura, densidade do solo, matéria organica, macro e
microporosidade, porosidade total, diametro médio geométrico (DMG) de agregados do solo em
agua e retencao de agua no solo, com base em metodologia descrita no manual de métodos de
analises (EMPRESA BRASILEIRA DE PESQUISA AGROPECUARIA - EMBRAPA, 1997).

Para determinar a umidade na capacidade de campo (10 Kpa) e no ponto de murcha

permanente (1500 Kpa) as amostras com estrutura preservada foram inicialmente saturadas e
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submetidas as tensdes matriciais de 10 kPa, utilizando as unidades de suc¢do funis de Buchner e
de 1500 kPa, no extrator de Richards (EMBRAPA, 1997). Apds o equilibrio, as amostras foram
pesadas umidas e entdo levadas a estufa a 105° C por 24 horas para determinacdo do contetdo de
agua em cada tensdo. A umidade obtida em base gravimétrica foi convertida para base
volumeétrica, a partir da densidade do solo obtida para cada camada.

A resisténcia mecénica do solo a penetragdo (RMSP) foi obtida em campo, préximo aos
sensores instalados, por meio de um penetrébmetro de Impacto, com trés repeticdes para cada
profundidade do solo: 10, 20, 30, 40 e 60 cm. A partir do nUmero de impactos, a resisténcia
dindmica foi calculada conforme equacéo 2, proposta por Stolf (1991):

RMSP (kgf cm?) =5,6 + 6,89 * N (2)

Onde: RMSP ¢ a resisténcia mecanica do solo & penetragdo em kgf cm™ e N é o nlimero
de impactos do peso metalico. Os resultados foram multiplicados pela constante 0,0980665 para
transformacdo em MPa, conforme Beutler et al. (2001).

A fim de caracterizar os quatro locais monitorados foi realizada a analise de componentes
principais (ACP), utilizando todos os atributos fisicos hidricos dos horizontes A e B dos solos em
questdo, com auxilio do software R (R CORE TEAM, 2017).
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3 RESULTADOS

3.1 Umidade do solo

Para representar a variacdo da umidade do solo em toda a série temporal foram utilizados
gréaficos box-plots, para cada profundidade e estacdo de monitoramento (FIGURA 2). As linhas
extremas representam os valores maximos e minimos de umidade do solo observados, 0 1° e 3°
quartil delimitam a caixa, € 0 traco interno refere-se ao valor médio de umidade do solo.

A maior variagdo da umidade ocorreu nas camadas superficiais do solo, em todos 0s
locais monitorados, com uma tendéncia decrescente com a profundidade, o que é frequentemente
observado em estudos similares (JIA et al., 2013; LI et al.,, 2017; NEVES et al., 2017,
ROSENBAUM et al., 2012; TAKAGI; LIN, 2011). A maior variacdo foi registrada na
profundidade de 10 cm das estacdes H6 e H7, com amplitudes de 0,33 e 0,31 m® m?,
respectivamente, enquanto as amplitudes nas estacdes H4 e H10 foram de 0,25 e 0,17 m®* m™,
respectivamente (FIGURA 2). Os dados da estacdo H10 foram coletados a partir de junho de
2016, periodo no qual uma menor variacdo da umidade foi observada em todas as estacoes.

A umidade média foi menor nas profundidades de 10 e 20 cm, em relacdo as
profundidades de 30, 40, 60 e 100 cm. Nas profundidades 10 e 20 cm do local H4, situado em
area de reflorestamento, a umidade média do solo foi superior a umidade média das camadas
correspondentes nos locais H6, H7 e H10, situados em areas de pastagens.

Em profundidades abaixo de 30 cm, as variacdes de umidade sdo menores e 0s valores
médios, maximos e minimos se aproximam entre 0s quatro locais, com registros de elevados
teores de agua no solo (FIGURA 2).
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Figura 2 — Box Plot da umidade nas diferentes profundidades e locais de monitoramento. As
linhas extremas indicam os valores méximo e minimo, os retdngulos indicam o0s
percentis de 25% e 75%, a linha preta no interior do retangulo indica a media.
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Fonte: Do autor (2019).

