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MACHINE LEARNING MODELING IN TEMPORAL VARIABILITY OF SOIL
RESPIRATION IN PLANTED FOREST AREAS

ABSTRACT - Understanding the temporal dynamics of land respiration in tropical
ecosystems is challenging, especially when it is associated with Land Use, Land-Use
Change and Forestry (LULUCF). Many studies have modeled the dynamics of CO,
emission from soil (FCO,), but few studies have modeled the temporal dynamics of
soil O, influx (FO,). Therefore, the objective of this study was to evaluate the
predictive performance of artificial neural networks (ANN), support vector regression
(SVR), adaptive neuro-fuzzy inference system (ANFIS), and random forest (RF)
machine learning (ML) technigues in modeling the temporal variability of FCO, and
FO, in forests planted in three ecosystems of planted forests: Pinus (Pinus spp),
Eucalyptus (Eucalyptus spp), and native species, converted more than 30 years ago
in the Cerrado biome, Brazil. We used a database composed of agro-meteorological
data, improved vegetation index (EVI), and soil chemical and physical attributes as
predictor variables and principal component analysis as the main data mining
technique. For each monoculture and native species forest the numbers of FCO, and
FO, recordings were (n = 500) and (n = 175), respectively. For pine forest, ANNs
showed better predictive performance than SVR. The multilayer perceptron (MLPNN)
with 12 input variables explained R? = 42% of the temporal variability in FCO,. The
general regression neural network (GRNN) with 10 input variables explained
temporal variability in FO, with an R? of 56%. For eucalyptus, in the estimation of
FCO.,, the best predictive performance was obtained with MLP with validation (R? =
0.59; RMSE = 1.034 umol m-%s-!). FO, estimation: validation (R? = 0.36; RMSE =
0.076 mg m-s-1). SVR with radial basis function kernel (SVR-RBF) was superior to
the sigmoid (SVR-SIG), and polynomial kernels (SVR-PL), with the following values
for FCO,; validation (R2 = 0.53; RMSE = 0.990 umol m-?s-1).In Native Species areas,
the best results were: FCO, with Radial Basis Function Neural Network (RBFNN) (R?
= 0.54, RMSE = 1.015 pmol m-?s-!) and FO, with RBFNN (R? = 0.74, 0.079 mg m-°s-
1y, Estimates of FCO, showed better predictive performance than FO,. RBFNN was
best estimate for FCO,. MLPNN is the best architecture for FO, (R = 0.45, RMSE =
0.94 mg m-%s-1). In relation to ANFIS, FO,, did not show good generalizability and
presented the worst performance, showing the highest mean absolute percentage
error and lowest accuracy (R? = 0.12, MAPE 51.27% and R? = 0.28, MAPE 47.48%)



calibration and validation respectively). Analyzing the performance of the two
estimates, SVR-RBF for FCO, performed better than SVR-RBF for FO,. The RF for
FCO, in the calibration and validation phases presented values of the (R?> = 0.80 and
R% = 0.60 respectively). The type of forest influenced temporal variability in soil
respiration. We found that soil temperature (Ts) EVI, global solar radiation (GSR),
macroporosity (macro), and organic matter (SOM) were the variables that most

influenced the two estimates.

Keywords: Carbon dynamics, Soil-atmosphere, Land use, Greenhouse gases,

Mathematical models.
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APRENDIZADO DE MAQUINA NA MODELAGEM DA VARIABILIDADE
TEMPORAL DA RESPIRACAO DO SOLO EM AREA DE FLORESTA PLANTADA

RESUMO - Compreender a dinamica temporal da respiracdo do solo (Rs) nos
ecossistemas tropicais € desafiador, principalmente quando estd associada a
Mudanca do uso da terra e Florestas (MUTF). Os diferentes tipos de manejo podem
ter impactos na mudanca do fluxo CO, (ou emissdo de CO, do solo - FCOy,), e do
influxo de oxigénio no solo (FO,). Muitos estudos modelaram a dinamica temporal da
FCO,, mas poucos estudos modelaram a dinamica temporal do FO,. Portanto, o
objetivo deste estudo foi avaliar o desempenho preditivo de quatro técnicas de
aprendizado de maquina: redes neurais artificiais (RNA), Regressdo por vetores
suporte (RVS), Sistema de Inferéncia Adaptativo Neuro-Difuso (ANFIS) e Random
Forest (RF) na modelagem da variabilidade temporal da FCO, e FO, em é&reas de
florestas plantadas convertidas ha mais de 30 anos no bioma Cerrado, Brasil, com
Eucalyptus (Eucalyptus spp.), Pinus (Pinus spp) e espécies nativa, O banco de
dados foi composto pelas seguintes variaveis preditoras: dados agro-
meteoroldgicos, indice de vegetacado melhorado (EVI), e atributos quimicos e fisicos
do solo. A andlise de componentes principais foi utilizada como técnica de
mineracdo dos dados. Para cada area de monocultivo e reflorestamento com
espécies nativas o numero de observacdes das variaveis respostas para FCO, e
FO, foram (n= 500) e (n = 175) respectivamente. Na floresta de pinus, as RNas,
demonstraram melhor desempenho preditivo do que as RVS. Uma rede neural
Multilayer Perceptron (MLPNN), constituida com 12 varidveis de entrada explicou
42% da variabilidade temporal da FCO,. A rede neural de regressédo geral (GRNN)
com 10 variaveis de entrada explicou (R = 56%) da variabilidade temporal FO, Para
floresta de eucalipto, na estimativa da FCO,, o melhor desempenho foi obtido com
MLPNN na fase de validacdo (R? = 0,59;) e Raiz quadrada do erro-médio (RMSE =
1,034 pmol m? s). Para FO, os valores foram: validacéo (R? = 0,36; RMSE = 0,076
mg m-? s-1). Em relacdo a SVR o desempenho dos modelos com o kernel de funcéo
de base radial (SVR-RBF) foi superior ao sigmoide (SVR-SIG), e kernel polinomial
(SVR-PL). Os seguintes valores forma observados para FCO»; validacédo (R? = 0,53;
RMSE = 0,990 umol m-2 s%). A dinamica da FCO, e FO, nessa area foi associada &
respiracdo das raizes. Na area com espécies nativas, o desempenho mais preditivo
para FCO, foi com Rede Neural de Funcdo de Base Radial (RBFNN) (R? = 0,54,



Vii

RMSE = 1,015 pmol m-2s-1) e FO, com RBFNN (R? = 0,74; RMSE 0,079 mg m™?s™).
Na segunda fase do estudo, desenvolvemos um modelo global considerando a base
de dados das trés areas para estimativa da FCO, e FO,. As estimativas para FCO,
foram mais perditivas que FO, A RBFNN foi a melhor modelo para na FCO, (R* =
0,51; RMSE = 0,97 umol m-?s™). Em contrapartida a MLPNN foi a melhor arquitetura
para o FO, (R* = 0,45, RMSE = 0,94 mg m-%s-!). A ANFIS n&o resultou em um
modelo com boa capacidade de generalizacdo para FO, e apresentou o pior
desempenho na calibracdo (R?> = 0,12, MAPE 51, 27%) e validacdo (R®> = 0,28 e
MAPE 47, 48%) com elevados erros percentuais associados. De uma forma geral o
modelo SVR-RBF teve melhor desempenho na FCO, quando comparado com FOs,.
O modelo RF foi satisfatério para FCO, nas fases de calibracdo e validacdo R? 0,80
e R? 0,60 respectivamente. O tipo de floresta influenciou a variabilidade temporal na
respiracdo do solo. Verificamos que a temperatura do solo (Ts) EVI, radiagdo solar
(RSG), macroporosidade (macro), e matéria organica (MOS) foram as variaveis que

mais influenciaram as duas estimativas.

Palavras-chave: Dindmica do carbono, Atmosfera do solo, Uso do solo, Gases do
efeito estufa, Modelos matematicos.
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CHAPTER 1 - GENERAL CONSIDERATIONS
1 Introduction

Over the past 60 years (1960-2019), land use change (LUC) has affected
nearly one-third (32%) of the global surface area. During this period, 0.8 million
square kilometers of forests is estimated to have been cleared worldwide (Winkler et
al., 2021); therefore, tropical ecosystems are under constant human pressure (Wright
and Muller-landau, 2006; Barbosa et al. 2021). In 2019 in Brazil, land use, land-use
change and forestry (LULUCF) sector was responsible for emitting 425.92 million
tons of carbon dioxide (tCO,) into the atmosphere (Alencar et al., 2020), and more
than 12 thousand kilometers (km?) of native vegetation near indigenous lands and
areas of legal reserve or permanent protection were devastated, mainly by illegal
means. The occurrences were concentrated in the Amazon and Cerrado regions
(Azevedo et al., 2021). Actions of this type are influenced by economic factors and
the neglect of environmental policies by managers. The main consequences of the
removal and replacement of native vegetation are related to the biogeochemical
cycle and irrigation, particularly the seasonality of precipitation (Chambers and
Artaxo, 2017).

Forests contribute approximately half of the global net primary production
(NPP), have significant abilities to sequester and store carbon (C) in plant biomass
and soil, and can offset anthropogenic CO, emissions (DeLucia et al., 1999). The
benefits of reforestation go beyond biodiversity conservation and affect the region's
microclimate and precipitation events through its relationship with the atmosphere,
including seasonal patterns of photosynthesis and transpiration (Del Rosario Uribe
and Dukes, 2021), which are fundamental to minimizing the effects of climate
change.

The benefits of reforestation go beyond biodiversity conservation and
influence the microclimate of the region, consequently the occurrence of precipitation
events and their relationship with the atmosphere, including seasonal patterns of
photosynthesis and transpiration (Del Rosario Uribe and Dukes, 2021), which are key
to minimizing the effects of climate change.

Brazil contains some of the largest planted forests in the world, according to
the Annual Report of the Brazilian Tree Industry (IBA, 2020). In 2019, the total area



of planted trees totaled 9.0 million hectares, 90% of which were composed of
Eucalyptus (Eucalyptus spp.) and Pinus (Pinus spp.), species used for the production
of charcoal, lumber, paper, energy, and others, stimulating the bioeconomy of the
states located in the Cerrado region, such as Mato Grosso do Sul (MS).

In the soil, CO, emission or fllux (FCO,) is the result of two factors: production
and gas transport. Production is derived from the respiration of roots (autotrophic)
and the biochemical processes that occur in soil due to the mineralization of organic
matter, which is the main source of energy in the respiration of microorganisms
(heterotrophic) (Lal, 2009; Moitinho et al., 2015), whereby aerobic forms consume
oxygen (FO,), which is fundamental for the metabolism of microorganisms.

Thus, soil respiration (Rs) is one of the major carbon fluxes between the land
surface and the atmosphere (Adachi et al., 2017). Regarding transport, CO, and O,
move mainly by diffusion, as described by Fick's Law. It is the main mechanism of
soil aeration; therefore, it is conditioned by the physical properties of the soil (Neira et
al., 2015). Consumption by plant roots and microbial populations causes the partial
pressure of oxygen to decrease, resulting in an O, pressure gradient between the
atmosphere and the soil (Zhu et al., 2019).

In the field it is difficult for us to separate autotrophic respiration from
heterotrophic respiration (Fan and Han, 2018), both of which participate in multiple
interactions with climate variables such as solar radiation (La Scala et al., 2003), soll
chemical and physical attributes, (de Araujo Santos et al.,, 2019; Moitinho et al.,
2021), photosynthesis (Savage et al., 2013), and oxygen availability (Ferraz de
Almeida et al., 2018).

Studies indicate that soil temperature and moisture are often associated with
temporal variability in Rs (Davidson et al., 1998; Li et al., 2008). Temperature can
directly affect soil microbial functions through increased rates of microbial activity and
soil organic matter (SOM) decomposition (Luo, 2006), while soil water content may
be related to gas diffusion and microbial mobility (Silva et al., 2019). Tang et al.
(2005) stated that the pattern of temporal variability of Rs in forest areas, on a diurnal
scale, is modulated by photosynthetic activity. Biophysical parameters, such as the
Improved Vegetation Index (EVI), have been shown to correlate well with Rs (Huang
et al., 2012).

For better monitoring of soil carbon dynamics, many studies have been

conducted with different models and predictor variables to estimate and understand



the temporal dynamics of soil respiration in different ecosystems (Tuomi et al., 2008;
Chen et al.,, 2010). According to Vargas et al. (2010), our ability to predict CO,
emissions remains limited due to the complexity of the phenomenon. In addition,
most studies focus only on the study of FCO,, and few have modeled oxygen
consumption, which is essential for these dynamics to occur (Ferraz de Almeida et
al., 2018; Vicentini et al., 2019).

Given the above, artificial intelligence (Al) with the adoption of machine
learning techniques such as artificial neural networks (ANNS), support vector
regression (SVR), adaptive neuro-fuzzy inference system (ANFIS) and random
forest (RF), have been successfully applied to model various processes in the
environmental sciences, due to their ability to solve complex nonlinear problems
(Fernandes et al., 2019; Taghizadeh-Mehrjardi et al., 2020) particularly in relation to
soil respiration (Farhate et al., 2018; Freitas et al., 2018; Liu et al., 2020).

1.2 — Hypothesis

The application of machine learning techniques: ANNs, SVR, ANFIS, and RF,
generates predictive models to explain the pattern of temporal variability of soll

respiration in planted forest areas using environmental covariates.

1.3 — Objectives

The objective of this study was to evaluate the potential of four machine
learning technigues (ANN, SVR, ANFIS, and RF) to estimate soil CO, emissions and
oxygen influx in a planted forest area in the Cerrado using environmental covariates.
Initially, we developed models of CO, emission and oxygen uptake using machine
learning techniques for pine, eucalyptus, and native species planted in forest areas
(Chapters 2, 3, and 4). Subsequently, we developed a global model considering the

database of three areas for CO, emissions and oxygen consumption (Chapter 5).

1.4 Literature Review

1.4.1 Areas of planted forest



According to information from the Global Assessment of Forest Resources
Report (Fan et al., 2020) produced by the United Nations (FAO, 2020), natural
regenerating forests have suffered significant losses for 120 years, while planted
forest areas have thrived. Currently, 93% of the forest area worldwide is composed of
naturally regenerating forests and 7% corresponds to planted forests, totaling 123
million hectares. More than 54% of the world's forests are in just five countries: the
Russian Federation (815 million hectares), Brazil (457 million hectares), Canada (347
million hectares), the United States of America (310 million hectares), China (220

million hectares), and the rest of the world (1,870 million hectares).

RUSSIAN
FEDERATION REST OF THE
20% BRAZIL WORLD

12% 46%
CANADA

9%

UNITED
STATES OF
AMERICA  CHINA

8% 5%

Figure 1. Forests around the world [adapted]. FAO 2020 Global Forest Resources
Assessment 2020 (Rome: FAO) (available at: https://doi.org/10.4060/ca8753en)

In Brazil, the commercial use of forest products has been gaining prominence
since the 1960s, when the federal government began granting fiscal incentives for
the increase of the forest sector, aiming to meet the needs of the pulp and paper,
steel, and furniture industries that required wood as a raw material (Barborsa et al.,
2020).

According to recent information from the Brazilian Tree Industry (IBA, 2020), in
2019, 9.0 million hectares of trees were planted in the country, of which 77% were
eucalyptus (6.97 million hectares), 18% were pine forest (1.64 million hectares), and
the rest were species such as rubber trees, acacia, and teak. The states of Minas
Gerais (MG), Séo Paulo (SP), Mato Grosso do Sul (MS), Parana (PR), Rio Grande
do Sul (RS), and Santa Catarina (SC) are the largest holders of planted forests in

Brazil. According to the Brazilian Institute of Geography and Statistics (IBGE, 20021),



through the IBGE news agency portal, 44.3% of the eucalyptus areas are
concentrated in the southeast and 84.6% of the pine forests are in the south,

1.5 Soil Respiration

Soil Respiration (Rs) is one of the most significant components of the carbon
(C) cycle in forest ecosystems and represents the major flux of CO, from terrestrial
ecosystems (Adachi et al., 2006) to the atmosphere; however, its temporal and
spatial variability as well as the driving forces surrounding this process are still not
well understood (Huang et al., 2020), especially for tropical forests (Gutiérrez del
Arroyo and Wood, 2020). According to (Anderson, 2015) R has been widely used to
assess the overall activity of belowground biomass since it is influenced by climate,
physical and chemical properties, soil management practice and agricultural
practices. That author also indicated that Rs can be used as a bioindicator to assess
(C) mineralization and stabilization in relation to the type of organic matter and its
rate of entry into the soil. R is the primary pathway by which CO, that has been fixed
by plants returns to the atmosphere. Therefore, quantifying the temporal variability of
soil respiration is is important for the development of models that aid in the
understanding of ecosystem carbon loss at regional and global scales to aid in
understanding the mechanisms that control such losses, advancing the
understanding of the terrestrial C cycle (Phillips et al., 2017; Rubio and Detto, 2017).

1.5.1 Soil properties

According to Cable et al.(2008) heterotrophic respiration (Rh) represents the
loss of stored C through the decomposition of SOM, and autotrophic respiration (Ra)
indicates the loss of C that was fixed during photosynthesis. Generally, Rs varies
with time and space, with environmental factors such as temperature and water
content as the main influencers (Reth et al., 2005; de Aradjo Santos et al., 2019).
Although the dynamics of these two variables are generally well understood, the
complexity of Rs alludes to other factors that act directly or indirectly in the process of
production and transport of CO, flux, including carbon stock (Panosso et al., 2011),

soil chemical attributes such as CEC and iron oxides (La Scala et al., 2000),



physical attributes such as soil density and pore classes (Teixeira et al., 2012; Silva
et al., 2019) and microbial activity (Xavier et al., 2019).

Studies have described the relationship between soil respiration and root
biomass (Fang et al., 1998) and soil oxygen concentration (Ferraz de Almeida et al.,
2018) reflecting CO;, fluxes As Lagomarsino et al. (2006) observed, changes in the
quantity and quality of labile C substrates play an important role in the seasonal
variation of FCO,. Estruch et al. (2020), highlighted the influence of plant species on
FCO, through specific effects on soil moisture, temperature, and microbial
communities, as well as plant-soil system interactions with burlap production and root
exudates, which provide improvements in autotrophic and heterotrophic soll
respiration. Pell et al. (2005) described Rs as a fundamental process for carbon flux
to the atmosphere, with soil SWC, oxygen concentration, and carbon bioavailability

as the main regulating dynamics.

1.5.2 Soil aeration

Gas emissions in soil are driven by the production and consumption
processes, along with the pore structure of the soil and the physical processes of gas
transport (Laemmel et al., 2019). According to Fan et al. (2020) in soil, the movement
of gas and water is influenced not only by the number of pores, but also by their
distribution, size, and other geometric characteristics and indirectly by the clay and
organic matter content (Eden et al., 2011). Soil aeration is an important aspect of the
physical quality of the soil. This is since the vast majority of biological activity in soil
requires a continuous supply of oxygen for organisms (Czyz, 2004). Watanabe et al.
(2008) observed that physical quality for plant growth is dependent on soil moisture
dynamics.

Adachi et al. (2006) observed that soil respiration is negatively correlated with
soil water content in tropical forest soils because of the higher water content, as
liquid-filled pores hinder gas exchange with the atmosphere. Diffusion and mass flow
are primarily responsible for the movement of CO; in the soil and its release into the
atmosphere, and diffusion is required for oxygen influx (Neira et al., 2015).

Maier et al. (2019) affirmed



“(...) Gas transport in the soil and across
the soil-atmosphere boundary is assumed to be entirely driven
by diffusive transport; therefore, air mass flux due to pressure
gradients or other transport processes (boiling or plant-

mediated gas transport) is considered negligible” ...

Under a steady state condition, gas diffusion follows Fick's First Law, Equation 1
(Eq.1), as described by (Roman et al., 2021)

q=-D,(3) (Eq 1),

where g is the gas flux (cm?® air cm™ soils™), Dp (cm® air cm™ soils™) is the effective
diffusion coefficient of the gas in the soil, and ¢ C/o0 x is the gas concentration

gradient (cm® air cm™ soil). (Roman et al., 2021).

The gas diffusivity (Dp D 0-1) corresponds to the ratio of Dp to the diffusion
coefficient of gas in free air at atmospheric pressure (DO, cm? ars™), and p is a
function of the air-filled porosity related to transport efficiency, continuity-tortuosity,
and the constraints on the soil pore matrix. Recently, some important studies have
shown the need to understand oxygen influx to explain the dynamics of organic

matter in soil (Ferraz de Almeida et al., 2018; Vicentini et al., 2019).
1.5.3 Soil respiration associated photosynthesis

Han et al. (2014) noted that on a diurnal scale, soil respiration can be
modulated by net photosynthesis (difference between gross photosynthesis and the
sum of mitochondrial and photorespiration) and different vegetation types contribute
to variations. Gutiérrez del Arroyo and Wood (2020), reported that other biophysical
factors, such as photosynthetically active radiation (PAR) and relative humidity (RH),
play an important role in R, Liu et al. (2020) found that Rs plays a specific rolei n
adjusting crop photosynthesis, but that it also increases CO, emissions by

contributing greenhouse gases crop photosynthesis, but that it also increases CO;



emissions by contributing greenhouse gases. The production of FCO; is a result of
soil biochemical activities and the transport of the gas to the atmosphere (Silva et al.,
2019), both of which are influenced by the aerobic and anaerobic conditions of the
area (Fan et al., 2020). Siqueira et al. (1994) reported that aerobic microorganisms
use oxygen as the final electron receptor in soil biochemical processes. Both soil
metabolic processes such as aerobic respiration by microorganisms, respiration, and

root growth require well-structured soils.

1.5.4 Soil respiration and the climate

Soil respiration is also influenced by photosynthesis, and precipitation regimes
control this effect (Thomey et al., 2011). For Reichstein et al. (2003) and Xiao et al (
2020), Rs is sensitive to climate warming and precipitation change in various
ecosystems, and the importance of precipitation to Rs occurs through two pathways,
the first refers to the direct influence through water limitation of soil microbes and the

second relates to the indirect influence via root productivity.

1.6 Machine Learning (ML)

The American Arthur Samuel was a pioneer in computer games and artificial
intelligence. In 1959, he defined machine learning (ML) as a field of study giving
computers the ability to learn without being explicitly programmed (Awad; Khanna,
2015). Machine learning consists of a subset of artificial intelligence that relates
directly to algorithms and methods endowed with the ability to learn from a database
(Figure 2). Although this mode of cognition differs from the human cognitive process,
its fundamentals are identical. By experiencing errors, it is possible to improve a
given response, that is, learning is obtained only through experience (Azevedo,
2018).
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With machine learning, algorithms are developed that can learn to solve two
types of problems: classification when discrete results are preferred and regression
when continuous results are preferred. Zhang et al. (2020) indicated that “ML aims to
establish a regressor or classifier by learning from the training set and then
evaluating the performance of the regressor or classifier through a test set.” For
learning to be effective, the algorithms are subjected to training processes in which a
series of information is analyzed, allowing the development of learning models to
solve new situations and/or instances (Carvalho, 2012).

According to Santos (2016), the aforementioned procedures are conducted in
two distinct ways, i.e., unsupervised, when information is combined based on
similarity, or supervised, in which labeled examples are employed (e.g., example
inputs and their desired outputs). Zhang et al. (2020) exemplified: “supervised
learning as a teacher exposing a problem (finding the mapping relationship between
inputs and outputs) and its solutions (labeled output data) to a student and asking
that student to figure out how to solve other similar problems”. According to the
author, unsupervised learning, which consists of unlabeled datasets, is similar to
giving a student a set of patterns and asking the student to determine the underlying
reasons generating the patterns. Methodologies that consider machine learning
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provide excellent results for many different fields of science and are of significant
value to research being conducted around the world (Rocha et al., 2018)

According to Padarian et al. (2020), the modeling and validation process can
be used to formulate a model for explaining a soil distribution, thereby improving our
understanding of the causes of soil variation and informing the environmental
variables that control the soil distribution.