As séries temporais de precipitacdo e umidade do solo, nas profundidades 10, 20, 30, 40,
60 e 100 cm, e os teores de agua nas tensBes 10 e 1500 kPa e na condicdo de saturagdo, para cada
estacdo de monitoramento, se encontram na Figura 3.

No periodo de agosto a dezembro de 2014 foram registrados 627 mm de chuva.
Precipitacdes anuais de 1820, 1746 e 1489 mm nos anos de 2015, 2016 e 2017, respectivamente,
e 642 mm no periodo de janeiro a marco de 2018. Houve registros de precipitacdo em todos 0s
meses avaliados, com precipitacdes minimas nos meses de julho e agosto e maximas no periodo
de novembro a janeiro.

A variacdo temporal da umidade do solo seguiu o padrdo de variagdo temporal da
precipitagdo nos quatro locais monitorados, com diferengas nas amplitudes de variagdo e nos
teores de agua no solo, especialmente nos periodos de menor ocorréncia de chuvas.

A maior heterogeneidade temporal da umidade foi observada nas profundidades de 10 e

20 cm do solo, nos quatro locais monitorados. S&o nestas profundidades que se observam as
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maiores diferengas nos padrfes de variacdo entre as quatro séries temporais, no qual a umidade se
manteve mais elevada na area de reflorestamento (H4), em relagdo & umidade nas &reas de
pastagens, durante toda a série temporal, e principalmente durante os periodos de menor
ocorréncia de chuvas. Durante os periodos de maior ocorréncia de chuvas, o teor de agua das
camadas superficiais dos solos nas éreas de pastagem (H6, H7 e H10) se aproxima dos teores de
agua do solo na érea de reflorestamento.

Nos periodos de menor ocorréncia de chuvas, teores de agua abaixo do ponto de murcha
permanente (PMP) foram registrados nas camadas superficiais dos quatro solos monitorados. No
inicio do monitoramento, durante o periodo de setembro a novembro de 2014, os locais H6 e H7
permaneceram com valores de umidade abaixo do PMP na profundidade de 10 cm. Teores de
agua abaixo do PMP voltaram a ser registrados nos periodos de agosto a outubro de 2015, e abril
a maio de 2016, nas profundidades de 10 e 20 cm dos solos em éareas de pastagem (H6 e H7).
Neste periodo, a estagdo H4 também registrou quedas nos valores de umidade nas camadas
superficiais, porém sem atingir o PMP. Para exemplificar, em abril de 2016, més que registrou a
precipitacdo mais baixa da série, a umidade na camada de 10 cm nas estacdes H6 e H7 diminuiu
de 0,42 para 0,23 m*/m?* e 0,37 para 0,19 m®m?, respectivamente, enquanto a umidade na estac&o
H4 diminuiu de 0,5 para 0,36 m*/m®. No periodo de julho a setembro de 2016, a estacdo H4
registrou uma queda nos valores de umidade na camada de 10 cm do solo, atingindo o PMP.
Neste periodo, ocorreu uma falha nos registros das estacfes H6 e H7, no entanto, a estacdo H10
também registrou valores abaixo do PMP, nas camadas de 10 cm e de 20 cm do solo. No mesmo
periodo do ano de 2017, a umidade na camada de 10 cm atingiu novamente o PMP, nas estacfes
H4, H7 e H10, fato que se prolongou no més seguinte somente nas esta¢cdes H7 e H10 (FIGURA
3).