The application of ML techniques such as artificial neural networks (ANNS),
support vector regression (SVR), an adaptive neuro fuzzy inference system (ANFIS),
and random forest, have been applied to soil science during the last decade. In
studies conducted in the areas of agriculture and native forests. Rivera and Bonilla
(2020), estimated the aggregate soil stability in the Mediterranean using two machine
learning techniques: an ANN model and a generalized linear model. The authors
observed a superior performance when applying an ANN and concluded that the
model was reliable for predicting the aggregate stability.

Ghorbani et al. (2015) estimated the cation exchange capacity (CEC) in Iran in
areas of native forests, reforested regions, pastures, and other land areas using an
ANNs multilayer perceptron (MLPNN), radial basis function (RBFNN), and ANFIS,
and compared the results to those of traditional multiple regression. The results
showed that the accuracies of the ANN and ANFIS models were similar with respect
to their statistical parameters. The authors pointed out that machine learning
techniques are powerful tools that can be used to predict CEC, particularly in arid
grassland ecosystems.

According to Chen et al. (2017), a review of the literature showed that different
machine learning models have particular strengths and weaknesses, and their
behavior generally depends on the characteristics of the different study areas. For
example, in a supervised study comparing linear and Gaussian support vector
regression models with ordinary least squares (OLS) and a linear ridge regression
(LRR) to estimate the different physical soil properties from a dataset of chemical
properties. Kovacevi¢ et al. (2010) found that the performances of the models are
similar, except for a regression model applied to the pH, where both SVR kernel
functions significantly outperformed those of linear regression. According to these
authors, the low correlation between the chemicals and physics in the dataset

compromised the model performance.
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1.6.1 Neural Networks

Artificial neural networks are inspired by the biological nervous system and are
commonly used in regression and classification problems. Minasnye and McBratney
(2002) describe an ANN as an attempt to build a mathematical model that aims to
function analogously to the human brain. ANNs are increasingly used as valuable
approaches to the modeling, prediction, and optimization of complex processes
(Sardoo et al. 2020). As vigorous data modeling tools, they gain knowledge through
experience. According to Yilmaz et al. (2011), a trained ANN can be considered an
“‘expert” in the category of the information it was given for analysis. In addition Emadi
et al. (2020) reported that networks are able to detect patterns and elicit results;
therefore, they can be used to predict data with correlations such as the soil

properties.

According to Debanshi and Pal (2020),

“Each unit of a neural network is entrusted as a layer and remains
connected through unidirectional flows of information, from the input layer to
the layer located as the hidden layer and finally to the output layer. Thus, the
first input layer generates a signal value responding to an element that is
followed by the yielding of an output value from each neuron, which can act

as an input value to the subsequent layer”.

The following diagram illustrates a neural network with three layers. The
input and hidden layers contain three nodes, and the output layer contains a single
node (Milon, Imdadul Haque, 2019). Here, w represents the weights assigned to the
synapses between the input layer and the hidden layer and O1 is the output of the
network (Figure 3).

According to (Haykin, 2001) the architecture is closely linked with the learning
algorithm used to train the network. For Braga (2000), defining the ideal number of
neurons in a hidden layer is extremely important owing to its computational
complexity and generalization capacity. Neural networks consist of a large class of
architectures. The most widely used architectures in the literature for classification or

regression problems are a multilayer perceptron neural network (MLPNN), radial
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basis function (RBFNN), and generalized regression neural network. (Kashi et al.,
2014).
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Figure 3. Artificial neural network architecture

1.6.1.1 Multilayer Perceptron Neural Network (MLPNN)

The most commonly used neural model for prediction is an MLPNN, which in
engineering problems consists of three layers, i.e., an initial input layer, a final output
layer, and a hidden intermediate layer, and in the case of nonlinear mapping is called
a universal approximator. Such networks are feedforward-type networks, that is, no
output from a neuron in a layer k will be an input signal to a neuron in a layer less
than or equal to k. In addition, they are completely connected, and each neuron
therefore provides its output to each unit in the next layer (Han et al., 2005). This
type of network uses a supervised learning process, most commonly by applying the

back-propagation algorithm.

1.6.1.2 Radial Basis Function Neural Network (RBFNN)

RBFNNs are alternatives to MLPNNs, consisting of three layers: an input
layer, a hidden layer (kernel), and an output layer. The nodes of each layer are fully
connected to the previous layer. The radially symmetric basis function is used as an
activation function for the hidden nodes. The transformation from input to hidden

nodes is non-linear, and the training of this part of the network is usually conducted in
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an unsupervised manner (Bagheri et al.,, 2015). The training of the network
parameters (weight) between the hidden and output layers occurs in a supervised

fashion based on target outputs (Kashaninejad et al., 2009).

1.6.1.3 Generalized Regression Neural Network (GRNN)

The technique is based on a probabilistic model, trains quickly, and allows the
modeling of nonlinear functions. The topology of the GRNN developed by Specht
consists of four layers: an input layer, a pattern layer, a summation layer, and an
output layer (F.Specht, 2007). The input layer collects information and transmits it to
the pattern layer. The pattern layer is used to apply clustering during the training
process. Typically, the number of neurons in the pattern layer is equal to the number
of training datasets (Ghritlahre and Prasad, 2018). This class of network paradigm
has the distinctive features of learning quickly, working with simple and
straightforward training algorithms, and being discriminative against infrequent
outliers and erroneous observations(Leung et al., 2000). ANNs have been

successfully employed to predict soil properties(Minasny and Mcbratney,2002.)

1.7 Regression with Support Vectors

Support vector machines (SVM) can be divided into two main techniques,
namely, classification (SVC) and regression (SVR), which are based on the theory
developed by (Vapnik et al., 1995). SVMs are basically a linear machine, aiming at
the theory of machine learning techniques that seek to maximize generalization
ability. An SVM was initially used to solve problems with binary linear classification.
However, the concept has been expanded, allowing it to be adopted to regression,
multiclass classification, information clustering (unsupervised learning), and nonlinear
classification problems (Filgueiras, 2014).

An SVM installs a learning algorithm relevant to understanding more refined
patterns in a complex information set. Through the algorithm, discriminative
classification is applied to the development of various activities, such as predicting
the classification of information that has not been seen before. The construction of an

SVM starts from the training complexity, which is cubic or quadratic as a function of
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the number of samples used in training, which is one of the main disadvantages of
this type of algorithm (Lafeta et al., 2020).

SVR aims to find a function that approximates a given set of information. With
this, it seeks to find a function f(x) responsible for approximating a given element with
less than a previously established prediction error. In addition, it simultaneously
reduces the margin reciprocal and allows the insertion of variables with slack (Koide,
2016), as shown in Figure 4. SVR seeks to minimize an upper bound on the
generalization error rather than minimize the training error , which is the principle
followed by ANNs (Wu et al., 2010). The main idea is to build a hyperplane as a
decision surface to maximize the margin of separation between the positive and
negative points is maximum (Lin, 2018) SVR is a promising new approach to data

regression.
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Figure 4. Graphical representation of a linear regression function (Chen et al., 2017),
SVR performance is highly dependent on kernel functions. Among the most used
kernel functions in the SVR algorithm stand out the kernel: linear, polynomial,

sigmoidal and Gaussian.

Table 1. Support vector machine and kernel function

Kernel Function K(x;, Xj) Parameters
Linear kernel (X, %) -
Polynomial kernel (6(x; ,x;) + k)@ d,ked
Gaussian radial basis exp(—yllxi; — x;||*) 14

Sigmoid kernel tanh(8(x;x;) + k) sek
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1.8. Adaptive Neuro-Fuzzy Inference System (ANFIS)

In 1965, Zadeh of the University of California proposed the fuzzy logic theorem
to describe complicated systems and help solve various problems. ANFIS is a hybrid
model that combines the adaptive ability of ANNs (multi-layer feed-forward networks)
with a fuzzy interface system (FIS) (Jang, 1993), and constructs a hybrid intelligent
system that can be more efficient than either an ANN or fuzzy logic (Wali et al.,
2012).
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Figure 5. (a) First-order Sugeno fuzzy reasoning. (b) Equivalent ANFIS architecture.
The output of (a) is inserted into layer 4 of (b). Adapted from Singh Source: Adapted
(Jang, 1993)

According to Mohandes et al. (2011), the neuro-diffuse model exploits the
capabilities of both neural networks and fuzzy logic systems. Singh et al.( 2012)
indicated that ANFIS builds an FIS whose membership function parameters are
tuned using a back-propagation algorithm alone or in combination with a type of least
squares method.(Yegireddi and Uday Bhaskar, 2009). The ANFIS architecture is
composed of five layers: layer 1, input nodes; layer 2, rule nodes; layer 3, average
nodes; layer 4, consequent nodes; and layer 5, output nodes (Jang, 1993). ANFIS
has been widely used in the field of environmental science to solve nonlinear and
difficult problems in many parts of the world. Fuzzy systems contain three basic

sections, i.e., fuzzification, fuzzy databases, and defuzzification, whereas a fuzzy rule
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base and inference system are two sections of the fuzzy database parts (Safari et al.,
2020).

1.9 Random Forest (Regressor)

A random forest (RF) is one of the best-known approaches for categorical
(classification) and continuous (regression) prediction problems.(Taghizadeh-
Mehrjardi et al., 2020) The random forest (RF) induction algorithm was created by
Cutler and Breiman (2001), and combines random selection with the idea of bagging
the explanatory variables in a tree induction process. As one of the main benefits of
random forests, they can accurately explain the composite connections between
independent and dependent variables (Emadi et al., 2020).

Breiman (2001), described the basic premise of this algorithm as the building
of a certain number of decision trees; thus, the decision trees are then combined
according to certain criteria to generate random forests, and the final value of the
predictions will be the average of the predictions of each individual tree. In many
situations, random forests show a high level of fitness when compared with other
types of algorithms, contributing to its efficient use in large databases, favoring the
processing of a number of variables.

An RF is easily tunable with two main tuning hyperparameters: the number of
trees (ntree) and the number of different predictors tested at each node (mtry)
(Taghizadeh-Mehrjardi et al., 2020). However, it is necessary to determine the exact
number of decision trees that exist in the random forest because, through the joint
use of the variety provided by the decision tree, it converges from an error value to
one that has not undergone an overfitting or overfitting depending on the information
provided. Thus, one can see that there is an initial dataset, later divided into other
random subsets and with repetition, favoring the realization of induction in each of
the equivalent decision trees. In this way, the final classification occurs through
voting, through which each of the decision trees provides a classification. The class
that obtains more votes is called the final element of the random forest (Sullivan,
2018).
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CHAPTER 2 — ESTIMATION OF SOIL RESPIRATION IN A PINE FOREST
PLANTED IN THE CERRADO USING ARTIFICIAL NEURAL NETWORKS AND
SUPPORT VECTOR REGRESSION

Abstract - The present study evaluated the predictive performance of artificial neural
networks (ANNs) and support vector regression (SVR) in modeling the temporal
variability of CO, flux (FCO;) and O, influx (FO) in a pine forest planted in the
Brazilian Cerrado. The dataset was composed of soil physicochemical, climatic, and
enhanced vegetation index (EVI) variables, with respectively 500 and 176
observations of FCO;, and FO,. The ANN and SVR input variables were optimized
with principal component analysis (PCA), and the model adjustments were tested
with analysis of variance (F test; p < 0.01). Overall, for both estimates, ANNs showed
better predictive performance than SVR, with fewer errors associated with the model.
The multilayer perceptron with 12 input variables explained temporal variability in
FCO, with R? of 42% and MSE of 1.392. The general regression neural network with
10 input variables explained temporal variability in FO, with an R? of 56% and MSE
of 0.045. SVR with radial basis function kernel was the best estimate of FCO, and
FO, (R? = 51%, MSE = 0.8664 and R? = 42%, MSE = 0.008, respectively). The
model Polynomial kernel SVR and sigmoid kernel SVR does not fit the given data
set. Polynomial kernel SVR models and sigmoid kernel SVR was not significant.
Environmental variables; soil silt content, bulk density, and temperature; and EVI
better explained soil respiration in this ecosystem.

Keywords: Soil gases flux; soil CO, emission, O, uptake, tropical soil, reforestation,

soil-atmosphere relationship, agrometeorological variables.
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2.1. Introduction

At the global scale, changes in the land and forest use (particularly
deforestation) are the major sources of greenhouse gas (GHG) emission. According
to the data of the Greenhouse Gas Emission and Removal Estimating System
(SEEG), deforestation accounted for 44% of the total emissions in 2020.

The consequences of these anthropic actions include the loss of soil organic
matter (SOM), nitrogen (N), and carbon stock (Cstock), thus compromising the
chemical, physical, and biological quality of soil (Cerri et al.,, 2003). These
implications further increase soil CO, emission (FCO,), significantly affecting the
concentration of this gas in the atmosphere. Meanwhile, reforestation is the key
source of carbon absorption (Moreira et al., 2016), mitigating the net GHG levels. In
this context, we us Pinus caribaea var. hondurensis—an exotic forest species widely
distributed in the tropical regions—for reforestation in Brazil, given its socioeconomic
importance (V. E. Silva et al., 2019). In recent years, this pine species has served as
a viable option for forestation in the Cerrado regions, mainly because it can well
adapt to soils with low natural fertility.

Soil respiration is the sum of heterotrophic respiration related to the microbial
decomposition of litter, SOM, and fauna as well as autotrophic respiration related to
root activity, resulting in oxygen influx (FO2) and CO; flux (Six et al., 2006);(Luo and
Zhuo 2006). In soil, oxygen is fundamental for aerobic microbial metabolism, and its
concentration is mainly controlled through consumption by microorganisms and roots
and diffusion movement (Schurgers et al., 2006). . FO, is the best indicator of all
metabolic activities of soil microorganisms.

Soil respiration varies in response to system characteristics, including land use
(Ebrahimi et al., 2019). Several studies have described the association of soall
respiration with soil physicochemical characteristics (Panosso et al., 2012), climate
(La Scala et al., 2003), vegetation type (Bahn et al.,, 2008), and canopy
photosynthesis (Kuzyakov and Gavrichkova, 2010), and the interactions among
these multiple factors can hinder the cause—effect relationships (Raich and
Tufekcioglu, 2000).

In an attempt to describe and estimate soil CO, emissions, many models with
empirical and semi-empirical approaches have been built for different ecosystems

using predictive variables of climate, soil, and vegetation characteristics (Hanson et
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al., 1993; La Scala et al., 2003; Chen et al., 2014), and biophysical parameters of
surface albedo and enhanced vegetation index (EVI) (Yan et al., 2020), however,
there remain uncertainties regarding the interrelationships between soil respiration
and forest ecosystem parameters (Yan et al., 2006), and developing predictive
models for such ecosystems represents one of the biggest challenges (Liu et al.,
2018).

Recently, robust mathematical models developed using atrtificial intelligence
(Al), such as artificial neural networks (ANNs) and vector support regression (SVR),
have achieved satisfactory performance in predicting soil respiration in different
agricultural ecosystems (Song et al., 2014; Farhate et al., 2018; Huang et al., 2020)

To this end, we proposed that the application of machine learning approaches,
such as ANN and SVR, can help build predictive models to explain the patterns of
temporal variability in soil respiration based on environmental covariates in pine
forests. Therefore, the objectives of the present study were (1) to develop a
generalized regression neural network (GRNN), radial basis function (RBFNN), and
multilayer perceptron (MLPNN) to predict FCO, and FO,; (2) to build an SVR model
(i.e., sigmoid function and polynomial RBF) to predict FCO, and FO,; and (3) to
select the most appropriate model based on the best performance criteria.
Simultaneously, we sought to elucidate the environmental variables that best

explained the temporal variability in soil respiration.

2. Materials and methods
2.1 Data

The data were collected during a field study in a pine (Pinus caribaea var.
hondurensis) forest in the Cerrado regions of the state of Mato Grosso do Sul in
Brazil between November 2015 and May 2016. During the study, the mean FCO;
was 4.059 (umol m?.s) mean FO, was 0.371 (mg m?-s™, soil temperature was
25.99°C, and soil water content (SWC) was 11.56 (%) (Vicentini et al., 2019).

2.2 Study location
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The study site is located on the experimental farm of the Faculty of
Engineering (UNESP), Selviria, Mato Grosso do Sul, Brazil (20°20'53.41"S,
51°23'565.50"W; 354 masl), on the banks of the Parana River. (Vicentini et al. 2019)
The original vegetation in the area was described as typical Cerrado, with
predominance of shrub forms and low soil fertility. Between 1988 and 1989, the
native vegetation cover was replaced by homogeneous plantation of Pinus caribaea
var. hondurensis. The initial population of pines included 3,000 plants in a 3x3
arrangement. Twelve years after planting, 60% thinning was performed. In 2014, the
area harbored 1,484 plants (Santos, 2014).

_Q, Mato Grosso do Sul Selviria

Brasil

- L\\\/“%) |
('. - )\i : g ( ‘é{j

SIRGAS 2000
Base cartografica: Instituto Brasileiro de Geografia e Estatistica - IBGE 2017

Figure 1. Location of the experimental area in Selviria, Mato Grosso do Sul (MS),
Brazil. SIRGAS: Sistema de Referencia Geocéntrico para Las Américas; IBGE:
Brazilian Institute of Geography and Statistics. Satellite images were obtained from
Google Earth.

The climate in the region is classified as the CldAa type according to the
Thornthwaite System (De Souza Rolim et al., 2007), characterized by a dry sub-
humid region, without water surplus and with mega-thermal with evapotranspiration
in summer, annual evapotranspiration of <48%, mean annual temperature of 23.5°C,
and mean annual rainfall of 1,300 mm. The soil is classified as Latossolo Vermelho
distréfico (LVd) according to the Brazilian Classification System (Embrapa Solos,
2018) and as Oxisol (Haplic Acrustox) according to the U.S. Soil Taxonomy (Soill
Survey Staff 2014). The topography of the region is characterized as moderately flat.
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Soil physicochemical characteristics during the evaluation of FCO, and FO, were as
follows: sand content = 648.27 g kg™, silt content = 25.76 g kg, and clay content =
325.95 g kg* in the 0-0.10 m layer, as determined using the pipette method
(Embrapa, 2017); macroporosity = 0.042 m® m™; micropositivity = 0.368 m® m’>; bulk
density = 1.57 g dm™; and P (resin) content = 6.32 mg dm™; Al content = 13.92
mmolc dm™®; SOM content = 20.04 g-dm™>; pH in 1 mol L CaCl, = 4; cation
exchange capacity (CEC) = 83.91; and sum of bases = 8.56 mmolc dm?, as
determined according to the methodology proposed by van Raij et al. (2001).
Information described by Vicentini et al. (2019).

2.3 Determination of soil CO, emission, oxygen influx, temperature, soil water

content, climate and remote sensing

From November 2015 to May 2016, soil respiration was measured using the
Li-8100 Soil CO; Flux System (LI-COR 8100, Li-Cor, Inc., Lincoln, Nebraska, USA).
The system monitors changes in CO, concentration within a chamber using optical
absorption spectroscopy in the infrared spectrum (IRGA), as described by (Panosso
et al., 2011; de Arautjo Santos et al., 2019).

All readings are obtained in the morning. To measure soil respiration, we
selected 25 sampling points (repetitions), demarcated by polyvinyl chloride (PVC)
collars (0.10 m in diameter and 0.85 m in height) and installed on the ground at a
depth of 5 cm in each plot. At all points, soil temperature at a depth of 0.10 m was
monitored using a digital thermometer simultaneously with soil respiration. SWC was
measured using the TDR-Campbell® probe (Hydrosense TM, Campbell Scientific,
Australia), inserted at a depth of 0.12 m, close to the soil respiration collars.

To determine FO,, 10 points were selected, and readings were obtained using
a portable UV flux sensor (0%—-25%) (CO, Meter Inc. Ormond Beach, FL.USA).This
system uses the principle of fluorescence with ultraviolet (UV) light to determine O,
concentration in the environment. The system is coupled to a microcomputer using
GaslLab to verify the O, capture rate by soil (Jassal et al., 2012; Giacomo et al.,
2014). The PVC collars served as a chamber to calculate FO, and the reading time
of O, concentration was 5 min (120 s). Soil FO, was calculated using taking

atmospheric pressure, ambient temperature, and chamber volume into account.
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Additional information is available elsewhere (Ferraz de Almeida et al., 2018;
Vicentini et al., 2019).

Agrometeorological variables were obtained from the historical records of
UNESP-CANAL CLIMA for the interval between November 2015 and May 2016
(http://clima.feis.unesp.br/index.php). MODIS-EVI data were obtained using SATVeg
- Temporary Vegetation Analysis System, developed by Embrapa Informatica
Agropecuaria. MODIS images used for SATVeg development were obtained from the
LP DAAC Data Pool (http://lpdaac.usgs.gov). These images are composed of the
maximum value of the vegetation indices every 16 days. The spatial resolution of the
MODIS sensor for the product used was 250 m. To minimize the effects of the noise
of the time series, the data were obtained by pre-filtering and filtering available in the

tool. The Savitzky—Golay filter was selected.

2.4 Datasets

In the present study, the database of dependent variables for modeling was

composed of respectively (n= 500) and (n =176) observations of FCO, and FO,.
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Figure 2. Flow chart of methodology used in this study.
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Agrometeorological variables, soil physicochemical attributes, and EVI were
selected as the quantitative environmental variables for the prediction of soil FCO,
and FO,. Multivariate outliers were identified based on Mahalanobis distance. Data
mining was performed using principal component analysis (PCA). The proposed Al
approaches to predict FCO, and FO; included ANNs, GRNN, RBF networks, MPLs,
and SVR with sigmoid RBF and polynomial kernels.

2.5. Data preprocessing and analysis

2.5.1 Principal Component Analysis

Principal component analysis was performed with the central objective of
reducing the dimensionality of the database and summarizing the variability in some
principle components (PCs) characterizing soil respiration and representing variables
that best fit the tested models. Variables with loads greater than 0.40 were
considered relevant for each PC, because they were the highest correlations. We
selected the best variables related to PC1 and PC2. A total of 15 variables were used
as the inputs for the ANN models to estimate the FCO, and FO, [soil temperature
(Ts), SOM, P content (P), sum of bases (Bases), pH; sand content (Sand), silt content
(Silt), clay content (Clay), CEC, microporosity (Micro), bulk density (Bd), EVI,
evapotranspiration reference (ET,), air temperature/ ambient temperature (Ta),
photosynthetically active radiation (PAR), and global solar radiation (GSR),].

Although SWC was weakly correlated with PC1 and PC2, we retained it in the
dataset and added it as an input variable to the ANN model, considering that SWC
regulates the intensity and frequency of soil respiration. More information on the
exploratory analysis and pre-selection of variables is available elsewhere (Li, 2019) .
Thus, a total of 16 input variables were used for ANN model training. The three
models (GRNN, RBFNN, and MLPNN) were compared, and the statistical
performance indicators for each model are shown in Table 1. All ANN models were
statistically significant (p <0.01).PCA was performed using R (R Core Team, 2019)
with the FactoMineR_2.3.tar.gz and factoextra_1.0.7.tar.gz packages.

2.5. 2 Machine learning algorithms
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In the construction of all ANN and SVR models, 70% of the data were used for
training and 30% for validation. Artificial neural networking is a computational
technique that simulates human learning processes, recognizes patterns through
examples, and is efficient and accurate for determining nonlinear relationships
among a series of data inputs and one or more outputs (Ebrahimi et al., 2019).

In the present, we evaluated three different architectures: GRNN, RBFNN, and
MPLNN. The GRNN has a fixed structure, with one input layer, two intermediate
layers, and one output layer, and the number of neurons in each layer depends on
the number of training patterns for the network inputs and outputs. (Arévalo et al.
2016). The RBF network is a multilayer feedforward network with neurons following
the RBF at all nodes of a hidden layer as the activation function. Generally, it uses
the Gaussian function. The MLP contains an input layer, a hidden layer, and an
output layer. Each neuron in the network uses a nonlinear activation function
(sigmoid function, defined by the logistic function) (Haykin, 2001) .

In this study, all ANN architectures were developed using the Intelligent
Problem Solver (IPS) tool in Statistica 7.0° (StatSoft Dell Software Inc., Tulsa, OK,
USA). The models were constructed to estimate FCO, and FO,. PCA was used to
identify the input variables for training the different ANN architectures. For each
architectures model tested, 100 ANN were trained. The software in the IPS mode
returned 10 ANNs with the lowest root mean square error (RMSE). The best neural
network architecture for each estimate was selected to assess its predictive
performance. The criterion for interrupting the calibration algorithm was the total
number of cycles equal to 100 (Fernandes et al. 2019).

Support vector machines (SVM), as proposed by (Vapnik et al., 1995), can be
used to solve problems of binary classification and regression as well as nonlinear
problems. SVM follows the same principles for both classification and regression.
The main idea is to build ideal hyperplanes that maximize the margin between the
classes of data and minimize the unexpected errors (Zhang et al. 2020). In SVR, the
hyperparameters determine the support vectors, while the kernel functions map the
data into a new hyperspace, where complex nonlinear patterns can be basically
represented (Xuemei, et al. 2013). The theory behind SVR in machine learning is
comprehensively described by (Smola and Schoélkopf, 2004)

The performance of SVR closely depends on the kernel functions. The

following are the most commonly used kernel functions:
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(—]/XL-_X]- + k)d Polynominal Eq.(3)
K(X,X;) 1 exp (—y |x; _Xj|2) Radial Basis Function (RBF) Eq. (4)
ktanh(—yXi_Xj + k) Sigmoid Eq.(5) )

where y (gamma), d (degree), and k (coefficient) represent the adjustable parameters
for SVR settings (Souza et al., 2019)

In the present study, SVR was used to estimate FCO, and FO,. The training of
all SVR models was supervised. The algorithm was applied using Statistica 7.0®
(StatSoft Dell Software Inc.) (Demidova et al.,2016), to explore the full potential of the
software package. The cross-validation program optimization option was used to
determine the values of the method parameters (capacity and epsilon value) and
kernel type (Ulenberg et al. 2015). After 100 runs of optimization with the training set,
a set of parameters that produced the smallest RMSE was selected. The type of SVR

was as follows:

Tipo | (e-SVM for regression or €-SVR)

Minimize %WTW +CY_ (& +EM Eq. (6)

yi —WTpX;)) —b<e+ ¢
Subjectto WTp(X)+b—y;, < e+ & Eq. (7, 8, 9)
§.&M=0i=1,..,n

where C is the regulation term, w is the vector of the parameters, b is a constant, and
¢ is the variable slack of the error outside the accepted range ¢, calculated by the
support vectors. Index i labels n training cases. The term ¢ (X_i) represents the
transformation of the input data (independent) by the kernel function K (Xi, Xj) in the

characteristic space:

K(X, X)) = ¢(X).¢(X;). Eq. (10) adapted from (Souza et al., 2019) In addition to
the type of kernel function, the performance of SVR models depends on parameters,
such as the insensitive loss function (€) and capacity and function (C), which control

the trade-off between maximizing the margin and minimizing the training error. If C is
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very large, the algorithm will overload the training data; if C is very small, training will
be insufficient (Papadopoulou et al., 2013).

2.6 Evaluation criteria for model performance

The predictive capacity of the models was assessed based on the
performance of the following statistical indices: Pearson correlation coefficient (r) (EQ.
11) mean absolute percentage error (MAPE) (Eq. 12), mean square error (MSE) (Eq.
13), agreement index (d) (Eqg. 14) (Willmott, 1981), and confidence coefficient (c) (Eq.
15) (Camargo and Sentelhas, 1997a). Analysis of variance was performed using the
F test at the probability level of 0.01.

2 2
W YN (Xobs; Yobsy)— YN, Xobs; YN, Yobs, ((N N, Yobs,) — (TN, vobs;) )

Eq. (11)
\/((N N Xobsl)z—(zlivleobsl)z)
MAPE = <3N, ('(AA;P)' 100) Eq. (12)
1 ~
MSE = - XL, (v; — 51)° Eq. (13)
1 YN ,(Yobs;— Yest;)?

d=1 Z%\Ll(IYestl—YH |[Yobs;— Y])2 Eq- (14)
c=r*d Eq. (15)

where n is number of data points; Xobs; is the observed value of X; Yobs; is the
observed value of Y; Yest; is the estimated value of Y; and Y is the observed mean
of Y.

2.7. Results and Discussion
2.7.1 PCA

Principal component analysis identified three significant PCs that explained
78.93% of the total normalized variance of the 20 selected variables (Table 1). PC1
explained 49.54% of the total variance and was significantly correlated with the

following soil physicochemical properties: CEC (r = 0.99), Bd (r = - 0.98), Base (r =
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0.97), SOM (r = 0.97), Sand (r = -0.98), Clay (r = 0.97), Silt (r = - 0.95), Micro (r =
0.92), P (r = 0.87), Et, (r = -0.51 ); Tarm ( 1 = -.040).

Table 1. Correlations of soil attributes, climatic variables, and EVI with FCO, and FO,

along the first three principal components (PC1, PC2, and PC3).

Principal componente PC1 PC2 PC3
Explained variance (%) 49.54 18.47 10.92
Correlation

FCO, 0.333 0.315 -0.301
FO, 0.197 0.475 0.529
EVI -0.034 0.706 0.549
Et, -0.513 0.792 -0.084
Tair -0.401 0.621 -0.04
PAR -0.361 0.775 -0.207
Patm 0.463 -0.299 -0.391
Bd -0.984 -0.152 0.03
GSR -0.466 0.767 -0.126
Micro 0.923 0.253 0.084
Clay 0.971 0.072 0.057
Sand -0.982 0.101 0.041
CEC 0.985 0.158 -0.007
Bases 0.978 0.18 0.006
Silt -0.956 -0.046 0.072
pH 0.278 -0.32 0.738
P 0.869 0.286 0.081
SOM 0.971 0.072 -0.057
sSWC -0.156 -0.072 0.779
Ts -0.253 0.647 -0.256

FCO, = soil CO, emission; FO, = O2 influx; T (°C) = soil temperature; SWC = soil water
content; T, = ambient temperature; evapotranspiration reference (ETo),EVI = enhanced
vegetation index; P.m (kPa) = atmospheric pressure; PAR (umol-m?); photosynthetically
active radiation; GSR (MJ-m™?.day™) = global solar radiation;SOM (g-dm™) = soil organic
matter; Micro (m®-m™) = microporosity; Bd = bulk density; (g dm®); pH in CaCl, = hydrogen
potential; Bases (mmolc-dm™) = sum of bases (K*, Ca**, and Mg*"); CEC (mmolc-dm™) =
cation exchange capacity; P (mg dm™) = soil phosphorus content; Clay = clay content (g kg°
b Silt = silt content (g kg™); Sand = sand content (g kg™).

PC2 explained 18.47% of the total variance and was significantly correlated
with soil temperature, climatic variables, and EVI. In some studies, EVI has been
used as a substitute for gross primary production (GPP) (Huete et al. 2006). The
variables that best correlated with PC2 were ET, (r = 0.79), PAR (r = 0.77), GRS (r =
0.76), EVI (r = 0.70), Ts (r = 0.65), Tam (r = 0.62) and FO, (r = 0.48). PC3 explained
10.92 % of the total variance. It was positively correlated with SWC (r = 0.77), pH (r =
0.73), EVI (r = 0.54), and FO, (r = 0.30) but negatively correlated with FCO, (r = -
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0.30. The FCO, contributed positively to PC1 (r = 0.33) and PC2 (r = 0.31) but
negatively to PC3.

In recent years, computational techniques have become important in
predictive modeling. However, it is challenging to select an appropriate method and
find the most accurate predictive model for a given set of data (Li, 2019), on
environmental variables because of its complexity. In the present study, we used
PCA as an exploratory analysis to detect the correlations between the response and
predictive variables. Because of multiple interdependent correlations among the
variables related to solil respiration, particularly in the studied forest ecosystem, it was
difficult to precisely identify the predictive variables that best explained the temporal
dynamics of FCO, and FO in this biome.

Because of the attributes retained on PC1 and their respective relationships,
we expected a greater contribution of this component to FCO, and FO,, suggesting
processes related to CO, production, resulting from the mineralization of OM by
aerobic decomposer microorganisms, as corroborated by soil fertility (Six et al.,
2006) and gas exchange as a function of soil texture and soil.Despite the weak
correlations of FCO; and FO, with PC1, SOM was associated with FCO, and FO,,
with vectors located on the same side of the biplot (Figure 3). Meanwhile, FCO, and
FO, were indirectly associated with soil density and silt and sand fractions, with
vectors located in on the opposite sides of the biplot.

The studied soil has low fertility and acidity (see Materials and Methods);
therefore, we believe that the weak correlations of FCO, and FO, with PC1 can be
explained as a result of a lower biological activity in the area, resulting in lower O,
consumption and CO, production; in addition, the quality of pine residues deposited
in the soil, expressed as the C/N ratio, makes it difficult to decompose by the soil
microbiota (Vicentini et al., 2019). Regarding the physical properties of soil in the
studied area, we observed low macroporosity (0.042 m* m™) and bulk density above
the ideal of apparent density (1.57 dm™) for clayey soil (Reichardt and Timm 2004),
suggesting soil compaction. Soil compaction compromises total porosity and,
consequently, limits O, and CO, diffusion through macropores, thus affecting the
water retention capacity of soil (Brady and Weill 2013). Compact soils tend to have a
higher proportion of medium and small pores, which retain less water than large
pores, and this water is not available to plants. Accordingly, the high microporosity of

soil in the studied area (0.368 m® m™) explains the its inverse correlation with soil
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water content (Figure 3) and weak correlations with other components with a greater
explanatory power along PC1 and PC2.
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Figure 3. Biplot of first and second principal components (PC1 and PC2)

PC2 and its respective correlations indicate processes governed by the
radiation and energy balance, which regulate the temporal variability of soail
temperature, water evaporation (Brady and Weil 2013), evapotranspiration, and
photosynthesis (Tubelis), thus controlling plant physiological activities and soil
biological activity and ultimately CO, production and emission (Ouyang and Zheng,
2000) and O, consumption. The positive correlation between soil respiration and
canopy photosynthesis has been well documented (Hogberg et al., 2001; Ryan and
Law, 2005; Wang et al., 2010) observed that in forests aged 15, 25, and 35 years,
respiration by fine roots constituted the majority of the soil respiration in the area,

presenting strong correlations with soil temperature and EVI.

2.8 Artificial neural networks (ANNS)
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In the training phase, all ANNs showed good correlation coefficients (r) and
agreement indices (d) (Willmott, 1981). Based on to the performance criteria, GRNN
and MLPNN were classified as “very good” (Camargo and Sentelhas, 1997a) and
RFB as “bad” in the training phase. (Table 2).

Considering the original data set, the correlation coefficients for different
architectures varied (GRNN: r = 0.89; MLP: r = 0.81; and RBF: r = 0.67). The MSE
ranged from (0.61 to 1.192 pmol m?s?). (Table 1). All models showed low
percentages that varied between MAPE = 16% and 26%.

In the validation, the precision and error of the ANNs were similar. MSE values
ranged from 1.287 to 1.558 pmol m? s*. MSE is a measure of the quality of an
estimator, which penalizes the values that are the farthest from the real ones,
indicating the model with the best accuracy. MSE was in the order of RBF < MLP <
GRNN. Regarding precision, all ANNs presented similar correlation coefficients
(GRNN: r = 0. 63; MLP: r = 0.64; RBF: r = 0.59). According to the performance
criteria (Camargo and Sentelhas, 1997a) GRNN and RFB were classified as “bad”
and MLPNN as “suffering.” The MAPE values varied but were low, ranging from 25%
to 28%, indicating that there were no major errors associated with the developed
models. The explanatory power for the temporal variability in FCO, of MLP was
slightly superior to that of the other models (adjusted R? = 0.42%). Based on the
performance of statistical indicators, MLPNN was considered be the best model
(Figure 4), yielding a good agreement between the estimated and observed values.
Furthermore, sensitivity analysis was used to determine the effects of the selected
input variables on the dependent variable (Chen et al. 2018).The most effective
inputs were T, Bd, Silt, EVI, Bases, SOM, T4, PAR, SWC, P, Sand, and CEC.

For FO, all networks performed well in the training phase, with good
correlation coefficients and agreement indices (d) (Willmott, 1981). The correlation
coefficients for different architectures varied (GRNN: r = 0.95; RFB: r = 0.81; and
MLP: r = 0.79). According to the performance criteria (Camargo and Sentelhas,
1997a), GRNN was classified as “very good” and RBFNN and MLPNN were
classified as “good.” The MSE values varied but were low, ranging from 0.010 to
0.033 (mg m™s™). However, the MAPE values were high, ranging from 39% to 54 %.
(Table 2).

In the validation phase, the correlation coefficients for different architectures
varied (GRNN: r = 0.74; RBF: r = 0.58; and MLP: r = 0.67). The agreement index (d)
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(Willmott, 1981) ranged from 0.70 to 0.81. Based on these values, GRNN was
classified as “average,” RBFNN as “bad,” and MLPNN as “suffering,” In the validation
phase, the MSE values ranged from 0.045 to 0.067 mg m?>.s?), Based on the
coefficient of determination, GRNN was selected as the best model, which explained
56% of the temporal variability in soil FO, in the studied region, followed by MLPNN
(R? = 46) and RBFNN (R? = 33). However, for all models, the percentage error was
very high (>50%), with values ranging from 65% to 70%.

Overall, GRNN was the best model for FO, prediction in the studied forest. In

sensitivity analysis, the variables that most contributed to this model were Silt, GSR,
Ts, EVI, Tam, Bd, Sand, PAR, Bases, and Micro.
Among the ANN models for estimating FCO,, MLPNN trained with the
backpropagation (BP) algorithm provided the best estimate of the temporal variability
of FCO,, followed by GRNN. Both ANN models used 12 input variables during the
training phase. The main advantage of MLP is the feasibility of generalization using
the delta rule, which adjusts synaptic weights in a way that minimizes the quadratic
errors of the network, thus calculating the difference between the observed and
expected values of FCO,. These architectures are the most comprehensive and
commonly used neural networks owing to their satisfactory performance.

In diverse ecosystems, MLPNN has shown great predictive potential to
understand processes involved in the temporal dynamics of soil respiration (Song et
al., 2014). In tropical soil, (Freitas et al., 2018) estimated the temporal variability in
FCO, based on soil attributes. In the present study, the performance of MLPNN was
superior to that of GRNN, with greater precision (adjusted R?> = 0. 91 and MAPE =
18.29%).

In the present study, the performance of RBFNN was slightly poorer than that
of MLP, and it used 13 input variables during the training phase. Although RBFNN
and MLPNN are three-layer feed-forward ANNs, the former network differs from the
latter in that it includes only one set of trainable weights from the hidden layer to the
output layer. The hidden and output layers of MLPNN are classified as non-linear.
Even in its most basic form, the three layers of RBFNN have different roles, and only
the output layer is linear (Haykin 2008). Likewise, RBFNN underperformed in
predicting FO..

Regarding FO,, GRNN based on a probability density function showed the

best predictive performance, with preferential accuracy. The performance of a neural
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network depends on the complexity of its architecture. GRNN includes more hidden
layers, resulting in a greater complexity of the model and thus providing a greater
capacity for non-linear estimation (Lotfinejad et al., 2018), as evidenced by the
predictive performance of this architecture for FO, in the present study.

Sensitivity analysis of ANN models showed that the input variables Silt, Bd,
Ts, and EVI stood out in both selected models. Soil texture determined by the
fraction of sand, silt, and clay has a great effect on soil gas diffusion, water
processes (infiltration and retention), and chemical properties (fertility). Soil
compaction limits gas exchange between the soil and atmosphere (Brady and Weill
2013). In the studied region, land use change due to deforestation and intense traffic
of agricultural machinery at the beginning of seedling plantation may have reduced in
the porous space in soil and increased its density. The association of soil compaction
and silt content with the temporal variability of FCO, is known (Herbst et al., 2012;
Moitinho et al., 2021) .

Soil temperature also showed satisfactory performance as an input variable in
the ANN models. This variable is affected by meteorological conditions, such as GSR
and ambient temperature, as well as the physical parameters of soil and physical
barrier formed by litter (Reichardt; Timm, 2012) In the present study, only GRNN
considered SWC for estimating FO,. Water is one of the main barriers to O diffusion
(Neira et al., 2015). In a previous study, (Wang et al., 2010) used EVI as a substitute
for gross primary productivity and observed that the availability of nutrients,
specifically nitrogen, in forest soil enhanced root activity and, consequently,
photosynthesis.

Overall, the performance of ANNs in estimating FCO, was better than that in
estimating FO,, with smaller errors. However, this result may be attributed to the
larger size and greater representativeness of the training dataset (n = 500) for FCO,
than those for FO, (n = 176). The small number of observations probably limited the
ability to generalize and recognize patterns with ANNs for FO,. Thus, complex
models tend to overfit when there are little data (Haykin,2001). The following table

and graphs shows the performance of the models.
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FCO, (umol-m® s™)

Architecture Phase r MAPE MSE d o Classification F p-value

GRNN Calibration 0.894 0.167 0.610 0.901 0.813 Very good 979 b < 0.0001
12-250-2 Validation 0.633 0.282 1.558 0.646 0.409 Bad 75.62 p < 0.0001
RBF Calibration 0.678 0.26 1.192 0.783 0.531 Bad 199.9 p < 0.0001
13-45-1 Validation 0.591 0.253 1.287 0.714 0.422 Bad 59.66 p < 0.0001
MLP Calibration 0.818 0.186 0.747 0.893 0.73 Very good 492.9 p < 0.0001
12-13-8 Validation 0.648 0.271 1.392 0.784 0.507 Sufferable 87.39 p < 0.0001

FO, (mg m*-s™)

GRNN Calibration 0.952 0.393 0.01 0.953 0.907 Excellent 840.9 p < 0.0001
10-89-2 Validation 0.748 0.654 0.045 0.81 0.606 Medium 49.51 p < 0.0001
RBF Calibration 0.81 0.498 0.021 0.892 0.722 Good 131.6 p < 0.0001
14-20-1 Validation 0.58 0.786 0.067 0.706 0.41 Bad 19.29 p < 0.0001
MLP Calibration 0.791 0.549 0.033 0.868 0.687 Good 139 p < 0.0001
14-10-1 Validation 0.67 0.701 0.063 0.779 0.522 Sufferable 31.83 p < 0.0001

The sequence of numbers indicates the number of input variables, the number of neurons in the first layer, and the number of
neurons in the second layer, respectively; r: Pearson’s correlation coefficient; MAPE: mean absolute percentage error; MSE: mean

squared error; d: Willmott's agreement index; c: confidence coefficient; p-value: probability of the occurrence of HO.
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2.9 Support vector regression (SVR)

To optimize the models, the input variables of the SVR models were mined
from the sensitivity analysis of the best ANN model for FCO, and FO,. For FCO,
estimation, the dataset was composed of 12 independent variables: Ts, Bd, Silt, EVI,
Bases, SOM, Tam, PAR, SWC, P, Sand, and CEC. For FO, estimation, the dataset
was composed of 10 variables: Silt, GSR, Ts, EVI, T4, Bd, Sand, PAR, Bases, and
Micro. The performance of the predictive models for FCO, and FO,, along with the
configuration of their kernel functions, namely SVR- RBF- second-degree polynomial
(SVR-PL), and sigmoid (SVR-SIG,) were as follows: {FCO, [SVR-RBF: (€, = 10.00 ¢
=0.100 y = 0.15); SVR-PL (€, =10.00 ¢ =0.100 y = 0.25) and SVR-SIG: (€, =10.00
€ =0.100 y = 0.50) J}; {FO2[SVR-RBF: (€, = 10.00 ¢ =0.100 y = 0.50); SVR-PL:(C, =
20.00 € =0.100 y = 0.25) and SVR-SIG (C, =20.00 ¢ =0.100 y =0.16) ]}

Of the three models developed SVR-BRF presented the most acceptable
performance (Table 3 and Figure 5). In both training and validation phases, SVR -
RBF-achieved good correlation coefficients (r= 0.84 and 0.71, respectively. Based on
the estimates, the model showed good precision (MAPE = 21%) and (MSE = 0.869
pumol-m? s%). Many studies on the use of SVM in soil science suggested the
improved performance by RBF kernel-based SVR (Shi et al., 2013; Jafarzadeh et al.,
2016). Appropriate kernel selection allows clear data separation in the resource
space, even those it is not separable in the original input space; this allows for
obtaining nonlinear algorithms from algorithms previously restricted to the linear
treatment (Tabari et al., 2013). SVR-PL was the second-best model due to the
associated errors. Good precision in the training and validation phases (r = 0.66 and
0.61 respectively). The MSE values in the training and validation phases were 1.161
and 1.103, respectively.

According to the performance criteria (Camargo and Sentelhas, 1997a), SVR- RBF
was classified as “Suffering”, SVR-PL was classified as “bad” and SVR- SIG was
classified as “very bad.”

For FO,, despite the broader applicability of SVR owing to SVM construction
with polynomial, sigmoid, and RBF kernels, SVR- RBF- showed the best accuracy
with minimal associated errors. in the training and validation phases (r = 0.68 and
0.64, respectively). The MSE values in the training and validation phases were 0.073

and 0.087, respectively. Li et al. (2017) evaluated and compare the performance of
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multiple linear regression (MLR), ANN and SVR for the prediction dissolved oxygen
concentration based on multiple water quality parameters. The results suggested that
the SVM model was superior to the MLR and ANN in the prediction of dissolved
oxygen concentration. The RBF kernel was chosen as the most appropriate kernel
function in the oxygen concentration model. In all models the MSE values were >1.
Ideally, the MSE values should be close to zero.

SVR- PL- was the second-best model, with good precision in the training and
validation phases (r = 0.53 and 0.55 respectively). The MSE values in the training
and validation phases were 0.0901 and 0.151, respectively, and MAPE 125%. The
model fails to fit in the dataset provided. For SVR- SIG, the differences in predicted
and observed values were not significant based on analysis of variance (F-test)..
Probably due to the large number of explanatory variables, and the number of the
training data set being too small, overfitting occurred.According to the results
discussed here, overall, the ANN model provided better fit to the studied attributes
and better generalization the SVR model. The models achieved fewer errors in FCO,
estimation. The FCO, and FO, tests were run with different sample sizes. In the
literature, most cases with the studied ANN and SVR algorithms are analyzed from

existing big data.
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Table 3. Metrics generated for the global support vector regression model phase developed for the prediction soil CO, emission
(FCO,) and O influx (FO,)

FCO, (umol m?s™)

Kernel MAPE MSE r d C Classification F p-value
SVR-RBE Calibration 0.191 0.707 0.844 0.883 0.745 Good 893.1 p < 0.0001
Validation 0.210 0.869 0.717 0.812 0.582 Suffering 125.7 p <0.0001
SVR-PL Calibration 0.268 1.161 0.665 0.774 0.515 Suffering 280.2 p <0.0001
Validation 0.245 1.103 0.612 0.746 0.456 Bad 70.05 p <0.0001
SVR-SIG Calibration 0.332 2.083 0.324 0.268 0.087 Very bad 42.32 Ns
Validation 0.271 1.317 0.226 0.247 0.056 Very bad 6.01 Ns
FO, (mg m2.s™?)
SVR -RBF Calibration 0.702 0.073 0.683 0.731 0.499 Bad 111.2 p<0.01
Validation 0.841 0.087 0.649 0.697 0.452 Bad 27.61 p <0.01
SVR -PL Calibration 0.901 0.090 0533 0.728  0.388 Very bad 50.4 p<0.01
Validation 1.256 0.151 0.554 0.715 0.396 Very bad 18.58 p <0.01
SVR- SiG Calibration 0.684 0.059 0.632 0571 0.361 Very bad 81.92 Ns
Validation 1.306 0.092 0.396 0.398 0.157 Very bad 7.796 Ns

FCO.,. Soil CO, emission; FO,. O, influx; SVR- RBF radial basis function; SVR-PL Kernel polynomial; SVR- SiG, Kernel sigmoid ;
MAPE: mean absolute percentage error; MSE: mean square error; r: Pearson correlation coefficient; d: agreement index; c:
confidence coefficient. Ns: not significant.
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2.10. Concluding remarks

In the present study, using three different neural network architectures and
three SVR models with different kernel functions, we sought to determine the best
model for estimating the temporal variability in soil FCO, and FO; in a pine forest
conserved for over 30 years.