Nas profundidades de 30, 40 e 60 cm, o padrdo de variacdo temporal das camadas é
semelhante ao das camadas sobrejacentes, porém com oscilagdes mais atenuadas, conforme
achados de Mitchell et al. (1993) e Melo e Montenegro (2015). Na profundidade de 100 cm a
umidade é praticamente estavel ao longo das quatro séries temporais analisadas (FIGURA 3). A
partir dos 30 cm, quanto maior a profundidade, maior a semelhanca existente entre as quatro
séries temporais de umidade do solo analisadas. Em tais profundidades, a umidade do solo se
manteve alta ao longo de toda a série temporal, permanecendo préxima ou acima dos teores de

agua na capacidade de campo (CC), nos quatro locais monitorados.
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Figura 3. Séries temporais de precipitacdo e de umidade do solo nas profundidades 10, 20, 30, 40,
60 e 100 cm do solo para quatro locais de monitoramento na sub-bacia das Posses,
Extrema-MG.
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Fonte: Do autor (2019).

Na Tabela 2 sdo apresentados os valores dos coeficientes de correlacdo de Spearman (RS)
entre as profundidades do solo monitoradas. Os Rs foram estatisticamente significativos
(p<0.001) entre quaisquer duas profundidades do solo, nos quatro locais monitorados, indicando
fortes similaridades temporais entre as profundidades do solo. Os valores de Rs diminuiram

gradualmente com o aumento do intervalo de profundidade, principalmente nos locais H4 e H10.
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Tabela 2 - Coeficientes de correlacdo de Spearman entre a umidade do solo em varias
profundidades para os quatro locais de monitoramento.
(Pc r;; 10 20 30 40 60 100 (PC rri’]; 10 20 30 40 60 100
H4 H7
10 1,00 088 072 058 - 0,34 10 1,00 090 088 071 0,79 052
20 1,00 093 082 - 0,56 20 1,00 0,79 058 0,66 0,37
30 1,00 094 - 072 30 1,00 0,76 0,80 0,51
40 1,00 - 082 40 1,00 092 0,82
60 - - 60 1,00 0,81
100 1,00 100 1,00
H6 H10
10 100 091 088 077 071 0,65 10 1,00 094 087 070 046 0,42
20 1,00 0,78 067 066 0,57 20 1,00 0,92 080 052 0,40
30 1,00 087 081 0,80 30 1,00 0,84 057 0,56
40 1,00 0,89 0,79 40 1,00 0,82 0,36
60 1,00 0,75 60 1,00 0,39
100 1,00 100 1,00

Todas as correlag@es foram significativas (p<0,001). Fonte: Do autor (2019).

3.2 Atributos fisico-hidricos

Para auxiliar a interpretacdo do comportamento da umidade no perfil dos Argissolos,

atributos fisicos relacionados a dinamica da agua foram determinados a partir das amostras

coletadas nos horizontes A e B dos quatro locais monitorados (TABELA 3), e utilizados na

analise de componentes principais (ACP).
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Tabela 3 - Atributos fisico-hidricos dos horizontes A e B nos quatro locais de monitoramento da
umidade do solo, na sub-bacia das Posses, Extrema-MG.

Arg Sil AG AF MO  Micro Macro Pt T10 T1500 AD DS RMSP DMG

10CAl oot Wrererrveeeseeresesssess s sses s Kgdm® Mpa  mm
Hz A

h10 39 27 20 14 1,8 40 16 56 40 31 8,4 1,3 4,6 45

h6 41 24 21 13 2,1 38 14 52 37 30 6,9 1,2 6,8 4,8

h7 33 28 27 12 2,8 32 17 49 31 25 6,2 1,3 4,3 47

h4 54 22 15 8 53 43 23 66 41 32 9 1,1 45 4.4
Hz B

h10 60 20 11 10 0,8 41 11 52 41 34 7 1,2 10,6 3,6

h6 56 20 15 10 0,8 36 19 55 35 29 6,1 1,4 16,1 41

h7 39 27 23 10 0,8 34 17 51 33 26 6,8 1,3 7,9 3,7

h4 67 17 10 7 0,9 39 21 60 38 33 5 1 57 3,6

Arg:argila; Sil=silte; AG: areia grossa; AF: areia fina; MO: matéria organica; DS: densidade do solo;
Micro: microporosidade; Macro: macroporosidade; Pt: porosidade total; T10: umidade na tensdo 10 Kpa;
T1500: umidade na tensdo 1500 Kpa; AD: agua disponivel; DS: densidade do solo; RMSP: resisténcia do
solo & penetracdo; DMG: didmetro médio geométrico.