The predictor variables in all models included soil physicochemical attributes,
climate data, and EVI. PCA was performed to assess the correlations of all tested
variables with FCO, and FO, as well as to reduce the size of the database. The
effects of land use change and duration of conversion on pine forest soil respiration
were evidenced based on soil density, soil texture, and SWC, which have a great
influence of the dynamics of the gases, such as CO,, and O, in soil. Our results
suggest that root respiration contributes more to the temporal variability of FCO..

ANNs showed better performance than SVR models in explaining the patterns
of temporal variability in FCO,, specifically, MLPNN with 12 input variables (Ts, Bd,
Silt, EVI, bases, SOM, Ta, PAR, SWC, P, Sand, and CEC) best explained the
temporal variability of soil respiration (R?> = 42%). Among the ANN models, GRNN
with 10 input variables (Silt, RSG, Ts, EVI, T4, Bd, Sand, PAR, Bases, and Micro)
showed the best performance in estimating FO,, (R? = 56%); however, this estimate
is larger.

Environmental variables, silt content, bulk density, soil temperature, and EVI
best explained soil respiration in this ecosystem. SWC did not contribute to the
regressions. SVR- RBF- was the best estimate of FCO, and FO, (R* = 51% and
42%, respectively). The predictive models for FCO, were more efficient than those
for FO,. Further research on soil respiration is essential. Due to the complex
interactions in the Cerrado biome, other data-mining tools must be tested or
combined approached be implemented.
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CHAPTER 3 - ESTIMATION OF SOIL CO2 EMISSIONS AND OXYGEN INFLUX IN
A EUCALYPTUS FOREST USING ARTIFICIAL NEURAL NETWORKS AND
SUPPORT VECTOR REGRESSION MACHINE LEARNING

Abstract - The dynamics of C at the soil-atmosphere interface relate the soil C
content and stock with the CO, emission from the soil surface to the atmosphere (soil
respiration). In recent years, artificial intelligence has helped interpret complex
problems, and machine learning techniques have been effective in modeling soil and
environmental sciences. Therefore, we hypothesize that machine learning techniques
can predict soil respiration in areas reforested with eucalyptus over a conversion
period of 30 years. This study aimed to estimate soil CO, emissions (FCO,) and
oxygen uptake (FO;) using artificial neural networks (ANNs) and support vector
regression (SVR). We compared the performance of three different network
architectures: a general regression neural network (GRNN), multilayer perceptron
(MLPNN), and radial basis function (RBFNN) neural network. We tested three
different kernels in SVR (radial basis function, sigmoid, and polynomial). The
database consisted of 23 original variables for climate, soil, photosynthetically active
radiation (PAR) sensor, and enhanced vegetation index (EVI). The numbers of FCO,
and FO; recordings were n = 500 and n = 175, respectively. Principal component
analysis (PCA) was used to reduce the dimensionality of the data. The PCs were the
inputs to all the models. For the estimation of FCO,, the best predictive performance
was obtained with MLPNN during the calibration (R? = 0.75; RMSE = 0.932 pmol m™
s1) and validation (R2 = 0.59; RMSE = 1.034 pmol m? s™) phases. MLPNN also
showed the most accuracy (R? = 0.73; and 0.36, calibration and validation). FO,
estimation: calibration (R?2 = 0.73; RMSE = 0.073 mg m? s™) and validation (R? =
0.36; RMSE = 0.076 mg m?s™). In SVR, the RBF kernel was superior to the sigmoid
and polynomial kernels, with the following values for FCO,; calibration (R? = 0.58;
RMSE = 0.820 pmol m™? s™) and validation (R2 = 0.53; RMSE = 0.990 pmol m? s™).
For FO, the validation regressions were not significant. The estimates of FCO, were
superior to those of FO,. The principal component analysis with FCO, and FO,
indicated that the organic matter in the eucalyptus forest had stabilized. The
dynamics of FCO, and FO, were related to root activity.

Keywords: Soil Respiration; artificial intelligence; Land-use change, tropical

ecosystems; soil-atmosphere relationship; agrometeorological variables.
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3.1 Introduction

Tropical forests are an important component of the global carbon cycle, acting
as sources or sinks for carbon dioxide (CO,) exchange between the forest and the
atmosphere (Cerri et al., 2007; Soong et al., 2020). The conversion of native forests
to monocultures directly affects the microclimate, alters energy flow,
evapotranspiration (Biudes et al., 2015), and nutrient cycling (Davidson et al. 2004)
and promotes soil organic matter depletion (Don et al. 2010). This leads to a
reduction in the soil organic C stocks (Bonini et al., 2018), and concomitant changes
in soil nitrogen (N) content (Conant et al. 2005). Carbon and N are relevant elements
in soil organic matter studies as nutrients with the most enunciated dynamics in the
system (d' Andréa et al. 2004).

There are many uncertainties regarding the effects of deforestation and land
use change (LUC) on biogeochemical cycles and their consequences on the regional
carbon balance (Bonini et al., 2018). These include stand age and the time needed
after afforestation to reach a new equilibrium in soil respiration (Wu et al., 2020)
necessary to ameliorate climate change (Alves et al.,, 2021). Climate change has
caused an increase in soil temperature, which can directly affect the soil microbial
population, intensifying the decomposition of organic matter, consequently emitting
CO, into the atmosphere, and exacerbating global warming (Heimann and
Reichstein, 2008; Milfont et al., 2021). In this process (heterotrophic respiration),
aerobic microorganisms consume oxygen (FO,) as part of their metabolic activities,
and as a result, CO; is released into the atmosphere. When respiration is associated
with the roots, it is known as autotrophic respiration, which is related to
photosynthetic activity (Tang et al., 2005; Moyano et al., 2008). In forest ecosystems,
the contribution of living roots to soil CO, emissions is higher than the decomposition
of litter (Rodeghiero et al., 2013).

Many studies have correlated Rs with agrometeorological (La Scala et al.,
2003; Kuzyakov and Gavrichkova, 2010) and microclimate variables (Rodeghiero et
al., 2013), soil temperature and moisture (Lal, 2009; Panosso et al., 2009),
vegetation characteristics (Bahn et al., 2008), chemical attributes (Lal, 2009), soil
physical properties (Silva et al., 2020), enhanced vegetation index (EVI) (Yan et al.,
2020), substrate availability, and CN ratio (Xavier et al., 2019; Chen et al., 2021).
However, few studies have correlated RS with oxygen availability (Ferraz de Almeida
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et al., 2018; Vicentini et al., 2019). Oxygen has an important influence on the speed
of aerobic decomposition in its role as an electron acceptor in the degradation of
organic matter (Greenwood, 1961). Decomposition rates tend to increase with
increasing temperature, moisture, and oxygen (Sierra et al. 2017), The result is flux C
is released from the soil system to the atmosphere (Bond-Lamberty and Thomson,
2010), which is then known as soil CO, emission (FCO,). In soil water content
controls oxygen diffusion (Neira et al., 2015).

Brazil is threatened by deforestation. The Cerrado biome, Brazil, is classified
as a global biodiversity hotspot and has been considered as the agricultural frontier
of Brazil since the early 1970s (Batlle-Bayer et al., 2010). Between 2016 and 2019,
46% of its native area was devastated and transformed for use in agriculture and
livestock farming (Moreira et al., 2021). In this naturally low C soil, organic carbon
plays an important role in practically all edaphic processes (Zinn et al., 2002). Some
studies have described reforestation with fast-growing exotic tree species (such as
Eucalyptus spp.) as a good alternative for increasing soil organic carbon content and
as a viable option for C sequestration in relatively stable forms (Zinn et al., 2002;
Gatto et al., 2010; Souza et al., 2019). However, little is known about the dynamics of
soil respiration after a long period of reforestation.

In the last 50 years, the study of modeling has improved. Solving nonlinear
problems of high complexity has led to many advances in all areas of science,
including the adoption of machine learning techniques (Jha et al., 2019). Machine
learning is the "field of study that gives computers the ability to learn without being
explicitly programmed (Samuel, 1959). Among the best-known techniques used to
solve supervised learning problems are regression artificial neural networks (ANN),
and support vector regression (SVR). Neural networks have demonstrated good
performance in estimating and classifying FCO, in different ecosystems (Farhate et
al., 2018; Freitas et al., 2018; Ebrahimi et al., 2019); good results have also been
observed using a support vector regression machine (Huang et al., 2020).

Regarding FO,, algorithms have been applied to estimate dissolved oxygen in
water (Dogan et al. 2009; Rankovi¢ et al. 2010; Yuan et al., 2019). However, an
investigation and comparison of these techniques for FO, in tropical soils with
Eucalyptus forests has not been performed. We hypothesize that such learning
techniques are efficient in estimating FCO, and FO5 in an area of Eucalyptus-planted

forest. The objective of this work was to evaluate the predictive performance of three
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different ANN architectures (GRNN: regression neural network; MLPNN: multilayer
perceptron and RBFNN radial basis function) and three different kernels in SVR
(radial basis function, sigmoid, and polynomial) in modeling the temporal variability of
FCO, and FO; in mature Eucalyptus-planted forest in Cerrado from environmental

covariates and soil attributes

3.2 Materials and methods
3.2.1 Study area

The database is the result of field studies conducted in an area (Eucalyptus
camaldulensis) (Euc). The research was conducted over the 193 days, spanning
from November 2015 to May 2016. The experimental area is located in the
municipality of Selviria, Mato Grosso do Sul, Central Brazil, (20° 20' 53.41" South,
53.41" South and 51° 23' 55.50" West, altitude 354 m). The climate of the region
was classified as C1dAa’' by the Thornthwaite system (Rolim et al. 2007), with mean
annual temperature of 23.5 °C and mean annual rainfall of 1,300 mm, and relative
humidity between 70 and 80%.

Brasil Selviria

Mato Grosso do Sul

1000 2000 km 0 400 800 km 9 % 100

SIRGAS 2000
Base cartografica: Instituto Brasileiro de Geografia e Estatistica - IBGE 2017

Figure 1. Location of the experimental area in Selviria, Mato Grosso do Sul (MS),
Brazil. SIRGAS: Sistema de Referencia Geoceéntrico para Las Ameéricas; IBGE:
Brazilian Institute of Geography and Statistics

The local soil was classified as dystrophic Red Latosol (LVd), according to the
Brazilian Soil Classification System (Embrapa, 2018). The relief is characterized as



58

moderately flat and undulating, with sand content 610 g kg -1, silt 56 gkg and clay
332 g kg™. The studied area had soil covered by native Cerrado vegetation until the
1970s; it was deforested. In 1978 for annual agricultural production (soybeans, corn,
cotton, rice, and green manures) until 1986. In 1986, the areas were converted to

eucalyptus forest use.
3.3. Soil data

Soil physical analyses were performed in the 0-0.10 m layer after the FCO,
and FO; readings. The following results were observed: macroporosity (macro) =
0.08 + 0.006 (m*m™), microporosity (micro) = 0.31 + 0.006 (m®m™), and soil density
(BD) = 1.47 + 0.02 (g dm™) (according to the methodology proposed by Embrapa
(1997).For the chemical analyses the following results were observed: phosphorus
content (resin) (P) = 6.52 + 0.50 (mg dm™), potential acidity H + Al = 55.68 + 02.612
(mmolc dm™), soil organic matter (SOM) = 29.76 + 1.12 (g dm™), pH (01 mol L™
CaCly) = 4.31 £ 0.07, cation exchange capacity (CEC) = 86.99 + 3.10 and base sum
(SB) = 25.98 + 3.75 (mmolc dm™), according to the methodology proposed by Van
Raij et al. (2001). Carbon stocks (Cstock) = 56.26 t ha- and N organic total (0.95 t ha
1).The carbon stock was calculated on the basis of the equivalent soil mass
(Carvalho et al. 2009). Litter samples were collected in May of 2016. The organic
carbon and nitrogen contents were determined using the methods described by

Tedesco et al. (1995) and Bataglia et al. (1983), respectively.

3.3.1 Determination of soil CO, emission, O, uptake, soil temperature, moisture and

Environmental data

Evaluations of CO, emission (FCOy), influx oxygen (FO,), soil temperature (Ts)
and soil water content were performed throughout the 193 days of the study, in each
of the 25 experimental plots, thus totaling 20 evaluations. The readings always took
place in the morning (7 am to 12 noon). FCO, was measured using a portable LI-
8100 system (LI-COR Inc., Lincoln, NE). Soil temperature was determined for all
points studied with the aid of a digital thermometer at a depth of 0.10 m and soil
water content was obtained with a portable TDR (Time Domain Reflectometry)

sensor - Campbel® (Hydrosense TM, Campbell Scientific, Australia), which
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evaluates the available soil moisture (% in volume). To determine O, uptake (FO,) 10
sample plots were selected and with the help of a portable UV Flux (0-25%) sensor
(COzMeter, Inc., Ormond Beach, FL, USA) the O, concentration was captured.
Further information was described by (Ferraz de Almeida et al., 2018; Vicentini et al.,
2019). In this period the mean soil respiration values for FCO, was 4.059 (umol m? s’
1 and for FO, 0.369(mg m-?s-!) and soil temperature averaged (26.5°C) and soil
water content was 10.6(%).

The meteorological data was obtained through the historical records of
UNESP - CANAL CLIMA (http://clima.feis.unesp.br) for the interval from (November
2015 to October 2017). The following variables were selected: precipitation (PP-
mm); wind velocity w (m/s™); photosynthetically active radiation (PAR - pmol m-?s-1);
global radiation (RSG - MJ m? day™); atmospheric pressure (Pam - Kpa) and air
temperature (T,;°C). Regarding the study period, we used a time series of EVI data
obtained from the time series of the MODIS sensor on board the Terra satellite,
product MOD13Q1 with the help of SATVeg. Temporal Vegetation Analysis System

(Embrapa Informatica Agropecuaria, 2015), which can be accessed online:

(https://www.satveg.cnptia.embrapa.br/satveg/login.html). The images are acquired
from the Land Processes Distributed Active Center (LP-DAAC), a center linked to
NASA's Earth Observing System and the EVI are available in maximum 16-day

compositions, with a spatial resolution of approximately 250m (Embrapa, 2014).

3.4 Data processing

For this study, the dataset was composed of 23 variables relevant to help
explain soil respiration: soil-related (Ts; SWC; P; pH; H+Al; SB; CEC; Macro; Micro;
Bd; C stock; N stock; CN ; sand;silt and clay), agrometeorological (Tar; Pam; RSG;
PAR; rain; and W) and biophysical parameters (EVI vegetation index). FCO, totaled
n= 500 observations and FO, n = 175 observations. Multivariate outliers were
assessed using the Mahalanobis distance at 1% significance. As a data mining
technique, principal component analysis (PCA) was used to reduce the size of the
dataset. Subsequently, the components were used to train the three different neural
network architectures, namely, generalized regression neural network (GRNN), radial
basis function (RBF), and multilayer perceptron (MLPNN) networks, and three
support vector kernel regression of RBF, sigmoid (SIG), and polynomial (PL). PCA


https://www.satveg.cnptia.embrapa.br/satveg/login.html
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was performed using R software (version 4.0.2; R Core Team 2019, R Foundation for
Statistical Computing, Vienna, Austria), using the R packages FactoMinerR (Le,
Josse, and Husson, 2008), and factoextra (Kassambara and Mundt, 2017).

Data mining was performed using principal component analysis. The proposed Al
approaches to predict FCO, and FO, included ANNs, GRNN, RBFNN, MLPNN, and
SVR with sigmoid, radial basis function and polynomial kernels.

' [
' |

Principal component
analysis

‘ - neural
network

GRMN MLP RBF

Figure 2: Flow chart of methodology used in this study.

3.4.1 Principal component analysis

The PCA replaces a set of correlated variables with new variables called
principal components (PCs), which are uncorrelated and obtained as linear
combinations of the original variables. Thus, the first PC should have the highest
possible variance, and this component will explain part of the inertia of the data (Abdi
and Williams, 2010). One of the main objectives of this algorithm is to reduce the size
of the dataset (Jolliffe, 2002), discard variables, and exclude outliers.

The database consisting of the 23 variables was determined as the main
components: PC1, PC2, PC3, and PC18. Neural networks and support vector

regression (SVR) were used as inputs to the models. Table 1 presents the results of
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the variances (eigenvalues) and explained and accumulated variances of the PCs
obtained

Table 1. Variances and explained and accumulated variance of the PCs

Principal Component Eigenvalue Percentage of variance Cumulative percentage of variance

PC1 7.62 33.15 33.15
PC2 3.49 15.16 48.31
PC3 2.12 9.23 57.55
PC4 1.77 7.71 65.25
PC5 1.66 7.24 72.49
PC6 1.46 6.37 78.86
PC7 1.02 441 83.27
PC8 0.89 3.86 87.13
PC9 0.76 3.31 90.44
PC10 0.67 291 93.35
PC11 0.5 2.17 95.52
PC12 0.35 1.52 97.04
PC13 0.23 1.01 98.05
PC14 0.17 0.73 98.78
PC15 0.13 0.58 99.36
PC16 0.08 0.35 99.71
PC17 0.06 0.25 99.96
PC18 0.01 0.04 100

The main PCs, those with variance greater than 0.70 (Jolliffe, 1972),
correspond to the first nine PCs, which express 90.44% of the preserved variance of
the original data. Therefore, the original 23 variables could be analyzed from the nine
CPs. However, in the tests performed, we realized that keeping the 18 PCs for this
dataset provided a better performance for ANNs and SVRs, especially for the GRNN

model, which is one of the main disadvantages of this architecture.

3..4.2 Artificial neural networks

An artificial neural network is a set of mathematical processes and
computational algorithms that simulate the human nervous system. Owing to its
ability to recognize complex nonlinear patterns, it has strong error tolerance. The

following is a brief description of the architecture used in this study.
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The architecture of an MLPNN is variable, but in general, it consists of several layers
of neurons. Intermediate layers are known as hidden layers between the input and
output layers, which are trained by the backpropagation (BP) algorithm. The basic
idea is to propagate the error signal calculated in the training step back to all neurons
and the activation function of the sigmoidal type (Haykin, 2009).

RBFNN has three layers: an input layer, a hidden layer, and an output layer
with linear processing units. The number of neurons in the hidden layer can be
adjusted according to actual needs. Learning can be supervised, unsupervised, or
blended, but when training is supervised, the weights between the hidden layer and
output layer are calculated to minimize the error between the desired and obtained
output. The most common activation function of the RBF is Gaussian. A GRNN was
proposed as a variant of RBFNN by Specht in 1990 (Specht, 1991). It is an ANN with
a fixed structure and consists of an input layer, a hidden layer, a summation layer,
and an output layer. Thus, the number of neurons in each layer depends on the
number of inputs and outputs of the ANN. The GRNN estimates continuous variables
by performing a non-parametric Parzen regression (Jobran Al-Mahasneh et al., 2018)
and subsequently computes the output of the network according to the maximum
likelihood principle (Xiao et al., 2020). All training of ANNS is supervised.

In the present study, we trained 100 ANNs with MLP architecture and 100 RBF and
100 GRNN in FCO, and FO; predictions. In all ANN models, 70% of the data were
used for calibration and 30% for validation. The training and validation data were
randomly selected using the program. All ANN architectures were developed using
the Intelligent Problem Solver (IPS) software Statistica® 7.0 (Statsoft Inc., Tulsa, OK,

USA). We selected the model with the best performance for each architecture.

3..4.3 Support vector regression

Different support machines can be built depending on the learning algorithm,
such as polynomial, radial basis, and sigmoid, defined in the choice of some
important parameters of SVR, such as kernels. The kernel function helps to find the
best hyperplane in space, and when applied in SVR, the best fit occurs when the
hyperplane has the maximum number of points.

The generalization ability of the SVR model depends on the correct selection of

parameters C and ¢ and the type of kernel function and its parameters. In this work,
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the SVM package used Statistica® 7.0 (Statsoft Inc., Tulsa, OK, USA), which
automatically adjusts the parameters C (cost), y (gamma), and ¢ (epsilon) through
cross-validation. We developed Regression SVM Type 1, offered by the SVM
package.

Tipo | (e-SVM for regression or €-SVR)

Minimize %WTW +CY" (& +ED Eg. (4)

yi —WTpX;) —b<e+ ¢
Subjectto{ WT¢p(X)+b—y; < e+ & Eq. (5,6, 7)
fi E;n = O,l = 1,...,1’1

where C is the regulation term, w is the vector of the parameters, b is a constant, and
¢ is the variable slack of the error outside the accepted range ¢, calculated by the
support vectors. Index i labels n training cases. The term ¢ (X_i) represents the
transformation of the input data (independent) by the kernel function K (Xi, X)) in the
characteristic space:

K(X, X)) = ¢(X).¢(X;). Eq. (8) adapted from Aquino de Souza et al. (2019).

3.4.4 Evaluation criteria for model performance

The predictive capacity of the models was assessed based on the
performance of the following statistical indices: Pearson correlation coefficient (r) (EQ.
9 ) mean absolute percentage error (MAPE) (Eq. 10), agreement index (d) (Eq. 11)
(Willmott, 1981), and confidence coefficient (¢) (Eg. 12) (Camargo and Sentelhas,
1997b). Analysis of variance was performed using the F test at the probability level of
0.01.

2 2
W YN (Xobs; Yobsy)— TN, Xobs; YN, Yobs, ((N N, Yobs,) — (TN, vobs;) )

Eq. (9)
\/((N PRA Xobsl)z—(zll-i1 Xobsl)z)
MAPE = S3, (7 100) Eq. (10)
N _ 2
d=1-— Yi=1(Yobs;— Yest;) Eq. (11)

YN (IYest;— Y|+ [Yobs; - ¥|)2
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c=rxd Eq. (12)
where n is number of data points; Xobs; is the observed value of X; Yobs; is the
observed value of Y; Yest; is the estimated value of Y; and Y is the observed mean
of Y.

3.5 Results and Discussion
3.5. 1 Model performance for FCO,

Table 2 presents the error rates for the ANN and SVR models in the
calibration and validation phases. All models were significant (p < 0.01). In this study,
as explained earlier, we used principal component analysis to decrease the size of
the dataset. In the set of 23 variables, nine principal components demonstrated
higher explanatory power (r = >70) (Table 1). However, by performing preliminary
tests, we realized that for ANNSs, it was more predictive to retain the set of 18 CPs,
thereby contributing to the best model performance. The variables correlated with
these components and were part of the input set of the ANN were Ts. SWC; P; pH; H
+ Al; SB; CEC; macro; micro; Bd, Cstock; StockN; CN; sand; silt; clay; RSG; and
PAR.

In the calibration phase, the ANNs showed low RMSE indices (0.780 to 0.952
pumol m™2 s™) and MAPE ranged from 16.83% to 20.23% (Table 2). As for the
accuracy, all models showed good agreement with agreement indices d (Willmott,
1981) having values above 0.83. The adjustment index d ranges from 0 to 1, where 0O
and 1 represent total disagreement or perfect agreement between the measurements
and estimates, respectively. MLPNN had the best index with d = 0.92.According to
the classification index (Camargo and Sentelhas, 1997), the good fit between the
observed and estimated values in GRNN, MLPNN, and RBFNN were classified as
average, very good, and good, respectively. Furthermore, it can be observed that
MLPNN presented the highest determination coefficient (0.65) followed by RBFNN
(0.63) and GRNN (0.60).

For validation (Table 2), the RMSE values ranged from 0.820 to 1.034 umol
m~2 s™. Generally, RMSE is proportional to the square of the errors and is sensitive
to large deviations between the observed and predicted values. The MAPE values
varied between 21.39% and 23.17%. Regarding d-index and coefficient of
determination, MLP showed the best indices with d = 0.867 and R? = 0.59. Moreover,
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MLPNN obtained a "good" rating, whereas GRMN and RBF were considered to be
"average". The R? values for GRNN and RBFNN were 0.58 and 0.57, respectively.

Regarding the architecture of GRNN, the number of neurons in the input layer
was equal to the number of predictors, i.e., 16. According to (Ghritlahre and Prasad,
2018), for GRNNSs, the number of input variables depends on the number of datasets
observed in the data collection. Typically, the number of neurons in the pattern layer
is equal to the number of training datasets. However, GRNN and RBFNN showed a
higher number of neurons in the intermediate layer compared to that of MLPNN. This
indicates that both the RNA models were complex. Li et al. (2020) described that it is
a characteristic of RBF to use a large number of highly interconnected neurons in the
intermediate layer, especially when there is low correlation in the dataset, because
the network requires a larger number of neurons to recognize linear patterns. Thus,
12 parameters in the input layer and 10 neurons in the intermediate layer was a good
configuration to estimate FCO..

Regarding SVR models, generally, SVR- RBF showed superior performance

in the calibration and validation phases compared to SVR- SIG and SVR - PL-. The
Gaussian kernel is generally more accurate in terms of the data used (VanDeventer
et al.,, 2019). The SVR models showed lower RMSE values for the calibration and
validation phases compared to the ANN models. The calibration data ranged from
0.690 to 0.820 pmol m™2 s™*. The validation data ranged from 0.77 to 0.990 pmol m™
s™*. Although SVR-RBF showed the highest RMSE value, it obtained the lowest value
for MAPE calibration and validation (21% and 22%) and the highest value for d-index
calibration and validation (0.82 and 0.817), respectively.
Overall, the MAPE values in SVR ranged from 21.60% to 23% for calibration and
22.23% to 24.60% for validation. The index d ranged from 0.735 to 0.820 for
calibration and 0.714 to 0.817 for validation. These results corroborated the
performance rating for SVR —RBF of average and sufferable for calibration and
validation, respectively. SVR-SIG was rated sufferable in both phases, whereas SIG
PL was rated sufferable and bad.

In all ANN training phases, the correlations (r) were higher than 0.75, whereas
in SVR they ranged from 0.68 to 0.76. The adjusted R? penalizes the inclusion of
poorly explained regressions and demonstrates that all ANNs obtained higher

precision in both training phases. In validation, the models explained 57% to 59% of
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the temporal variability of FCO,, while the SVR models explained 46% to 53% of the
variability of FCO,. For estimating FCO,, MLPNN was better than SVR- RBF.

3.5.2 Model performance for FO,

For this estimation FO, we used 18 PSCs. Table 3 presents the error rates for
ANNs and SVRs. For ANNs, the models were significant (p < 0.01). First, the values
of the RBF kernel function parameters were determined. The RBF parameters, C, &,
and y, were fit.

The performance of the predictive models for FCO, and FO,, along with the
configuration of their kernel functions, namely SVR RBF, second-degree polynomial
(SVR - PL), and sigmoid ( SVR - SIG), were as follows: {FCO, [SVR- RBF (C = 4000,
€ =0.200, y = 0.056), SVR - PL: (C = 4000, € = 0.200, y = 0.056), and SVR - SIG(C =
10.00, € = 0.100, y = 0.50)]}; {FO2[SVR - RBF: (€ = 10.00, € = 0.500, y = 0.056); SVR
- PL(C = 10.00, € = 0.500, y = 0.056, degree = 3), and SVR - SIG(C = 10.00, ¢ =
10.00, y = 0.56)]}.

For SVR, the models were significant only during the calibration phase. In this
study, all the models presented high MAPE values. For an ANN with a calibration
greater than 46% and a calibration of 100%. For the SVR models in calibration and
validation, higher than 100%. Such a result would make our estimates unfeasible.
However, it is important to note that the dataset of the dependent variable presents
very small values close to zero. In the original dataset, the FO, values ranged from
0.0148 to 1.796 mg m?s™* with a mean value of 0.369 mg m™?s™™.

According to (Kim and Kim, 2016), one of the disadvantages of MAPE is that it
produces infinite or undefined values when the actual values are zero or close to
zero. Thus, if the actual values are very small (usually less than one), MAPE will
produce extremely large percentage errors (outliers), whereas zero actual values will
result in infinite MAPEs. Therefore, for this training FO, we considered only the
RMSE and d-index metrics as measures of estimation accuracy (Willmott, 1981).

The agreement index is a complement to non-square measures, such as
RMSE, as it is based on absolute errors. Unlike RMSE, d is less sensitive to outliers
(Achieng, 2019). In the calibration phase, ANNs achieved low RMSE values (0.037 to
0.074 pmol m™? s™) and d indices (0.835 to 0.911). For validation, RMSE values
ranged from 0.076 to 0.089 mg m™2s™}, whereas d indices ranged from 0.546 to
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0.730. The good fit of the models according to the classification index (Camargo and
Sentelhas, 1997b) classified GRNN, MLPNN, and RBFNN as very good, very good,
and average, respectively. For validation, all performances were “bad”. MLPNN had
the best accuracy with the validation value of coefficient of determination being 0.36
compared to 0.34 of GRNN and RBFNN (Table 2; Figure 4). For SVR, as the

regression in validation was not significant, it is not discussed here.
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Table 2. Performance of statistical indices during the training and validation phases of artificial neural networks and support vector

regression
Soil CO, emission (umol m™~s™") (FCO,)
Architecture r R° RMSE MAPE d Classification (C) F p-valor
RNA1 GRNN Calibration 0.77 0.6 0.78 20.233 0.836 0.646 Median 349 p<0.0001
15-251-2-1 Validation 0.76 0.58 0.82 21.393 0.829 0.63 Median 1447 p <0.0001
RNA 2 MLPNN Calibration 0.86 0.75 0.932 16.839 0.923 0.797 Very Good 708.2 p<0.0001
12--12--10-1 Validation 0.77 0.59 1.034 22.745 0.867 0.668 Good 172.7 p<0.0001
RNA 3 RBFNN Calibration 0.8 0.63 0.952 18.729 0.883 0.703 Good 400.7 p<0.0001
11-44-1-1 Validation 0.75 0.57 1.008 23.179 0.848 0.638 Median 146.3 p <0.0001
SVR
Soil CO, emission (umol m™2s™") (FCO,)
r R° RMSE MAPE d Classification (C) F p-valor
SVR1 SVR-RBF Calibration 0.76 058 0.82 0.216 0.82 0.623 Median 493.8 p<0.0001
Validation 0.73 0.53 0.99 0.223 0.817 0.599 Suffering  141.9 p <0.0001
SVR 2 SVR-SIG Calibration 0.69 0.47 0.8 0.23 0.763 0.525 Suffering  311.3 p <0.0001
Validation 0.68 0.46 0.92 0.243 0.761 0.521 Suffering  107.7 p <0.0001
SVR 3 SVR-PL Calibration 0.69 0.48 0.69 0.23 0.735 0.51 Suffering 321.1 p <0.0001
Validation 0.68 0.46 0.77 0.246 0.714 0.488 Suffering 107.2 p <0.0001

The sequence of numbers indicate the number of input variables, number of neurons in the first layer, and number of neurons in the
second layer; r. Pearson’s correlation coefficient; MAPE: mean absolute percentage error; d: Willmott’'s agreement index; C:
confidence coefficient; p-value: probability of the occurrence of HO. SVR-RBF = support vector machine kernel radial basis function;
SVR-SIG = sigmoid; SVR-PL.
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Table 3. Performance of statistical indices during the training and validation phases of artificial neural networks and support vector
regression for influx O,

Influx Oo(mg m™2s™") (FO,)

Architecture r R? RMSE MAPE D Classification (C) F p-valor
ANN 1 GRNN Calibration  0.89 0.79 0.074 46.32 0.871 0.775 VeryGood 331 p<0.0001
18-89-2-1:1 Validation 0.57 0.34 0.084 0.741 0.546 0.316 Bad 19.66 p <0.0001
ANN 2 MLPNN  Calibration  0.85 0.73 0.730 0.73 0.911 0.781 Very Good 2324 p<0.0001
13--11--11 Validation 0.59 0.36 0.076 57.28 0.675 0.405 Bad 19.61 p <0.0001
ANN 3 RBFNN  Calibration 0.74 0.55 0.037 71.06 0.835 0.618 Mediano  96.82 p <0.0001
14--22-1  Validation 0.58 0.34 0.089 100.5 0.730 0.424 Bad 16.87 p <0.01
Influx O, (Mg m~2s™") (FO,)
SVR 5 SVR - RBF Calibration 0.35 0.11 0.121 1.702 0.515 0.180 Bad 17.04 p<0.0001
Validation 0.13 0.01 0.080 1.124 0.331 0.045 Bad 0.95 0.3352
SVR 6 SVR - SIG Calibration  0.31 0.09 0.079 1.718 0.464 0.464 Bad 13.34 p<0.0001
Validation  0.14 0.00 0.055 1.146 0.317 0.045 Bad 1.01 0.319
SVR 7 SVR- PL  Calibration 0.33 0.105 0.047 1.703 0.441 0.148 Bad 1542 p<0.0001
Validation 0.0 0.004 0.039 1.151 0.292 0.018 Bad 0.2052 0.6526

The sequence of numbers indicate the number of input variables, number of neurons in the first layer, and number of neurons in the second layer,
respectively; r: Pearson’s correlation coefficient; MAPE: mean absolute percentage error; d: Willmott’'s agreement index; C: confidence coefficient; p-value:
probability of the occurrence of HO. SVR - RBF = support vector machine kernel radial basis function; SVR-SIG = sigmoid; SVR - PL = polynomial
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Figure 4. Performance of soil CO, emission (umol m-? s=*) (FCO,) and Influx O,
(mg m~2s™") (FO,) during the validation phases of artificial neural networks (GNNN;
MLP and RFB) . Coefficient of determination (R?) and RMSE = mean absolute
percentage error. a) GRNN — FCO,. b) GRNN — FO,. ¢c) MLPNN - FCO,. d) MLPNN -
FO,.e) RBFNN - FCOy; f) RBFNN - FO,.
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Figure 5. Performance graphs of the calibration and validation of soil CO, emission
(FCO,) with radial basis function (RBF), sigmoid and polynomial kernels. Coefficient
mean absolute percentage error RBF: a)
calibration and b) validation. Sigmoid: c) calibration and d) validation. Polynomial: e)

of determination (R? and RMSE

calibration and f) validation.
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3.5.3 Importance of Predictor Variables

In our study, we used a set of 23 original variables (climate, soil, PAR and
EVI) to model the prediction of FCO, and FO,. Principal component analysis assisted
in reducing the dimensionality of the dataset, resulting in 18 PCs. To understand how
each variable impacted each component, and analyze the inter-relationships
between the large number of variables with FCO, and FO, dynamics in the
eucalyptus forest soil, we generated a biplot (Figure 3) from the original 23 variables,
and FCO, and FO,, resulting in a dataset with 25 variables.

The first two components represented 30.5% (PC1) and 14.4% (PC2) of the
total variance of the original data (Figure 3), thus explaining 44.9% of the original
variance. Among the 25 variables, the ones that contributed the most to PC1 in order
of relevance were: clay (0.90), pH (0.88), SB (0.80), macro (0.75), silt (0.66), P
(0.65), Cstock (0.59), CEC (0.58), and Stock N (0.54) and inversely correlated (-
0.94), (-0.89), (-0.83), (-0.59), and (-0.38). For PC2, in order of relevance, the
attributes that contributed the most were: Tam (0.89), GSR (0.78), PAR (0.75), Ts
(0.72), EVI (0.65), FCO,, and FO, (0.23) and inversely correlated (-0.61) and (-0.35)
(Table 4). The attributes FCO,, FO,, Ts, PAR, EVI, RSG, and Tam were all projected
onto PC2 in the same direction.

In general, it is evident that the processes related to PC1 indicate the stability
of C in the studied ecosystem. The lack of correlation between FCO, and FO, could
be a result of land use change and the long period of reforestation which contributed
to the maintenance of the C stock. Probably, after deforestation of the native
vegetation for agricultural purposes in the study area, an intense decay of organic
matter occurred in the soil. This would have caused a rapid decline in C stocks (Lal
et al. 1997), especially in the first 10 years of conversion, owing to organic matter
with high lability (Melillo et al. 2002) promoting changes in N stocks. During this

period, it is possible that soil respiration was controlled by biological activity.
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Table 4. Correlation between FCO,, FO,, environmental covariates, and the first two

principal components (PC1 and PC2) in the eucalyptus forest

Principal componente PC1 PC2
Explained variance (%) 30.5 14.4
Correlation

FCO. -0.07 0.32
FO, -0.05 0.23
Ts 0.03 0.72
SWC -0.08 0.02
P 0.65 -0.03
pH 0.88 -0.03
H.Al -0.59 0.00
SB 0.86 -0.05
CEC 0.58 -0.08
Macro 0.75 0.06
Micro -0.89 -0.06
Bd -0.83 -0.03
C stock 0.59 -0.03
N stock 0.54 0.08
CN -0.38 -0.13
Sand -0.94 -0.03
Silt 0.66 0.14
Clay 0.90 0.01
Tair -0.05 0.89
Patm 0.06 -0.61
RSG -0.05 0.78
PAR -0.04 0.75
Rain 0.01 -0.05
wW 0.01 -0.35
EVI -0.01 0.65

FCO,= soil CO, emission; FO,= oxygen uptake; T (°C) = soil temperature; SWC = soil water content;
P (mg dm™); pH in CaCl, = hydrogen potential;H+Al; SB - sum of bases (K*, Ca®*, and Mg2+g;: CEC
(mmolc-dm™) = cation exchange capacity; Macro (m®m™) = macroporosity; Micro (m*m?®) =
microporosity; Bd = bulk density; (g dm'3); C stock = ; N stock = ; CN ratio; Sand = sand content (g kg
Y Silt = silt content (g kg™); Clay = clay content (g kg™); Tar = air temperature; Pam (kPa) =
atmospheric pressure; GSR (MJ-m?Zday’) = global solar radiation; PAR (umol-m?) =
photosynthetically active radiation; Rain; W = wind velocity w (m/s"l); EVIL.

However, over the years, subsequent to the humidification processes of
microorganisms, aggregation, and sedimentation, most of the organic matter was
transformed into humidified material of low lability and resistance to decomposition,
corroborating the C stock in the soil (Lal 2007). Thus, soil respiration in this
ecosystem was not because of heterotrophic respiration and may be inert from a
biological point of view (Brady and Weil 2013). Therefore, the high C stock and low
FCO; (Silva et al., 2020) explains the lack of correlation between FCO, and FO, with
PC1.
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As mentioned earlier, the database was from an area that had undergone
more than 30 years of reforestation; thus, in mid-aged or mature forests, soil C stocks
increase until equilibrium in their dynamics is established (Pussinen et al., 2002). In
this ecosystem, the eucalyptus burlap is responsible for nutrient cycling, maintenance
of natural soil stability, and is the main source of energy for microorganisms (Brady
and Weil 2012). The C/N ratio influences the speed of burlap decomposition, favoring
the ability of decomposer microorganisms to produce assimilable forms of nitrogen
(Xavier et al., 2019), which explains the inverse correlation in PC1. In soil, the C
stock is determined by the input of organic matter and land use (Dawson; Smith,
2007), decomposition, mineralization, and leaching (Zhou et al., 2013). However, this
dynamic is dependent on several factors, such as substrate quality, vegetation type,
soil fertility, and climate and soil physical structure (Smith, 2008).

As shown in Figure 3, there were direct associations between C and N stocks
and soil fertility-related attributes, and all vectors projected to the same side. Soll
texture (silt and clay) is related to the stabilization of C (Aduan, 2003; Nair et al.
2011) and N (Van Noordwijk et al.,, 1997), and to improvements in soil fertility
attributes (Barlow et al., 2018) which reflect the improvement of soil physical quality
and climate (Dawson and Smith 2007; Smith, 2008).

In relation to PC2, the identified associations supported that the dynamics of
FCO, and FO, are related to root respiration. Previous studies indicate that solar
radiation indirectly influences soil respiration through direct effects on photosynthesis
(Moyano et al., 2008), and by influencing the amount of root-exuded C (Nakayama
and Tateno, 2018)(Liu et al. 2006; and the vegetation index (EVI) (Wang et al.,
2010). The low contribution of water content to soil respiration can be explained by

covariation between water content and soil temperature (Adachi 2013).
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3.6 Conclusion

Regarding the machine learning models, our study showed that ANNSs
outperformed SRV models in both FCO, and FO, estimations. An MLP ANN showed
the best predictive performance for FCO, (R? = 0.75 and 0.59) when compared to the
other ANNs. For FO,, GRNN and MLPNN performed similarly. However, the GRNN
architecture was more complex. Thus, we consider MLPNN the best model for
estimating FCO, (R? = 0.75 and 0.36). In all estimates in the SRV, the best kernel
was RBF. The SVR validation regressions were not significant for the FO..

Although the principal component analysis summarized the dimensions of the
data, all models were calibrated with a higher number of components than indicated
by the analysis. This highlights the complexity of the data used in our study. Principal
component analysis indicated that soil C was stabilized in a eucalyptus forest more
than 30 years after land use conversion. FCO, and FO, were associated with root
respiration, as evidenced by the variables related to the PAR and EVI indices.

Further studies with new data mining techniques.
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CHAPTER 4 — REGRESSION USING ARTIFICIAL NEURAL NETWORKS AND
ADAPTIVE NEURO-FUZZY INFERENCE SYSTEMS IN PREDICTING SOIL
RESPIRATION IN AREAS OF NATIVE SPECIES IN THE CERRADO

Abstract - Soil respiration is one of the most important components of carbon (C)
cycle in forest ecosystems. Estimating and understanding all the factors involved in
this dynamics is fundamental to predicting the intensity of climate change. The
objective of our study was to estimate the temporal variability of CO, emission from
soil (FCO,) and oxygen uptake (FO,) from environmental covariates and estimate the
enhanced vegetation index (EVI) and attributes of soil in reforested area with native
species, in the Brazilian biome Cerrado, using regression from machine learning
technigues such as Artificial Neural Networks (ANN) and Adaptive Neuro-Fuzzy
Inference System (ANFIS). Data set comprised observations of FCO, (n= 500) and
FO, (n= 175). Two ANN architectures: multilayer perceptron (MLPNN) and radial
basis function (RBFNN) were trained and compared. Sensitivity analysis was applied
to each ANN. Predictive performance was evaluated based on mean absolute error
(MEA), root mean square error (RMSE), mean absolute percentage error (MAPE),
agreement index (d), confidence coefficient (c), and coefficient of determination (R?).
The best estimation results for validation were: FCO, with MLPNN (R? = 0.42, RMSE
= 1.069 pmol m? s™) and RBF (R? = 0.54, RMSE = 1.015 umol m? s™) and FO, with
MLPNN (R? = 0.45, RMSE = 0.093 mg ms™) and RBFNN (R? = 0.74, 0.079 mg m™
s1). The largest percentage errors were found in FO, estimation (MAPE = 0.90
calibration and 0.86 validation). Soil temperature and macroporosity are important
predictors in the estimation of FCO, and FO,. The best combination of variables for
training the ANFIS was selected based on trial and error. The results were FCO; (R?
= 16) and FO, (R? = 29). Nitrogen stock is an important variable for predicting FCO,
and atmospheric pressure for FO,. For all models, FCO, outperformed FO,. A
primary factor analysis was performed and FCO, and FO, correlated best with
weather attributes and soil attributes, respectively.

Keywords: Soil CO, emissiom; oxygen influx; reforestation, tropical ecosystems;

artificial intelligence.
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4.1 Introduction

The tropics contain the highest biodiversity on Earth, yet they are the hardest
hit by anthropogenic actions (Barlow et al., 2018). Brazil has contributed to the loss
of tropical biodiversity and currently leads the world ranking of countries that have
deforested the majority of primary forests located within the country. Specifically, in
recent decades, the removal of native vegetation in the Cerrado biome has increased
considerably, reaching higher rates than those related to deforestation in the Amazon
region (Trigueiro et al., 2020).

The Cerrado occupies approximately 24% of the Brazilian territory and
although it is a key component of the regional carbon (C) cycle, is one of the most
threatened biomes globally, owing to the conversion of forests into agricultural areas
(Strassburg et al., 2017). Notably, land use change (LUC) in this biome has also
caused changes in the microbial community, which plays a fundamental role in the
biogeochemical cycles of C, nitrogen (N) and phosphorus (P), as well as in
maintaining soil quality (de Souza and Procépio, 2021). The degradation of
vegetation cover and the replacement of native vegetation directly influences C and
N stocks, primarily by reducing the input of organic material into the soil, thereby
decreasing soil quality (Nourbakhsh, 2007; Yuan et al., 2019).

Soil respiration (Rs) is the sum of autotrophic (root) and heterotrophic
(microbes, soil fauna) respiration (Hanson et al., 2000). Basal (Rg) and substrate-
induced respiration (Sgg) is @ major bioindicator of soil quality (Sparling 1997). As
carbon dioxide is produced and emitted during soil respiration (FCO,), it is a major
contributor to atmospheric CO,. Furthermore, in this dynamic, oxygen is consumed
(FO,) as a result of the metabolic processes of microbial activity and root.

Notably, soil respiration varies with time and space and is influenced by soil
water content and temperature (Adachi et al. 2006; Kim et al., 2012). In recent years,
a number of studies have correlated Rs with meteorological data (Ouyang and
Zheng, 2000; La Scala et al. 2003); oxygen availability (Ferraz de Almeida et al.,
2018), soil physical attributes such as class and pore size (Silva et al., 2019), the
quantity, quality, and distribution of plant residues (de Araudjo Santos et al., 2019), as
well as with vegetation indices such as the enhanced vegetation index (EVI) (Huang
et al. 2012). Specifically, (Raich and Tufekcioglu, 2000) observed that vegetation
type, forest microclimate, and net primary productivity are positively correlated with
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Rs. This is because vegetation and canopy age affect several soil properties such as
the C/N ratio and pH (Lucas-Borja et al., 2019). Furthermore, the type of canopy
cover (monoculture or mixed) has an effect on the physical, chemical, and biological
characteristics of soil, as well as on the contribution of organic material. In addition,
studies have shown that composite forests with different species increase microbial
respiration (Kooch and Noghre, 2020; Kooch and Ghaderi, 2021) and influence soll
CO; flux (Laganiére et al., 2012).In this context, it is important to estimate and
understand the dynamics of FCO, and FO, with environmental variables and soill
attributes. This especially, in areas of reforestation with mixed vegetation, including
areas of the Cerrado.

Recently, modeling via machine learning (ML) has increased rapidly, while the
field of soil science has helped improve our understanding of the causes of soil
variation temporal, the environmental variables that control soil distribution (Padarian
et al., 2020), and the estimation of soil respiration (Bond-Lamberty, 2018; Freitas et
al., 2018; Ebrahimi et al., 2019).Machine learning algorithms include artificial neural
network (ANN) and adaptive network-based fuzzy inference system (ANFIS) models.
Machine learning algorithms include artificial neural network (ANN) and adaptive
network-based fuzzy inference system (ANFIS) models. Although ANFIS models
have been successfully used to explain of the variability of Rs in different ecosystems
(Zhao et al., 2017), few studies have used ANFIS in the prediction of Rs in planted
forest areas (Canteral, 2020).