Fonte: Do autor (2019).

Conforme apresentado na Figura 4, o primeiro eixo da ACP explica 47,5% dos dados e
apresenta maior influéncia das varidveis relacionadas a textura do solo (argila, AG, AF e silte) e
DS e das variaveis relacionadas a retencdo de agua no solo (microporosidade, porosidade total,
umidades de saturacdo e umidades nas tensbes de 10 e 1500 Kpa). O segundo eixo da ACP

explica 25% dos dados e € afetado principalmente pelas variaveis MO, AD e RMSP.
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Figura 4 - Andlise de componentes principais dos atributos fisico-hidricos dos horizontes A e B
dos quatro locais monitorados na sub-bacia das Posses, Extrema — MG.
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Arg:argila; Sil=silte; AG: areia grossa; AF: areia fina; MO: matéria organica; DS: densidade do solo;
Micro: microporosidade; Macro: macroporosidade; Pt: porosidade total; T10: umidade na tensdo 10 Kpa;
T1500: umidade na tensdo 1500 Kpa; AD: agua disponivel; DS: densidade do solo; RMSP: resisténcia do
solo a penetracdo; DMG: diametro médio geométrico; HzA: horizonte A; HzB: horizonte B.

Fonte: Do autor (2019).

A primeira componente discriminou as amostras pertencentes aos horizontes A das
amostras pertencentes aos horizontes B. As amostras de horizonte A foram agrupadas nos
quadrantes superiores, consequéncia dos maiores teores de MO e AD, e dos menores valores de
RMSP. Ja as amostras dos horizontes B foram agrupadas nos quadrantes inferiores, por
apresentarem menores teores de MO e AD, e maiores valores de RMSP (FIGURA 4).

As amostras pertencentes ao local H4 foram discriminadas das demais amostras
principalmente pela influéncia positiva do primeiro eixo da ACP, estando localizadas nos
quadrantes a direita. As amostras pertencentes ao local H7 tem sua localiza¢do nos quadrantes a
esquerda pela correlagcdo negativa com a primeira componente. Nos locais H6 e H10, as amostras

pertencentes ao horizonte A foram agrupadas no quadrante superior esquerdo, com correlacdo
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negativa com a componente 1 e positiva com a componente 2, e as amostras do horizonte B

apresentaram correlagdes negativas com a componente 2 (FIGURA 4).
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4 DISCUSSAO

A maior heterogeneidade da umidade nas camadas superficiais j& é esperada em analises
de séries temporais de umidade do solo, dada & maior exposicdo a evapotranspiracdo, e a
influéncia direta da precipitacdo. Embora os padrdes de variacdo temporal entre as diferentes
profundidades sejam semelhantes, a resposta mais rapida aos eventos de precipitacdo e a taxa de
secagem do solo propiciam uma variacdo temporal mais acentuada nas camadas superficiais do
solo (MELO; MONTENEGRO, 2015; ROSENBAUM et al., 2012).

A umidade do solo foi mais elevada nas profundidades de 10, 20 cm do solo sob
reflorestamento, em relacdo as areas de pastagem. A Figura 4 revela os maiores teores de argila e
matéria organica do horizonte A deste local, atributos que contribuem fortemente para a retencao
de &gua no solo (COSTA et al., 2013). O maior teor de matéria organica € resultado do acimulo
de serrapilheira sobre o solo, o que contribui para melhoria das condi¢es fisicas e da estrutura do
solo (BISWAS; SI, 2011) e, consequentemente, para a maior capacidade de retencdo de agua no
solo, a maior taxa de infiltracdo de agua e para os menores valores de densidade do solo e
resisténcia mecénica a penetracdo (FIGURA 4).