Concerning oxygen modeling, although the majority of estimates have focused
on predicting dissolved oxygen concentration in water with ANN, the ANFIS system
has shown good results (Heddam et al., 2014; Zounemat-Kermani et al., 2014;
Lamzouri et al., 2017). However, some estimates have recorded large mean absolute
percentage errors (MAPE) associated with these models (Liu et al., 2019). Notably,
studies on soil O, influx in soil using machine learning are scarce.

Given the above, we hypothesize that of this study is that environmental
variables such as EVI and solil attributes can be used as predictor variables to model
the temporal variability of CO, emissions and O, influx in reforested areas using
machine-learning techniques. The objective of the study is to evaluate and compare
two ANN architectures, namely multilayer perceptrons (MLPNN) and radial basis
function (RBFNN) networks and an ANFIS model, in predicting CO, emissions and

O; influx in Cerrado areas reforested with native species.
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4.2 Materials and methods

In the present study, the database was created based on an evaluation of the
temporal variability of soil respiration (FCO, and FO,) in an area inhabited by native
species. The mean FCO, value was determined as 4.059 (umol m? s*), mean FO,
was 0.371 (mg m? s™), soil temperature was 25.99 °C, and soil water content (SWC)
was 11.56% (Vicentini et al., 2019).

4. 2.2 Study area

The study area was a riparian forest in the Cerrado, composed of the following
21 native species: Albizia lebbeck, Chorisia speciosa, Cydonia oblonga,
Enterolobium contortisiliquum, Eugenia jambolana, Ficus clusiifolia, Holocalyx
glaziovii, Hovenia dulcis, Jacaranda semisenata, Koelreuteria paniculata, Moquilea
tomentosa, Morus nigra, Myroxylon balsamum, Peltophorum dubium, Psidium
guajava, Pterocarpus quercinus, Peltophorum vogelianum, Spondias venulosa,
Tabebuia chrysotricha, Tabebuia impetiginosa, and Tabebuia odontodiscus. The
species were randomly distributed in a spacing of 3 x 2 m . The forest is located in
the Fazenda Experimental da Faculdade de Engenharia (UNESP), in the city of
Selviria, Mato Grosso do Sul, Central Brazil, on the banks of the Parana River
(Figure 1), with central coordinates of 20°20'53.41" S and 51°23'55.50" W, and an
altitude of 354 m above sea level.

v e Mato Grosso do Sul

Brasil

Figure 1. Location of the experimental area. Selviria, MS - Mato Grosso do Sul, km -
kilometers, N - north, S - south, E - east, W - west. SIRGAS - Geocentric Reference
System for the Americas and IBGE - Brazilian Institute of Geography and Statistics.
The satellite images were obtained by Google Earth.
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The climate of the region was classified as C1dAa' by the Thornthwaite system
(De Souza Rolim et al., 2007), with a mean annual temperature of 23.5 °C, mean
annual rainfall of 1,300 mm, and relative humidity between 70% and 80%. The local
soil was classified as dystrophic Red Latosol (LVd) according to the Brazilian Soll
Classification System (Embrapa Solos, 2018). The relief was moderately flat and
undulating with 542.38 g kg™ sand, 65.21 g kg™ silt, and 392.39 g kg™ clay in the 0—
0.10 m layer. For approximately ten years, the area was managed with rice

cultivation.

* Native Cerrado
vegetation

+ reforestation with
native species

* Agricultural
mechanization:
* Crop rice

Deforestation-Land
use/cover change
(LUcc)

Figure 2: History of land use and change in the experimental area

4.2.3 Determination of soil CO, emission, O, influx, soil temperature, and water

content

Soil CO, emissions were recorded between 07:00 - 12:00 using a LI-8100
portable system (LI-COR, NE, USA. Twenty-five sampling points were demarcated
with polyvinyl chloride (PVC) collars (0.10 m diameter and 0.85 m height) and
installed in the soil at a depth of 5 cm in each plot. The reading time was 120 s.
Simultaneously with the FCO, readings, soil temperature (Ts) and soil water content
(SWC) were determined. Soil temperature was recorded for all studied points in the
0-0.12 m layer using a digital thermometer, while water content was evaluated using
a portable TDR-Campbell® system (Hydrosense™, Campbell Scientific, Australia),
consisting of a probe with two 20 cm rods, which were inserted into the soil
perpendicular to the surface Further information was detailed by (Panosso et al.
2012).
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The O, influx was determined with the aid of a portable UV Flux (0%—25%)
sensor (CO,Meter, Inc., Ormond Beach, FL, USA) at ten selected points in the area.
To determine the O, uptake in the soil, 10 points in each area were selected using
the portable UV flux (0%—25%) sensor (CO.Meter, Inc). The O, influx into the soil
was calculated by considering the atmospheric pressure, air temperature, and
chamber volume. Further information was detailed by (Ferraz de Almeida et al.,
2018; Vicentini et al., 2019).

4. 2.4 Soil data and Environmental variables

Soil physical analyses were performed in the 0—-0.10 m layer after the FCO,
and FO, readings. The following results were observed: macroporosity = 0.049 (m?
m3), microporosity = 0.394 (m®*m™), and soil density = 1.34 (g dm™) (according to the
methodology proposed by Embrapa (1997). For the chemical analyses the following
results were observed: phosphorus content (resin) = 6.16 (mg dm™), aluminum =
5.88 (mmolc dm™), soil organic matter = 25.2 (g dm™), pH (01 mol L™ CaCl,) = 4.44,
cation exchange capacity (CEC) = 82.98 and base sum = 33.06 (mmolc dm?),
according to the methodology proposed by (Raij et al., 2001). Litter samples were
collected in May of 2016. The organic carbon and nitrogen contents were determined
using the methods described by Tedesco et al. (1995) and Bataglia et al. (1983),
respectively.

The meteorological database was obtained from the historical records of
UNESP-CANAL CLIMA for the interval from November 2015 to October 2017.

(http://clima.feis.unesp.br/index.php) including PP (mm) = rainfall, w (m/s) = wind

speed, ET, PN-M (mm/day) = reference evapotranspiration by Penman-Monteith,
Pam (kPa) = atmospheric pressure, Tar - air temperature, PAR (umol m?) =
photosynthetically active radiation, and RSG (MJm™ day™) = global solar radiation.
Biophysical data EVI = spectral index; MODIS-EVI data were obtained using SATVeg
— Temporary Vegetation Analysis System, developed by Embrapa Informética
Agropecuaria. The MODIS images used for the development of SATVeg were
obtained from the LP DAAC Data Pool (http://lpdaac.usgs.gov). These images were
composed of the maximum values of the vegetation indices every 16 days. The

spatial resolution of the MODIS sensor for the product used was 250 m. To minimize
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the effects of time series noise, the data were obtained with pre-filtering and filtering
available in the tool. A Savitzky-Golay filter was selected.

4.2.5 Data mining

The dependent variables for modeling constituted n = 500 and n = 175
observations for FCO, and FO,, respectively. agrometeorological (climatic)
variables, EVI vegetation index, and soil physicochemical attributes were selected as
guantitative environmental variables for predicting soil FCO, and FO, Multivariate
outliers were identified based on the Mahalanobis distance.

4.2.5.1 Artificial neural network (ANN)

An MLP network comprises an input layer, which has no adjustable weights,
one or more hidden layers, and output layer. Each layer has multiple processing
units, and each unit is fully interconnected with weighted connections to the units in
the subsequent layer. The input signal propagates the network layer-by-layer
(Haykin, 2001). Its training is supervised by an algorithm based on an error
backpropagation learning rule (Rumelhart et al. 1986).

The model for each node in the network includes an activation function.
Among those used by the neurons of MLP networks, logarithmic and tangent sigmoid
functions are used in neurons in the hidden and output layers (Yilmaz et al. 2009). In
this study, a logistic sigmoid activation function was used (Eg. 1), where f(v) is the
sigmoid activation function, a is the estimation of the parameter that determines the

sigmoid slope, and v is the activation potential of the function.

f(v) = — (Eq.1).

1+e~av’

An RBF neural network is based on supervised learning. Its construction, in its
most basic form, involves three layers. The first is an input layer with source nodes
that connect the network to its environment; however, it does not perform any

function on the input data. The second is a single hidden layer, in which a nonlinear
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transformation from the input space to the hidden space occurs. The neurons in the
hidden layer perform an activation function by means of a nonlinear kernel (e.g.,
Gaussian transfer function), whose outputs are inversely proportional to the distance
from the center of the neurons (Debska et al. 2011). Third is the output layer, which
is the weighted sum of the output samples of the hidden layer (Haykin, 2001; Hamedi
and Dehdashti Jahromi, 2021).

An MLP neural model is generated using the back propagation (BP) method
and is optimized using the conjugate gradient algorithm. For the RBF, the Gaussian
density function is used in the hidden layer as an activation function. For each
estimate (i.e., FCO, and FO,) of different architectures, we observe that 100 epochs
are sufficient for error convergence.

Step 1: We trained 100 RBF and 100 MLPs. From the original data, the
training set consisted of 24 variables: Ts; SWC; P; pH; H+Al; SB; CEC; Macro; Micro;
Bd; Cstock, StockN; CN; Sand; Silt; Clay; Tam; Pam; GRS; PAR; ET,; Rain; W; and
EVI. Correspondingly, we used ANN1 and ANN2 for FCO, and ANN5 and ANNG6 for
FO, (Table 1). The architectures were developed using the Intelligent Problem Solver
(IPS) tool of Statistica v.7.0. to return the 10 ANNs having the lowest root mean
square error (RMSE), randomly presented. The best model from each architecture
was selected for each estimate (i.e., FCO, and FO;). The criterion for stopping the
training algorithm was one when the RMSE was less than 1 % (Haykin, 2001).

Step 2: The IPS provides a sensitivity analysis as part of the ANN simulation
results. Thus, in an attempt to improve ANN performance, we used the results of the
sensitivity analyses performed by ANN1 and ANN2, ANN5, ANNG6, which determine
the most important predictors in modeling FCO, and FO,. The software follows the
sensitivity analysis (SA) methodology proposed by (Hunter et al. 200). According to
the procedure described, the SA used in this study iteratively rejects an input variable
and evaluates the network error. The measure of a variable's sensitivity is the ratio of
the error without the variable to the original error, which provides the sensitivity score
(Hunter et al., 2000; Anagu et al. 2009). The variables were ranked in order of
importance based on the ratio. From the sensitivity results, a new subset of data was
formed, and new MLPNN and RBFNN training was performed to estimate FCO, and
FO..

From the sensitivity results (ANN1; ANN2 for FCO, and ANN3; ANN4 for FO,),
a new subset of data was formed, and a new training of MLPNN and RBFNN was
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performed for estimation of FCO, and FO,. The subset inputs of ANN3 were Ts; CN;
Clay; pH; P; ET,; SB; Macro; EVI; Sand; Micro; Pam; and Silt. For ANN4, they were
Ts; Cstock CN; SWC; EVI; PAR; Macro; P; CEC; Clay; pH; Micro; Silt; Sand; SB;
H+Al; and w. For FO,, the ANN7 MLPNN used Micro; EVI; Silt; Cstock; Macro;
SWC; pH; H+AIl; CN; SB; CTC; Sand; Ts, P; PAR; and W. The ANNS8 used SWC,;
CEC; Macro; Sand; Silt; Clay; Tair; Pam; W and CN

4.2.5.2 Adaptive Neuro-diffuse FIS (ANFIS)

Jang (1993) developed a hybrid multilayer feed-forward neural network and an
FIS (ANFIS), which combines the advantages of both sources, making it the most
powerful artificial intelligence technique (Kharb et al., 2014).The major advantage of
the ANFIS model is its computational efficiency and adaptability (Ghadernejad et al.
2018). Hence, it can approximate any function. In this study, the Takagi and Sugeno
fuzzy system is employed to formalize a systematic approach to generate fuzzy rules
from a set of input and output data (Buragohain and Mahanta, 2008), The basic
structure of an FIS is divided into fuzzification, a rule base, inferencing, and
fuzzification.

A disadvantage of ANFIS is the restriction of the number of parameters
defined in the model. If the number of inputs exceeds five layers, the training time
takes too long to assign the appropriate values to the parameters of the membership
function (Dehghani et al., 2019)(Kaab et al., 2019;. The most common membership
functions are triangular, trapezoidal, and Gaussian (Klir; Yuan, 1995). In this study,
the trapezoidal type is used (Riza, 2015). Although ANFIS has a high mapping ability
of input to output similar to a black-box model, it suffers from a long training time that
inhibits appropriate value assignments to the membership function parameters (the
basis of fuzzy set theory).

Thus, several combinations of inputs were used for FCO, and FO,. For FCO,,
these included pH; H+AIl; ET,; SRG and PAR. For FO,, these included Ts. SWC,;
Pam; N stock, and SB. In this study, the ANFIS was performed using R software
(version 4.0.2; R Core Team 2019, R Foundation for Statistical Computing, Vienna,
Austria), using the R packages frbs: Fuzzy Rule-Based Systems for Classification

and Regression Tasks. (Riza, Bergmeir, Herrera, and Benitez 2015).
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4.2.5.3 Criteria for model assessment

The evaluation of the efficiencies of the developed models, including accuracy
and agreement, was assessed using statistical criteria of the Pearson correlation
coefficient (r) (Eq. 2), mean absolute error (MEA) (Eqg. 3), mean absolute percentage
error (MAPE) (Eg. 4), agreement index (d) (Eqg. 5) (Williams, 1981), and confidence
coefficient (c) (Eq. 6) (Camargo and Sentelhas, 1997b). Analysis of variance was

performed using the F-test at a probability level of 0.01.

2 2
W YN (Xobs; Yobsy)— YN, Xobs; YN, Yobs, ((N N, Yobs,) — (TN, vobs;) )

r= . - , Eq. (2)
\/((N YN | Xobs;) —(ZN, Xobs;) )
N _
MEA = Zi=1(y"”;1 Yesty) Eq. (3)
1 |(Ai—Py)|
MAPE = EZL(T 100), Eq. (4)
1 YN, (Yobs;— Yest;)?
d=1 YN . (Yest;— Y|+ |Yobs,— ¥])2’ Eq. (5)
c=rx*d, Eq. (6)

where n is number of data points, Xobs; is the observed value of X, Yobs; is the
observed value of Y, Yest; is the estimated value of Y, and Y is the observed mean
of Y.

4.2.5.4 Summary of the Methodology Used in This Study

[.]1;'_;;_;;;;;:;_‘
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[ Neura;‘lAl\hl:lt:;vorks J
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Figure 3. The flowchart of methodology used in this stud
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Data collection (Section 4.2.4 and 4.2.5), We next used several combinations of
inputs were used for FCO, and FO, (Section 4.2.5.2). Stage 1 and stage 2 (Section
4.2.5.1).

4.2.6 Results and Discussion

All the models generated by ANN and ANFIS were significant (p< 0.01) (Table
1). The architecture of the neural network is a key factor that influences the learning
time and performance of the network. The two models (i.e., MLPNN and RBFNN)
were compared. Note that in both stages of ANN processing (before and after SA),
the best-performing MLPNN for FCO, was obtained with a small reduction in the
number of neurons in its structure (ANN3), as compared with ANN1. This
characteristic is common to MLP networks.

In contrast, RBFNN generally requires a larger number of neurons and has a
tendency to use more parameters from the learning dataset (Boniecki et al., 2020).
Therefore, in this study, the RBFNN in both phases presented a more complex
architecture, requiring more neurons in the intermediate layer (ANN2) even after SA
(ANN4) using 17 variables to train the entire dataset.The RMSE and MAE evaluation
criteria indicate how close the data points are to the line of best fit. After SA, there
was a decrease in RMSE and MAE, and the estimates were better correlated (Table
1), ranging from (r) 0.78 to 0.79 at calibration and 0.59 to 0.74 at validation for FCO,
and from 76 to 86 at calibration and 0.40 to 0.67 at validation for FO.

According to (Hamedi and Dehdashti Jahromi, 2021), the choice of the best
network parameters is related to the smallest errors of calibration and validation and
the maximum of the coefficient of determination (R?), which describes how much of
the observed scatter is predicted so that an appropriate network size can be
determined. Figure 4 shows the results of the best estimates. In this study, the best
performance was observed for FCO,. The R? value ranged from 0.46 to 0.63, and
from 0.32 to 0.54, respectively calibration and validation.

During calibration, the values of FO, ranged from 0.15 to 0.59; during
validation, they ranged from 0.095 to 0.74. Both phases had high associated
perceptual errors. Regarding FCO,, according to Table 1, the RMSE, MEA, and
values were within the acceptable range; during calibration, they were below one.

The ANN4 showed better performance indices in terms of the R? and RMSE and was
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the most accurate model, with MAPE values indicating errors in 16% of the data
during calibration and 19 % during validation.The concordance index, which relates
the distance of the observed values from the estimated values of the standard model,
showed that during calibration the values were 0.86 0.88 ANN3 and ANN4. These
results corroborate the classification performance as “good” according to the
classification index (Camargo and Sentelhas, 1997a) for both ANNs. Regarding the
validation phase, the MLPNN presented a bad calibration (d = 0.75), whereas RBF (d
= 0.84) was good.

For FO,, all models showed inferior performance compared with those of
FCO,. Despite the low RMSE values for calibration (0.122 to 0.144), and validation
ranged from 0.079 to 0.133. There are high percentage errors associated with the
area at FO,, ranging from 51 to 86% in calibration and 61 to 90% in validation,
indicating a lower accuracy. We believe that the size of the dataset for neural-
network training (n = 176) affected the prediction ability of the ANNs. The FCO;
dataset is compact (n = 500). In an ANN, generalization, or the ability to respond
appropriately to previously unseen patterns, is influenced primarily by the size of the
training set and its representativeness with respect to estimation, problem
complexity, and ANN architecture (Haykin, 2001). Additionally, the observed FO,
values in the field are very low. In the original dataset, over the 193 study days, the
values ranged from 0.030 to 2.02 (mg m™ s, with a mean value of 0.371 mg m>-s™),
and in the soil, the temporal variability of oxygen mainly related to the frequency of
precipitation events (Liptzin et al. 2011). The diffusion of O in soil is conditioned by
its physical properties (Neira et al., 2015). MAPE is often used in model performance
evaluation because it is easy to understand (Myttenaere et al. 2016).

However, the very small values close to zero observed in the dataset present
a disadvantage, because in the calculation, MAPE divides the absolute error by the
actual data. Thus, values close to zero can significantly increase the MAPE. We
believe that this may have caused the values observed when training the ANNs of
FO,. Like the FCO, ANN, after reducing the dataset with SA, there was an
improvement in the correlation of the estimates. For FO,, the estimation using
MLPNN performed slightly better than the RBFNN.

When comparing the performance of the ANNs to ANFIS (Table 1, Figure 4,
and 5), the RMSE, MEA, and MAPE values indicate an inferior performance of the

ANFIS. In the ANFIS, the agreement index value in the FCO, estimate ranged from
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0.63 to 0.66 for the calibration and validation periods, indicating a low relationship
between observed and modeled values. The same was found for FO,, with values
ranging from 0.46 to 0.68. In both estimates, the phases (i.e., calibration and
validation) were classified as "bad" according to the classification index (Camargo
and Sentelhas, 1997a). The ANFIS obtained RMSE and MEA errors higher than
those of MLPNN and RBFNN. For the FCO, ANN, the RMSE values ranged from 1 to
1.18 pmol m? s and MEA from 1.22 to 127 pmolm™s™. These results indicate low
accuracy with coefficient of determination values equal to 0.19 and 0.16 for
calibration and validation phases, respectively. For FO,, the performance was also
poor in both validation and calibration. Despite the low RMSEs (0.11 to 1.12 mg m™
s1) and MEAs (0.13 to 0.19 mg m™?s™), validation and calibration respectively, those
observed for the FO, ANN had high MAPE values, reflecting a low accuracy of 55 %
for calibration and 88% for validation. We expected a better performance for ANFIS
compared with the two ANNSs, owing to the higher degree of robustness and fault
tolerance provided by the model. Owing to the complexity of FCO, and FO,
modeling, the limitation regarding the number of system inputs compromised the

estimation performance.



Table 1.Classification of performance of statistical performance indicator (Camargo; Sentelhas, 1997).

108

Soil CO, emission (umol m--s—")

r R**Y  RMSE MEA MAPE d Performance (c) F p valor
ANN1 MLPNN Calibration 0.76 0.579 0.906 0.935 0.187 0.846 0.643 Median < 0.0001
13-8-1:1 Validation 0.64 0.415 1.069 1.067 0.217 0.787 0.507 Bad 84.31 < 0.0001
ANN2 RBF Calibration 0.68 0.462 0.867 0.938 0.183 0.796 0.541 Sufferable < 0.0001
17-20-1:1 Validation 0.57 0.321 0.996 1.179 0.244 0.717 0.406 Bad 525 < 0.0001

Sensitivity analysis
ANN3 MLPNN
12-7-1:1 Calibration 0.781 0.590 0.886 0.845 0.168 0.861 0.663 Good 349.9 < 0.0001
Validation 0.592 0.350 1.148 1.115 0.239 0.758 0.449 Bad 64.63 < 0.0001
ANN4 RBF Calibration 0.796 0.634 0.875 0.818 0.167 0.88 0.701 Good 418.8 < 0.0001
17-46-1:1 Validation 0.742 0.540 1.015 0.966 0.198 0.848 0.629 Good 138.2 < 0.0001
O, influx (mg m=- s=)

ANNS MLPNN Calibration 0.387 0.150 0.156 0.144 0.717 0.612 0.237 Insufficient 14.12 < 0.0001

14-10-1:1 Validation 0.323 0.104 0.196 0.271 1.079 0.491 0.158 Insufficient 4.647 <0.01
ANNG6 RBF Calibration 0.452 0.204 0.093 0.109 0.607 0.646 0.292 Insufficient 21.3 < 0.0001

13-16-1:1 Validation 0.309 0.095 0.114 0.281 0.69 0.346 0.107 Insufficient <0.01

Sensitivity analysis

ANN7 MLPNN Calibration 0.769 0.591 0.142 0.142 0.516 0.855 0.658 Median 123.1 < 0.0001
13-11-1:1 Validation 0.677 0.458 0.133 0.139 0.616 0.793 0.537 Sufferable 69.43 < 0.0001
ANNS8 RBF Calibration 0.407 0.166 0.122 0.229 0.905 0.512 0.209 Insufficient 15.71 < 0.0001

10-3-1:1 Validation 0.861 0.741 0.079 0.147 0.861 0.517 0.178 Insufficient 5.231 <0.01

Soil CO, emission (umol m-2 s-1)
ANN9 ANFIS Calibration 0.43632 0.19 1.18734 1.2744 0.25857 0.66615 0.29066 Insufficient 776.80 <0.01
Validation 0.41002 0.16 1.02002 1.22425 0.25714 0.63716 0.26125 Insufficient  385.80 <0.01
O, influx (mg m-2 s—1)
ANN10 ANFIS Calibration 0.38544 0.14 0.12553 0.19891  0.55487 0.462 0.17807 Insufficient  6.414 <0.01
Validation 0.54245 0.29 0.11001 0.13441 0.81404  0.68359 0.37081 Insufficient 7.581 <0.01

r: pearson correlation coefficient : R“*? RMSE-Observation Standard Deviation Ratio; MEA; mean absolute error; MAPE; mean absolute percentage error;d,
agreement index
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Overall, it is interesting that in most of the models studied, soil temperature
and macroporosity formed part of the dataset in the calibration of the models, except
for ANFIS, which only considered soil temperature in the estimation of FO, and
macroporosity, and did not contribute to any of the estimates. Macroporosity is
related to the diffusion of CO, and O, gases into the soil, and the soil temperature is
a determining factor in the decay of organic matter (Yuste et al., 2007), with high
temperatures accelerating microbial and root activity (Silva-Olaya et al., 2013),
except in tropical soils (Adachi et al., 2006).

Although several studies have reported temperature and moisture as the
controlling factors on the temporal dynamics of soil respiration (Davidson et al., 1998;
Lal, 2009), in this study, soil water content did not contribute to the dataset during
model calibration. This observation may be related to the covariation that exists
between soil temperature, evapotranspiration, and precipitation, inhibiting the
determination of the individual effects of each variable (Wu et al., 2014)(Davidson et
al., 1995).

It is worth noting that although ANFIS did not incorporate soil temperature in
its calibration dataset to FCO,; solar radiation played an important role in this
estimation. Solar radiation and air temperature are among the main factors
influencing the variation in soil temperature (Reichardt and Timm, 2012), in addition
to soil water content and texture, and the surface area covered by leaf litter and plant
canopies (Paul et al.,, 2004). Moreover, ANFIS was the only model in which
evapotranspiration played an important role in the calibration dataset for the
estimation of FCO.,.

It is worth noting that, in addition to the physiological process of plant
transpiration, evapotranspiration is the result of physical processes such as energy
exchange between the earth's surface and the atmosphere, and is related to solar
radiation, soil water content, precipitation, and wind (Liang et al., 2010). We also
observed that only ANFIS was sensitive to the N stock in the model calibration
dataset for the estimation of FO,. In the soil, heterotrophic, anaerobic, and aerobic
microorganisms that consume oxygen are responsible for the mineralization of
organic N, which constitutes the process by which N becomes available to plants.
Thus, although the C stock did not contribute to the calibration of the dataset, it is
known that soil organic matter is closely related to the amount of soil N, and temporal

changes in the soil C and N stocks of reforested areas tend to show similar temporal
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patterns (Li et al., 2021). In addition, during the calibration of the ANFIS model for
FO, estimation atmospheric pressure was observed to be a highly sensitive model
parameter. The entry of oxygen into the soil occurs by diffusion and, as described by
Fick's law, is pressure dependent (Neira et al., 2015).

Studies conducted on various ecosystems and soils demonstrated good
correlations for FCO, estimation using physicochemical properties; for example, for
your study (Freitas et al., 2018) observed good MLP results with a backpropagation
algorithm for a sugarcane area situated in Brazil. The R? of the model was 0.91, with
a MAPE error of 18%. For ANFIS, (Canteral, 2020) determined an R? value ranging
from 0.53-0.71 and a MAPE error of 28.84-50.46% for tropical forest soils. However,
soil is a complex and spatially heterogeneous mixture of minerals, carbon stock,
roots, and microorganisms, and climatic factors such as precipitation and radiation
contribute to the formation of different microclimates that drive temporal variability in
soil respiration (Rubio and Detto, 2017). Therefore, comparing our results with other
estimates does not necessarily provide insight into the dynamics of respiration in our
ecosystem. Regarding oxygen consumption, thus far, we have not observed

estimates with machine learning for tropical soils.

4.2.6.1 Principal Component Analysis

We performed a PCA to aid in the temporal dynamic compression of FCO,
and FO; and identify the main factors involved in this process. The first three
dimensions of the analysis expressed 53.4% of the total dataset inertia, indicating
that 53.4% of the individual (or variable) cloud total variability was explained by the
plane. Generally, the best results are obtained when the original variables are highly
or inversely correlated (Manly, 2008). Moreover, the first component was the most
important of the 10 components (Figure 6).

However, since FCO, and FO, contributed more to the first two components,
we have only discussed the linear combinations of the variables in these two
components (Table 2 and Figure 7). According to Table 2, the variables that
contributed the most to PC1 in order of relevance are represented by SB (0.94), pH
(0.93), N stock (0.87), macro (0.59), C stock (0.55), clay (0.47), P (0.40), CEC (0.34),
FO, (0.26), inversely correlated H+AI (-0.87), Bd (-0.74), silt (-0.69), micro (-0.61),
sand (-0.24), and CN (-0.23). This selection of variables indicated that this process
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might be related to heterotrophic soil respiration, derived from the decomposition of
soil organic matter, influenced by the substrate quality, and controlled by the soll

physical characteristics.

100 -
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Figure 6. Decomposition of total inertia.

For PC2, the following variables were retained in order of relevance: Et, (0.89), Tar
(0.87), GSR (0.83), PAR (0.75), Ts (0.70), EVI (0.67), FCO; (0.51), and inversely
correlated Pam (-0.53), W (-0.20), and FO, (0.14). Despite the low explanation value
of the component, we believe that this process may be related to root activity (Tabl2).

In forest ecosystems, leaf litter is the primary source of organic matter. The
organic compounds in these plant residues are composed of carbohydrates with
different degrees of complexity, as well as lignin and polyphenol molecules, which
are resistant to decomposition. The quality of these molecules is expressed by the
CN ratio, and both the quality and quantity of the residues influence the dynamics of
dissolved organic carbon and nitrogen in the soil (Zhou et al., 2015). When
biochemical processes such as the decomposition of litter occur in well-aerated soill,
microorganisms consume oxygen and CO. is released. Moreover, nutrients such as
phosphorus, nitrogen, and sulfur are immobilized or released, which is fundamental
for the recycling of soil nutrients (Moreira and Siqueira, 2006). This was revealed by
the direct relationship between SB, CEC, P, and pH with FCO, (Figure7). Among the

abiotic factors affecting soil microorganisms, pH is an important factor in the
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formation, size, and distribution of soil microbial diversity ( Liu et al., 2014; Cao et al.,
2017), and also influences nutrient availability. In our study, the measured pH value

was 4.4, which is within the expected range for this soil (Moreira and Siqueira 2006).

Table 2. Correlation between FCO, and FO, with environmental variables

Principal component PC1 PC2 PC3
Explained variance (%) 23.9 16.5 13

Correlation

FCO, 0.10 0.51 -0.14
FO, 0.26 0.14 -0.02
Ts -0.05 0.70 -0.01
SWC 0.02 0.09 -0.11
P 0.40 -0.04 0.58
pH 0.93 0.01 0.01
H+.Al -0.87 -0.04 0.30
SB 0.94 0.02 0.08
CEC 0.34 -0.06 0.62
Macro 0.59 0.03 -0.37
Micro -0.61 0.02 -0.02
Bd -0.74 -0.08 -0.16
CStock 0.55 -0.03 0.82
NStock 0.86 0.01 -0.10
CN -0.24 -0.05 0.84
Sand -0.23 -0.01 0.71
Silt -0.69 -0.07 -0.16
Clay 0.47 0.04 -0.55
Tair -0.05 0.87 0.06
Pan, 0.04 -0.53 -0.06
GSR -0.05 0.83 0.06
PAR -0.04 0.75 0.06
ET, -0.05 0.89 0.06
Rain 0.01 -0.04 -0.02
w 0.01 -0.20 0.10
EVI -0.01 0.67 0.01

FCO; = soil CO, emission; FO2 = O, influx; Ts(°C) = soil temperature; SWC = soil
water content; ; P (mg dm-3) = soil P content; pH in CaCl, = hydrogen potential; H+Al =
potential acidity; sum of bases (K+, Ca2+, and Mg2+); CEC (mmolc-dm-?) = cation exchange
capacity; macro(m®-m=) = macroporosity; ;Micro (m*m™) = microporosity; Bd = bulk density;
(g dm-3); CStock =(mg ha ~); carbon stocks(mg ha ™); NStock (mg ha ') = nitrogen stocks;
CNr atio; Sand = sand content (g kg-'); Silt = silt content (g kg-1); Clay = clay content (g kg-
); Tam = temperature atmosphere; Patm (kPa) = atmospheric pressure; GSR (MJ-m-2-day-1)
= global solar radiation; PAR (umol-m-2); photosynthetically active radiation; (ETo),EVI =
enhanced vegetation index; Rain (mm); w = wind speed- w (m s™); ; EVI = enhanced
vegetation index.

In addition, during decomposition, rearrangements and formation of material that are

unaffected by microbial action may occur because of the dynamics of soil
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aggregates. This process alter the storage of C and N in the soil and in the humic
fractions of organic matter (Golchin et al., 1994); Reis Silva et al., 2016), reflecting

the temporal dynamics of FO, and FCOs,.
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Figure 7 . Biplot graph of environmental variables and soil characteristics.

In the ecosystem analyzed in this study, the temporal dynamics of FO, and
FCO, are more complex when compared with monoculture reforestation (Li et al.,
2012), mainly due to phenological differences. The mixed forest examined in this
study, constituting various colonizing plants and 21 species of trees with deciduous
or subcaducifolic species consisting of pioneer, secondary, and late species, is
characterized by substrates with different degrees of lability and seasonal variations
in plant residues (Davidson et al., 2006). The CN ratio of the study area revealed an
indirect association with C and N stocks, as well as FCO, and FO,, indicating that the
vegetation type significantly influences the temporal dynamics of soil respiration.

Physical factors influence both the quality of the residue and the transport of
gases in the soil (Brady and Weil, 2013). As mentioned previously, based on our
observations we believe that soil temperature was not a limiting factor in this study.

Moreover, studies on forest ecosystems suggest that autotrophic respiration is more
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sensitive to temperature than heterotrophic respiration (Makiranta et al., 2008; Chen
et al., 2017). Therefore, we did not consider the PC2 results anomalous since the
existing linear correlations in this PC indicate that FCO; is most likely a by-product of
root respiration. Moreover, considerable evidence exists to support the correlation
between the physiological processes of roots and photosynthetic activity(Tang et al.,
2005; Kuzyakov, 2010; Wang et al., 2010).

In addition, these studies also suggest significant correlations between the
hyperspectral vegetation indices, air temperature, and soil respiration, for which 82%
of the temporal variability of respiration can be attributed in broadleaved evergreen
and mature broadleaved deciduous forests (Wu et al., 2014). The low correlation
between the water content and both components can be explained by either
covariation with ETo or soil temperature (Davidson et al., 1998); Schwendenmann et
al., 2003) We believe that the high negative contribution of microporosity to PC1 is
related to soil compaction. Note that both microporosity and soil density have direct
and opposite associations with macroporosity. The physical characterization of the
area described in the methodology indicates a density value of 1.34 g dm™, which is
higher than the value expected for clayey soils (Arshad et al. 1996). It is known that
soil density influences the total porosity and distribution of pore sizes, influencing
water retention in the soil and hindering the process of gas transport in the soil by
consuming oxygen and CO; output from the soil into the atmosphere (Tormena et al.,
1998; Teixeira et al. 2012; Bicalho et al., 2014).

The biplot figure indicate substantiating information. Note that the vectors and
dispersion points of SWC, FO,, FCO,, clay C, and N stock participate in Group |,
located on the right side of the biplot. In tropical soils, latosols tend to be rich in clays,
which are directly linked to water availability; thus, water availability controls the
oxygen dynamics of these soils and may lead to periods when the O, demand
exceeds supply, influencing the dynamics of microbial community activity (LIptzin et
al., 2011). A possible group (Group Il), formed to the left of the bilpot, would be

predominantly related to the dynamics of soil gas transport, except for the CN ratio.

4.2.7 Conclusion

This study aimed to estimate the temporal variability of FCO, and FO of soil

attributes and environmental covariates. With a dataset consisting of 24 variables, we
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trained and compared two neural network architectures (MLP and RFB) for each
estimate (FCO, and FO,). The best estimates were observed in FCO, from neural
networks. A sensitivity analysis was used to select the most predictive variables.
After sensitivity analysis, the predictive ability of FCO, for MLPNN varied from R? =
0.35 to R? = 0.42) validation, while that for RBFNN varied from R? = 0.32 to R*= 0.54
validation. The best explanation of RBFNN occurred when the number of neurons in
the intermediate layer was increased. However, large errors were associated with the
estimation. FO, for MLPNN varied from R? = 0.10 to R? = 0.45 validation, while that
for RBFENN varied from R? = 0.09 to R? = 0.74 validation. The size of the FO,
database was not sufficient for the network to generalize the models.

For AFINS, we obtained an estimation of R> = 0.16 and R? = 0.29 for FCO,
and FO,, respectively. However, for FO,, there were large errors associated with the
models (MAPE = 21 to 85%). The input variable set for each model had a significant
variation when the variables were combined. Soil temperature and macroporosity are
good predictors of FCO,. The ANFIS model was very sensitive to N stock and
atmospheric pressure in calibrating and estimating FCO, and FO, respectively.
Principal component analysis showed associations between heterotrophic and
autotrophic respiration. FCO, was best correlated with variables that are linked to
root respiration, while FO, correlated with variables that are linked to heterotrophic
respiration. The quality of litters, which was expressed with CN ratio, is one of the
factors that control this dynamics. Given the complexity of the data obtained in this
study, neural networks outperformed ANFIs in both estimates (FCO, and FO,). New
studies and data mining analytics need to be tested. ANNs have the potential to

generate predictive FCO, and FO, models.
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CHAPTER 5 - MACHINE LEARNING MODELING IN THE TEMPORAL
VARIABILITY OF SOIL RESPIRATION IN PLANTED FOREST AREAS WITH
EUCALYPTUS, PINE, AND NATIVE SPECIES IN THE BRAZILIAN CERRADO

Graphical Abstract

Abstract - Changes in land and forest use influence the dynamics of soil organic
matter, altering soil respiration. Using four models of machine learning (neural
network, vector machine support, neuro-fuzzy inference system, and random forest),
we proposed to model the temporal variability of soil CO, emission (FCO;) and
oxygen consumption (FO;) in forests planted in the Cerrado, using
agrometeorological variables, soil, and enhanced vegetation index (EVI)
variablesThe neural and random forest networks provided predictive models to
explain the patterns of temporal variability of FCO, from climate, soil, and EVI
variables. The predictive performance was evaluated based on the mean absolute
error (MEA), root mean square error (RMSE), mean absolute percentage error
(MAPE), agreement index (d), confidence coefficient (c) and determination coefficient
(R?). Estimates of FCO, showed better predictive performance than FO, RBF neural
network was best estimate for FCO,. RBFNN is the best architecture (R* = 0.51,
RMSE = 0.97 pmol m™? s-!). MLPNN is the best architecture for FO, (R?> = 0.45,
RMSE = 0.94 mg m-°sY). ANFIS did not show good generalizability and presented
the worst performance, showing the highest errors and lowest accuracy (R? = 0.12,
R? = 0.28, respectively).Analyzing the performance of the two estimates, SVR-RBF
for FCO, performed better than SVR-RBF for FO, .The SVR-RBF for FCO; in the
calibration and validation phases presented similar values of the error indices and
coefficient of determination (R*> = 0.53 and R? = 0.50), calibration and validadtion
respectively. The RF for FCO; in the calibration and validation phases presented
values of the error indices: MEA (0.92 and 0.95 pmol m-?s-'), RMSE (1.04 to 1.27
pumol m-2s-1). The accuracy was R* 0.80 and R? 0.60 respectively. For FO,, the
performance was lower than that of FCO, The RMSE values for calibration and
validation were 0.101 (mg m™s™%) and 0.110 (mg m~2 s™%), with accuracy shown by
R?0.57 and 0.30. The type of forest influenced temporal variability in soil respiration.
We found that EVI soil temperature, solar radiation, macroporosity, and organic
matter were the variables that most influenced the two estimates. FCO, modeling
provides more predictive models than FO..
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5.1. Introduction

Land use and land cover change (LULCC) are considered the second
largest anthropogenic source of greenhouse gas (GHG) emissions. In recent years,
deforestation in the tropics and subtropics has intensified, especially in the Cerrado
biome in Brazil. This is motivated by the expansion of agricultural frontiers, especially
monocultures. The Cerrado is considered a global hotspot for biodiversity
conservation (Myers et al.,, 2000) with an area of approximately 2 million km2,
corresponding to approximately 24% of the Brazilian territory. The degradation of the
biome has led to the loss of carbon stocks (Cstock) in the aboveground and soll
biomass (Don et al.,, 2011), corroborating the emission of carbon dioxide to the
atmosphere and loss of biodiversity (de Espindola et al., 2021).

On the other hand, management practices such as reforestation can lead to
an increase in soil organic carbon (SOC) stocks and potentially mitigate high GHG
emission rates, especially in tropical regions (Pulrolnik et al., 2009). Forests play a
key role in the cycle of C and nitrogen (N). In the soil, the C balance is dependent on
the relationship between additions of photosynthesized C and losses to the
atmosphere (Gourlez de la Motte et al., 2016). Landscape changes, vegetation type,
canopy compositions, and stand age promote changes in substrate quantity and
quality, influencing the C and N fractions of organic matter (Kooch and Ghaderi,
2021) in the microbial community and influencing soil respiration (Rs) dynamics
(Alekseev et al., 2018; Wu et al., 2020).

Soil organic matter is the main source of energy for microorganisms and is
an indicator of soil quality and microbial activity (Doran and Parkin, 1994). In soil, the
decomposition of this organic matter, when promoted by aerobic microorganisms in
their metabolic process, consumes oxygen (FO,) and soil CO, emission (FCO,) (Luo
and Zhuo, 2006). Rs is the second largest component of carbon flux after
photosynthesis in the Earth's biosphere (Zhao et al., 2021); is a crucial ecosystem
process that releases C from the soil in the form of CO, (Liang et al., 2010); and can
be divided into autotrophic (root and associated mycorrhizae) and heterotrophic soil
respiration (R, and Ry, respectively), associated with microbial decomposition of
organic matter (Raich and Schlesinger, 1992.). It is correlated with climatic factors
such as solar radiation and air temperature and is highly sensitive to variables such

as precipitation, soil temperature, soil water content evapotranspiration (La Scala et
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al., 2003; Liang et al., 2010) LI et al., 2021), soil-related factors such as soil fertility
(Ward et al., 2017), physical attributes (Wang et al., 2003; Panosso et al., 2011),
oxygen (O,) availability (Ferraz de Almeida et al., 2018), and substantially with
variations in space and time (Han et al., 2018; Huang et al., 2020) Tang et al. (2015)
stated that the pattern of temporal variability of soil respiration in forested areas is
modulated by photosynthetic activity, and spectral vegetation indices (VIs) have been
used in these studies (Muraoka et al., 2013; Yan et al., 2020).

In recent years, artificial intelligence techniques combining different
algorithms have been successfully applied to model soil respiration (Farhate et al.,
2018; Freitas et al., 2018; Zhao et al., 2020), reducing the uncertainty of these
predictions (Liu et al., 2018). According to Shadrin et al. (2020), supervised machine
learning, such as support vector regression (SVR) and artificial neural networks
(ANN), is considered a promising and efficient tool for interpreting high variability and
nonlinear data, especially environmental data. The random forest (RF) algorithm is
widely considered one of the best methods for modeling complex interactions,
offering resistance to overfitting and relative robustness with respect to noise
features(Chagas et al. 2016).

One popular artificial intelligence is neuro-fuzzy technique which is a hybrid
combination of artificial neural networks (ANN) and fuzzy inference system (FIS)
Adaptive neuro-fuzzy inference system (ANFIS) (Buragohain and Mahanta, 2008).
ANFIS is a potent approach to modeling the input and output relationship in non-
linear and complex systems (Afroozeh et al., 2018), although, depends heavily on
the choice of process variables involved as well as the available data set and the
domain used for training purposes (Buragohain and Mahanta, 2008).

However, studies have focused only on CO, emissions from soil, and few
studies have modeled oxygen consumption, which is essential for soil respiration
dynamics. Thus, the study of models can assist in estimating FCO, and FO; in
Brazil’s tropical soils, where few studies of FCO, prediction using machine learning
algorithms are available. In this context, we hypothesized that environmental
variables, vegetation index (EVI), and soil attributes are effective in predicting the
temporal variability of soil CO, emission and O, influx using four machine learning
techniques. The objective of this work was to evaluate the predictive performance of
artificial neural networks (ANNSs), using three different architectures (general

regression neural network (GRNN), multi-layer perceptron (MLPNN), and radial basis
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function (RBFNN), support vector regression (SVR), radial basis function kernel
(RBF), adaptive neuro-diffuse inference system (ANFIS), and random forest (RF) to
model the temporal variability of FCO, and FO, in planted forest areas in the

Brazilian Cerrado.

5.2 Materials and methods
5.2.1 Data used

The temporal variability datasets of soil respiration and oxygen consumption
used in this study were from two field studies conducted in adjacent areas of forests
planted with Eucalyptus camaldulensis (EUC), Pinus caribaea var. Hondurensis (Pl),
21 native species (NS), and Brazilian Cerrado (Table 1 of Supplementary Material).
The first study was conducted between November 2015 and May 2016, totaling 193
studies (Vicentini et al., 2019). The second study was conducted from March 2017 to
October 2018, with a total of 273 evaluation days (Ramos, 2018).

5. 2.2 Site description

The areas are localized in the municipality of Selviria, Mato Grosso do Sul,
Central Brazil, (20° 20' 53.41" South, 53.41" South and 51° 23' 55.50" West, altitude
354 m) (Figure 1). The climate of the region was classified as CldAa' by the
Thornthwaite system (De Souza Rolim et al., 2007), with a mean annual temperature
of 23.5 °C, mean annual rainfall of 1,300 mm, and relative humidity between 70%
and 80%. The local soil was classified as dystrophic Red Latosol (LVd) based on the
Brazilian Soil Classification System (Embrapa , 2018). The relief was characterized
as moderately flat and undulating.

In the early 1970s, the policies and projects of land use and occupation by the
rulers of the country accelerated the deforestation of native vegetation throughout the
state of Mato Grosso do Sul. Reforestation occurred only in 1986 in the three areas

investigated (Figure 2).
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Figure 1. Location of the experimental area in Selviria, Mato Grosso do Sul (MS),
Brazil. SIRGAS - Geocentric Reference System for the Americas and IBGE -
Brazilian Institute of Geography and Statistics. The satellite images were obtained by
Google Earth.
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Figure 2. A timeline with the history of the area

5.2.3 Environmental data and Soil sampling and analysis of physico—chemical

properties of soils

The meteorological data (precipitation (PP- mm); wind speed- w (m s™);
evapotranspiration by Penman_Monteith (ET, - mm day™); photosynthetically active
radiation (PAR - pmol m-?s™); global radiation (RSG - MJ m? day™); atmospheric
pressure (Pam - Kpa) and air temperature (Tam-°C), were obtained at

http://clima.feis.unesp.br/index.php. MODIS-EVI data were obtained using SATVeg -

Temporary Vegetation Analysis System, developed by Embrapa Informatica


http://clima.feis.unesp.br/index.php

130

Agropecuaria. MODIS images used for SATVeg development were obtained from the
LP DAAC Data Pool (http://lpdaac.usgs.gov). These images are composed of the

maximum value of the vegetation indices every 16 days. The spatial resolution of the
MODIS sensor for the product used was 250 m. To minimize the effects of the noise
of the time series, the data were obtained by pre-filtering and filtering available in the
tool. The Savitzky—Golay filter was selected.

Soil samples were obtained at a depth from 0.0 to 0.10 m. Subsequently,
based on the methodology proposed by (RAIJ et al., 2001), the following were
determined: concentrations of soil organic matter (MOS), phosphorus (P), calcium
(Ca), magnesium (Mg), potassium (K), and aluminum (Al); potential acidity (H + Al) at
pH 7.0 and pH (CaCly); cation exchange capacity (CEC); and base sum (SB).
Physical analyses of soil density (Bd), macroporosity (macro), microporosity (micro),
and granolumetric analysis (sand, silt, and clay) were performed based on the
methodology proposed by Embrapa (1997).

5.2.4 Measurements of soil respiration, soil temperature, soil water content and

Oxygen Uptake

Soil respiration was measured using an LI-8100 portable system (LI-COR,
Nebraska, USA), description in (Panosso et al., 2011; de Araujo Santos 2019). In
each area, 25 sampling points (repetitions) were installed with polyvinyl chloride
(PVC) collars (diameter, 0.10 m; height, 0.085 m; depth, 3 cm). In all areas,
evaluations were performed on the same day and in the morning (07:00 AM to 12:00
PM). In addition to soil respiration, we measured the soil temperature and soil water
content. The soil temperature was measured using a digital thermometer at a depth
of 0.12 m. The soil water content was determined based on the estimated dielectric
constant of water, using a portable TDR-Campbell® system (Hydrosense TM,
Campbell Scientific, Australia), which comprised a probe with two 0.12 m rods
inserted into the soil near the PVC collars (Ramos et al., 2018; Vicentini et al., 2019).