Os teores de agua no solo mais elevados na éarea de reflorestamento, em relacdo as
pastagens, sdo mais evidentes nas épocas de menor ocorréncia de chuvas, onde se observa uma
menor reducdo da umidade (FIGURA 3). No periodo de julho a outubro os Argissolos
monitorados na sub-bacia das Posses se encontram com 0s menores teores de agua, atingindo
valores abaixo do PMP, com maior frequéncia nas areas de pastagens. James et al. (2003)
também observaram valores mais baixos de umidade em solos de pastagens, em relacdo a solos
sob floresta e vegetacdo arbustiva, em condicbes secas. Estudos similares também sugerem que a
taxa de secagem mais rapida da umidade em &reas de pastagens pode estar relacionada a uma
maior demanda dessa vegetacdo pela umidade do solo nas camadas superficiais (KOCHY:;
WILSON 2000; MELO; MONTENEGRO, 2015; WANG et al., 2014). Todavia, nos periodos
mais chuvosos, quando os conteudos de agua no solo sdo maiores, a umidade do solo tende a
sofrer um menor impacto da vegetacao, ao passo que a umidade ndo atua como um fator limitante
na evapotranspiracio (AVILA et al., 2011; JAMES et al., 2003; MELO; MONTENEGRO, 2015;
ROSENBAUN, 2012).
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As amostras pertencentes aos horizontes B dos quatro locais monitorados foram
agrupadas de maneira distinta na ACP (FIGURA 4). Apesar das diferengas sugeridas entre os
atributos fisico-hidricos destes horizontes, principalmente entre os locais H4 e H7, as quatro
séries temporais de umidade apresentaram padrdes de variacdo semelhantes a partir dos 30 cm de
profundidade, com valores médios de umidade elevados. Coeficientes de variacdo de umidade
menores tém sido relatados em séries espaco - temporais de umidade do solo em regides umidas,
qguando a umidade média do solo ¢ alta (LAWRENCE; HORNBERGER, 2007; NOGUCHI et al.
2014; PETERS-LIDARD; PAN, 2002). Na profundidade de 100 cm, as séries temporais de
umidade sdo praticamente estaveis e sdo similares nos quatro locais monitorados, durante quase
todo o periodo, devido a menor dependéncia dos fatores climaticos, bioldgicos e hidrolégicos que
determinam a dindmica da umidade do solo (GAO; SHAO, 2012).

Na maior parte do ano, a umidade do solo se manteve préxima ou acima da capacidade de
campo nas camadas abaixo de 30 cm, nos quatro locais monitorados. E importante ressaltar que,
apesar das diferencas fisico-hidricas sugeridas pela ACP, os quatro Argissolos monitorados
apresentam elevada capacidade de retencdo de agua, que pode ser confirmada pelos valores
elevados de umidade na tensdo 1500 Kpa (TABELA 3). A textura e a superficie especifica dos
solos exercem um controle primordial na capacidade de retencdo de &gua no solo (HILLEL,
2003). A textura dos solos em questdo varia de franco-argilosa a muito argilosa, e, em geral,
quanto maior o teor de argila, maior a capacidade de retencao de agua (LUZ; LIMA, 2008).

A alta capacidade de retencdo de agua dos Argissolos da sub-bacia das Posses, aliada a
elevada e bem distribuida taxa de precipitacdo ao longo do ano na sub-bacia das Posses, resultam
em valores medios de umidade elevados, nos quatro locais avaliados, principalmente nas
profundidades abaixo de 30 cm (FIGURAS 2 e 3). Apesar dos elevados teores de dgua ao longo
das séries temporais, nenhum local atingiu a condicdo de saturac¢do. O local H7 foi o Unico a se
aproximar de tal condicdo na camada de 100 cm, fruto dos menores teores de argila e menor
porosidade total, que refletem em um menor teor de agua armazenada na condi¢do de saturacao
(FIGURA 4).

Anélises de séries espaco-temporais da umidade do solo em regibes aridas e semi-aridas
sugerem que fatores estaticos, tais como textura, densidade e topografia exercem um maior
controle na variabilidade da umidade do solo (COSH et al., 2008; LI et al., 2015; MELO;
MONTENEGRO, 2015). Todavia, Li et al. (2017), ao analisar séries temporais de umidade em
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uma regido de clima dmido, observaram que fatores dindmicos, como a precipitacdo, exerceram
um maior controle na variacdo da umidade na dimensao temporal. Kim e Barros (2002) e Oldak,
Jackson e Pachepsky (2002) também relataram que a variabilidade espacial da umidade do solo
foi predominantemente controlada pelos padrdes de precipitacdo sob condi¢fes Umidas e pela
textura do solo e pelo teor de &gua da vegetacdo sob condicfes secas.

Os resultados deste estudo sugerem que a precipitacdo € o principal fator de influéncia na
variacdo temporal da umidade no perfil dos Argissolos da sub-bacia das Posses, porquanto o
comportamento temporal da umidade é similar nas camadas abaixo de 30 cm, onde o teor de agua
é elevado, independente dos atributos do solo e vegetacdo. Por outro lado, nas profundidades
superficiais do solo, onde o teor médio de agua é inferior, em relagdo as camadas mais profundas,
o0s atributos do solo e a vegetacdo parecem exercer um maior controle na variacdo temporal da
umidade, principalmente durante os periodos de menor ocorréncia de precipitacdo, dado o0s
maiores teores de dgua na area de reflorestamento.

Os altos coeficientes de correlacdo de Spearman indicam fortes similaridades temporais
entre as profundidades do solo, nos quatro locais monitorados, apesar das diferencas existentes
entre os atributos fisico-hidricos dos horizontes A e B (FIGURA 4). Solos com textura fina séo
menos propensos a sofrer o chamado “desacoplamento fisico das camadas adjacentes do solo
(CAPEHART; CARLSON, 1997), que ocorre quando as taxas de secagem da superficie e
subsuperficie divergem, controladas pelas propriedades hidraulicas do solo, pois as mudancgas nos
teores de umidade sdo mais suaves nas épocas secas (VEREECKEN et al., 2008). Além disso,
sob condicGes de elevados teores de agua no solo, a distribui¢do de agua no perfil atua de forma
mais homogénea (JOST et al., 2004). A tendéncia observada foi de reducéo nos coeficientes de
correlagdo com o aumento do intervalo de profundidade, conforme achado de outros autores
(GAO; SHAO, 2012; JIA et al., 2013; LI et al., 2017), principalmente nos locais H4 e H7, onde

ocorrem variagOes texturais entre os horizontes A e B.
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5 CONCLUSOES

Este estudo analisou séries temporais da umidade em perfis de Argissolos situados em
areas de pastagens e reflorestamento. A umidade do solo foi superior nas camadas de 10 e 20 cm
do solo na area de reflorestamento, possivelmente reflexo da melhor estrutura fisica deste
horizonte A, dados os maiores teores de argila e matéria organica. Maiores diferencas foram
observadas no padrdo de variacdo da umidade nos periodos de menor ocorréncia de chuvas,
quando as areas de pastagens atingiram o PMP com maiores frequéncias que a area de
reflorestamento. Nas camadas mais profundas, o padréo de variacdo da umidade é semelhante nas
quatro séries temporais analisadas, independente da vegetacao e dos atributos fisico-hidricos dos
solos monitorados. Nas camadas abaixo de 30 cm, a umidade se manteve alta ao longo de todas
as séries temporais, reflexo da alta capacidade de retencdo de agua dos Argissolos da sub-bacia
das Posses e da elevada e bem distribuida precipitacdo. Fortes similaridades temporais entre as
profundidades do solo foram indicadas pelos coeficientes de correlacdo de Spearman. Em posse
da caracterizacdo dos atributos relacionados a dinamica da agua no solo, a elevada taxa de
precipitacdo na regido de estudo parece exercer papel primordial no comportamento das séries

temporais de umidade do solo no perfil dos Argissolos da sub-bacia das Posses.
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