To determine the O, uptake in the soil, 10 points in each area were selected
using a portable UV flux (0%—-25%) sensor (CO,Meter, Inc., Ormond Beach, FL,
USA). The soil O, influx was calculated using Equation (1), where the atmospheric
pressure, air temperature, and chamber volume were considered. Further information

is available in the paper by (Ferraz de Almeida et al., 2018)


http://lpdaac.usgs.gov/
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Fo,0) = 9%/, Eq. (1)

where FO2(t) is the amount of O, measured in time, and dO, is the change in
concentration in relation to the unit of time (dt) on the surface area of the collar (A)
(Jassal et al., 2012; Giacomo et al., 2014).

The initial concentrations of the readings were obtained in parts per million (ppm).
The volume of the PVC camera was equal to 0.00066 m®, with an area equal to
0.008 m?. The volume measured using the sensor (ppm) was converted to mol of O,

by using the ideal gas equation as follows
P(AV) = (An)RT Eqg. (2)

The soil FO, rate (dO,/dt) was calculated via linear interpolation of the concentration
values as a function of time, taking into account the atmospheric pressure,
temperature and volume of the gas trapped in the chamber, using FO, (Ferraz de
Almeida et al., 2018)

_1) _ 40, 10~°pPM

-2
FO,(g.m*s — H Eqg. (3)

where dO2/dt is the amount of O, (ppm) measured at time t (s); ris the atmospheric
pressure (Pa); M is the O, molar mass (g m™); R is the universal gas constant (8.31
J mol™ K™); T is the absolute temperature; (K) and H=V/A:the ratio of the volume
(V) = 0.00066 m® to cross-sectional area (A) = 0.008 m? of the camera above the

ground (soil surface). ((Ferraz de Almeida et al., 2018; Vicentini et al., 2019)
5.2.5 Statistical Analysis
In this study, the database of dependent variables for modeling FCO2

comprised (n = 2125) observations and FO, (n = 78). To obtain better estimations of

FO,, we worked with the average values of oxygen consumption. Therefore, our data
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set only had 78 observations, referring to the evaluations between 11/07/2015 and
15/07/2016. The average FCO; value in the database ranged from 2.98 (umol m?s™)
in the pine forest to 5.61 (umolm™s™) eucalyptus forest. For FO, value ranged from

0.15 (mg ms™) for in pine forest at 0.37 (mg m™s™) for the native species (Table 3).

Table 3. Mean and coefficient of variation of soil CO, emission, oxygen uptake, soil
temperature, and soil water content in planted forest area. Source: Ramos (2018)
and (Vicentini et al., 2019)(adapted).

FCO, CV FO, CVv TS CV CAS Ccv Referéncia
Eucalyptus 396 a 48 0.19 ab 58 24 b 85 555 B 60
(Ramos, 2018)*
Pinus 298 b 51 015 b 40 24 b 99 594 B 61
Eucalyptus 561 a 38 037 a 85 27 a 3.8 10.67 A 41
Pinus 406 b 38 037 a 87 26 a 5 11.57 A 33 (Vicentini et al. 2019)**
Native species 553 a 33 037 a 93 26 a 5.1 1562 B 33

FCO,: soil CO, emission (umol m? s%);FO, - Oxygen Uptake(mg m™s™);Ts=doil
temperature(°C); soil water content(%)CV: coefficient of variation (%). FCO2=N: 20 e FO,-
N:10;** FCO,=N: 25 e FO,- N:10 Means followed by the same letter (lower case) in the
columns do not differ (Tukey test; p < 0.05).

Table 4. Average of chemical and physical soil attributes in 0-0.10 m layer in
Eucalyptus, Pinus and Native Forest areas.

Eucalyptus Pinus Native species CV(%)
Atributos
P (mg dm?) 6.52 + 0.50 a 6.32+0.51 a 6.16 + 0.46 a 2453
SOM (g dm™) 29.76 +1.12 a 20.04 +0.56 c 25.2+0.59 b 1474
pH (CaCl2) 4,31 +0.07 a 4.00 + 0.02 b 4.44+ 0.05 a 6.7
SB (mmolc dm -3) 25.98 + 3.75 b 8.56 +0.52 c 33.06+289 a 188
CTC (mmolc dm -3) 86.99 + 3.10 a 83.91 +3.63 a 82.98 +1.76 a 14.74
Al+3 (mmolc dm -3) 5.88 +0.93 a 13.92 £0.94 b 5.88 +0.93 a 37.92
Macro (m3 m-3) 0.08 + 0.006 a 0.042+0.003 b 0.049+0.007 b 5227
Micro (m3 m-3) 0.31 + 0.006 ¢ 0.368+0.004 b 0394+0.006 a 7.39
Bd (g dm-3) 1.47 £0.02 b 157 £0.01 a 1.34+0.01 c 654
Sand g kg -1) 610.94+988 b 648.27 +524 a 54238+5.19 ¢ 5127
Silt (g kg —1) 56.471+1.70 a 25.76 +3.66 b 65.21 £+2.77 a 3213
Clay (g kg -1) 33258+9.38 b  325.95+6.52 b 39239 +6.00 a 9.67

N = 25; Means followed by the same letter (lowercase) in the columns do not differ by
Tukey's test (p <0.05), P= phosphorus; SOM= soil organic matter; pH = hydrogen potential;
Al = exchangeable aluminum concentration; Macro= macroporosity; Micro = microporosity;
Bd = bulk soil density; sand content; silt content; clay content and CV= coefficient of
variation. Source: Ramos (2018); Vicentini et al., 2019 (adapted).
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5.2.6 Principal Component Analysis (PCA)

PCA was used in the preprocessing stage to extract the most important
patterns of temporal variability in soil respiration such that the dataset dimension can
be reduced. Variables with a higher power of contribution in the components were
selected as inputs: neural networks (ANN); support vector regression (SVR); ANFIS;
and random forest (RF). In this study, we used 22 variables, including FCO, and FO,,
as inputs in PCA. PCA was performed using R software (version 4.0.2; R Core Team
2019, R Foundation for Statistical Computing,Vienna,Austria), using the R packages
FactoMinerR (Le, Josse, and Husson, 2008), and factoextra (Kassambara and
Mundt, 2017).

5.2.7 Artificial Neural Network (ANN)

An ANN can assimilate the main patterns of information within a
multidimensional information domain (Kalogirou et al.1999.) and perform predictions
during its learning process., The mathematical neuron (Figure 4) receives one or
more information (input signals-independent variables) from other sources and then
performs nonlinear operations, which results in only one output signal (dependent
variable), and an algorithm maps the input space to the output space (Kalogirou et
al.1999).

Figure 4. Model of neural network and McCulloch—Pitts-type artificial neuron
[adapted from (Haykin, 2001) and from (Vendruscolo et al., 2017).

This model comprises three basic elements:
a set of n input connections (x1, X2, .... xn) characterized by weights (w1, w2,...wn);

- an adder (}) to accumulate input signals;
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- an activation function (¢) that limits the allowable amplitude range of the output

signal (y) to a fixed value.

The architecture of the ANN reflects the manner in which the neurons are
structured, both in terms of the number of layers and number of neurons in each
layer. The RBF neural network has a single hidden layer, in which the neurons
therein constitute only the radial basis function (RBF). Its learning can be performed
in two distinct and independent stages: unsupervised and supervised clustering
(Schwenker et al., 2001). They are considered hybrids. The most typically used radial
basis is the Gaussian function (Haykin, 2009). Eq. (4)

(-3

(V) = e\ 20°

OndeV = ||x —t||

X: input vector Eq. (4)
t: center of radial function

o: width of radial function

Unlike RBF neural networks, multi-layer perceptron (MLP) comprise an input
layer, one or more hidden layers, and an output layer. They are trained using the
backpropagation algorithm, which is one of the most widely used algorithms for
training nets. This algorithm iteratively adjusts the weights to reduce the error
between the actual and desired network outputs (Kalogirou et al.1999).

The activation function used in this study was the sigmoid (logistic) continuous
function, also known as the “S-shape,” as it is the most typically used function in this
area. Eq. (5).

This function assumes a continuous range of values from zero to one. According to
Haykin et al. (2009), the activation function, which is denoted by ¢(.), defines the

output of a neuron based on the input activity level.

o) = TrexpP? Eq. (5)

where @(v) is the sigmoid activation function, and p is the slope of the function. By

varying p, sigmoid functions for different slopes can be obtained.
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One hundred MLPNNs and 100 BRFNNs were trained for each prediction of
FCO, and FO,. In all ANN models, 70% and 30% of the data were used for
calibration and validation, respectively. The training and validation data were
randomly selected using the program. All ANN architectures were developed using
the Intelligent Problem Solver (IPS) tool of Statistica®, software, version 7.0.
(StatSoft Dell Software Inc., Tulsa, Oklahoma). The IPS module replaces the
traditional heuristic process of an ANN design with interleaved search algorithms,
and it determines the selection of inputs (if necessary), number of hidden units, and
other key factors in the network design (Landeras et al., 2008).

The IPS evaluates the most predictive variables and selects the optimal
number of neurons per layer to avoid underfitting. When the number of neurons in
the hidden layer is small, may not be sufficient, whereas an overfitted network due to
an excessive number of neurons may cause the training data to be memorized. In
this study, the IPS mode was configured to return the 10 ANNs with the smallest root
mean square error (RMSE), presented randomly by the program; subsequently, the
best one from each architecture was selected. The criterion to stop the calibration
algorithm was a total number of cycles of 100, or when the mean square error was
less than 1% (Haykin, 2001). During the training of the ANNSs, the IPS performed a
sensitivity analysis, which aimed to classify the variables that affected network

training the most.

5..2.8. Regression by Support Vector Machine (SVM )

The SVR is a supervised machine-learning algorithm for solving classification
and regression problems (Drucker et al., 1997). It is popularly known as a nonlinear
method that refines its structure based on the input data. As described by (Ghorbani
et al., 2017), for certain training data represented by (x1, y1); ...; (XN, yN), where x is
an input vector and y is a corresponding output vector, the regression function of the

SVM can be expressed as

f(x) = w.(x) + b, Eq. (6)

where w is a weight vector, b a bias, and ¢ a nonlinear transfer function. The purpose

of ¢ is to nonlinearly map the input vectors to a high-dimensional feature space by



136

(Ghorbani et al., 2017). Readers are referred to (Drucker et al., 1997) for more
details.

The accuracy of the SVR model with RBF depends on the selection of parameter C
(cost) and positive regularization, which correspond to the weight parameters in the
optimization problem for minimizing the empirical error. From the training penalty
variable € (epsilon) and the kernel parameter y (gamma), For the two models (FCO,
and FO,), the algorithm was executed using Statistica®, software, version 7.0.
(StatSoft Dell Software Inc., Tulsa, Oklahoma)

Tipo | (e-SVM para regresséo ou €-SVR)

“WTW + C P (68) Eq. (7)

yi—WTp(x) —b < e+
WT¢)(XL') +b— Vi < €+ El*, Eq (8)
§é/=20,i=1,..,n

where C is the regulation term, w is the vector of parameters, b is a constant, and ¢_

is the error clearance variable outside the acceptance margin.

The kernel selected was the RBF. The SVM package performs an automatic
adjustment by cross-validating the parameters (¢; and €). The cross-validation
algorithm had a capacity constant C value, which was estimated to be 1. The
maximum number of iterations selected was 100, with an error of 0.001. Hence, the
different configurations were evaluated for the prediction of FCO, and FO,, and the
best performances were selected based on the following statistical indicators:
correlation coefficient (r), MSE, and RMSE. An analysis of variance of SRVs was
performed using the F-test (0.01 probability level), and the statistical measures were
evaluated by R software (version 4.0.2; R Core Team 2019, R Foundation for
Statistical Computing,Vienna ,Austria), using the R packages Metrics(Ben Hamner

[aut, cph], Michael Frasco [aut, cre], Erin LeDell [ctb]).

5.2.9 Adaptive Neuro-Fuzzy Inference System (ANFIS)
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Fuzzy theory is an algorithm inspired by human-life decision-making and has
gained popularity among researchers in different fields (Chen et al., 2017). The
ANFIS is a hybrid model based on the combination of an ANN (typically an RBF
neural network) and a fuzzy logic system; one of its main advantages is its ability to
capture the benefits of both models in a single framework (Hipni et al., 2013). The
ANFIS applies neural learning rules to identify and adjust the parameters and
structure of a fuzzy inference system (FIS) (Jang, 1993; Laib et al. 2017), therefore,
it can yield models with better results than an FIS alone in solving nonlinear
problems.

The most important feature that distinguishes an ANFIS from an ANN is that
the former uses a set of “If... then...” fuzzy rules. To exemplify the operation of an
ANFIS, a first-order Sugeno fuzzy model is presented herein. As described by
(Teimouri and Baseri, 2014), we assume an FIS with (m inputs) and an output (y) (as
shown in Figure 5); this inference system is composed of five layers, and each layer

comprises several nodes.

Eamara] Camada4

Al Camada2  Camada3 Xy

Figure 5. ANFIS structure with two inputs and one output. [adapted (Khosravi et al.,
2018).

e The first layer is the fuzzification layer, in which the signal obtained from each
node is transferred to the other layer. The nodes in this first layer are adaptive,
which implies that the outputs of the nodes depend on the parameters
belonging to these nodes and are known as premise parameters. (Shu and
Ouarda, 2008):

e The second layer obtains the rule with the degrees of pertinence, and each
node output demonstrates the fuzzy rule firing strength.

e The third layer calculates the normalized activation degree; each node in this
layer is a fixed node labeled N.
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e The four layer performs defuzzification; the output value for each rule is
calculated from the value of the previous layer.

e The fifth layer calculates the overall output by summing all input signals.

In the ANFIS, the input membership function is “gaussmf,” and the output
membership function is “linear.” R software (version 4.0.2; R Core Team 2019, R
Foundation for Statistical Computing,Vienna,Austria), using the R packagesfrbs:
Fuzzy Rule-Based Systems for Classification and Regression Tasks. Riza LS,
Bergmeir C, Herrera F, Ben\'itez JM (2015).

5.2.10 Random Forest Regression

Random Forest models, which are tree-structured models, are used for both
classification and regression (Breiman, 2001). It combines predictor (forest) trees that
are generated from a random, independently sampled vector with the same
distribution for all trees in a forest (Horst-Heinen et al., 2021). To construct a
regression tree, the explanatory variables are partitioned based on their similarities
and dissimilarities (Wang and Witte, 1997), and the final result is based on the
average of the results of all trees (Chagas et al., 2016). This is a nonparametric
statistical learning technique. Sena et al., (2021), described the Classification and
regression by randomForest as reported (Liaw and Wiener (2002): During learning,
three hyperparameters must be optimized: the number of trees (ntree), minimum
amount of data in each terminal node (node size), and number of variables tested in
each tree (mtry). The analysis was performed in Python 3.6, Jupyter Notebook and
the library scikit-learn's sklearn ensemble for the development of a random forest

regressor model (version 0.21) (http://scikit-learn.org/stable/modules/ensemble.html).

5..2.11 Statistical Measures of Performance Evaluation of Different Models

For each machine-learning method used in this study, the performance was
evaluated using the following statistical indicators: r (9), coefficient of determination
(R%) (10), RMSE (11), mean absolute error (MAE) (12), and mean absolute
percentage error (MAPE) (13).


http://scikit-learn.org/stable/modules/ensemble.html
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Note that on, Onp are, respectively observed and estimated value, n and estimated

value, n number of observations,, or, onp predicted mean values.

5.2.12 Summary of the Methodology Used in This Study
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Figure 6. Diagram illustrating techniques investigated for predicting soil CO;

emission (FCO,) and oxygen uptake

(FOy).
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.5.3 Results
5.3.1 Principal Component Analysis

The major principal components explained 31.3% (PC;) and 20.14% (PC,) of
the total variance of the original data (Figure 7), thus together explaining 51.44% of
the original variance (Table 5). PC; had the highest percentage of explained
variance. The variables that contributed the most to this component in order of
relevance were SOM (0.97), SB (0.92), m (-0.87), Macro (0.84), Micro (-0.74), Silt
(0.74), P (0.70), and FCO, (0.50). The relationships between these attributes and
CP1 may be characterized as reflecting the processes associated with the production
and transport of CO,. Regarding CP,, the following variables were retained, in order
of relevance: RSG (0.88%), ETo (0.88%), PAR (0.82%), Tam (0.76%), EVI (0.65%),
Ts (0.63%), and FO, (0.44%). PC, is related to climatic variables, biophysical ET,,

soil temperature, and FO,.
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Figura 7: Biplot of the principal components
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Table 5. Correlations between soil attributes, climate variables, and spectral indices
EVI, FCO,, and FO, and the first two principal components (PC; and PC,) in forest

areas.

Principal Components CP, CP,
Variance explained (%) 31.3* 20.14*
Correlation

FCO, 0.50 -0.27
FO, 0.06 0.44
Ts 0.17 0.63
swcC -0.10 0.40
Tair 0.06 0.76
Patm 0.03 -0.58
GSR 0.10 0.88
PAR 0.01 0.82
ET, 0.07 0.88
P 0.70 0.03
SOM 0.97 0.01
pH 0.77 -0.22
SB 0.92 -0.07
CEC 0.65 0.14
m -0.87 -0.03
Macro 0.84 -0.17
Micro -0.74 0.19
BD -0.06 -0.09
Sand -0.12 -0.17
Silt 0.74 0.12
Clay -0.17 0.15
EVI 0.09 0.65

Analysis ACP 1 and ACP 2 with the meteorological variables: Tatm (°C) = atmospheric temperature;
Pam (Kpa)= atmospheric pressure; GR(MJ m* day'l) = global radiation; PAR(umoIes/mz) =
photosynthetically active; ET, PN-M (mm/day) = evapotranspiration Penman Monteith. Physical and
chemical soil attributes: Ts (°C) = soil temperature; SWC (%) = soil water content. Covariates in
(mmolc dm-*), CEC= cation exchange capacity; SB = base sum. P (mg dm-°) = exchangeable
phosphorus; SOM (g dm-) = organic matter; pH (CaCl,) = hydrogen potential; m (%) = aluminum
saturation. Covariates in (m>m-%), macro= macroporosity; micro = microporosity; Bd (g cm™) = soil bulk
density. Covariates in (g Kg™), Sand = sand content; Sil = silt content; Clay = clay content. EVI =
spectral index (enhanced vegetation index); FCO2 (umol m'zs'l), CO, emission from soil, FO, (mg m-
2s-l), O, uptake in pine (PI), eucalyptus (EU) and native species (NS) areas.
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The biplot graph (CP; and CP»; Figure 6) indicates the existence of two
groups; thus, we characterized the variables that most discriminated them. Group |,
on the right side of the biplot with greater dispersion, was represented by the
eucalyptus forest. With the exception of aluminum saturation and microporosity,
which characterize the pine area, the attributes retained in CP; characterize the
eucalyptus area. Group Il, located on the left side of the biplot, consisted of two
subgroups of native species: (ll-a), represented by the clay fraction and content of

water, and pine forest (l1b).

5.3.2 Neural Networks

Based on the results of the PCA, the following variables were used as inputs
for the models in the estimation of FCO, and FO;: soil temperature; atmospheric
pressure; solar radiation; photosynthetically active radiation; evapotranspiration; EVI;
soil organic matter; macroporosity; microporosity; pH; aluminum; saturation bases;
phosphorus; cation exchange capacity; silt; SWC. Although the contribution of soil
water content was low under PCA, we included this variable in the training data set of
all ANNs because soil water content is an important factor that controls the diffusion
of gases in the soil and is essential in soil and root biological processes. In addition,
we added the forest management type (trat) as a predictor variable in the estimation
of FCO, and FO; in the neural networks. Thus, the data set constitutes 17 input
variables for the models. Several RBF and MLP networks were trained to predict
FCO; and FOs.

Table 6 presents the best results for each estimate. Different combinations of
input variables were tested using ANN. The best calibration results were observed
when 16 variables were maintained as inputs of the models, thus evidencing the
importance of these variables in the learning process of ANN in the prediction of the
temporal variability of FCO, and FO,, and the large number probably reflects the
heterogeneity of the database. All ANN models studied were significant (p < 0.01,;
Table 6). The best performance was observed for ANN 4 with FO, (Figure 7).

In the calibration phase and validation the ANN-FCO, presented MEA indices
with values ranging from 0.93 to 1.056 pmol m™ s™* and 1.021 to 1.086 umol m s,
respectively. The MEA value best serves for comparing different models because it

reflects the ability of the network to predict the correct output. Regarding the
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accuracy of the models, all showed good correlation with values in calibration (r =
69.0 to 78.0) and validation (r = 0.67 to 0.78), respectively. Figure 7 presents a
performance graph for the validation phase.In addition, RBFNN was more accurate in
estimating the temporal variability of FCO, (R* = 0.60; R?> = 0.51), calibration, and
validation with the lowest absolute and percentage errors (MAPE = 21.91 and
26.29%), calibration and validation respectively. The values for MLPNN were R? =
0.48, R?* = 0.44, with (MAPE = 28.65 and 30.75%), calibration and validation
respectively, indicating that there were more errors associated with this model. For
the two ANNSs, in validation, the differences between the predicted and observed data
1

were low, as indicated by the variation in RMSE from 0.940 to 0.970 pymol m™2 s~
(Figure 8).
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Figure 8: Validation performance plots of soil CO, emission (FCO;) and Oxygen
Uptake (FO,). Coefficient of determination (R?); mean absolute percentage error
(MAPE); square root of the mean error (RMSE). a) ANN1: FCO, —RBF; b) ANN2:
FCO, — MLP; c) ANN3: FO; - RBF; d) ANN4: FO, - MLP.

The major difference between RBFNN and MLPNN lies in the transfer function
inside the hidden layer (sigmoid tangent in MLP, Gaussian in RBF). For this dataset,
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the RBFNN structure showed advantages in the learning process resulting in a better
generalization of the model. The sensitivity analysis investigated the most effective
variables at the entrance of the ANNs. For the RBFNN, the analysis indicated: Trat,
Ts, RSG, Macro, EVI, SOM, PAR, pH, Micro, SB, m, P, Silt, Pam.

As we can observe from the 18 input variables, 14 were necessary to predict
the temporal variability of FCO, emphasizing the complexity of modeling this
variable. Temporal variability is the result of production by biochemical processes and
transport to the atmosphere. The physical characteristics of soils thus influence this
dynamic.

For FO; in the calibration, the ANN presented MEA indices with values ranging
from 0.045 to 0.069 mg m™2 s and validation, 0.068 to 0.091 mg m™ s,
respectively. indicating the "better”" (i.e., vs. RBF) performance of the MLP (Table
6).The ANNSs of FO, presented better correlation values than did those of FCO, with
values of r ranging from 0.74 to 0.92 for calibration and 0.72 to 0.77 for validation. In
the validation, the ANN presented similar low RMSE values (0.06 to 0.08 mg m™2 s™;
Figure 8). MLPNN gave the best estimates for FO,, unlike the FCO, model. The
adjusted R%¥ values indicated an precision of calibration and validation (R? = 0.83,
R%4 = 0.57, respectively) and low associated errors MAPE (23.58%) in validation,
indicating that this network can adequately calculate the output for an input that is not

present in the learning process
5.3.4 Support Vector Regression

The set of variables for the calibration of the FCO, model comprised the
variables found to be most significant under the sensitivity analysis of ANN BRF
training: T, Ts, RSG, Macro, EVI, MOS, PAR, pH, Micro, SB, m, P, Silt, and Pym, for
a total of 14 variables.

However, to calibrate the FO, and improve the performance of the model, we
need to add Pym to the training data set by the trial error method. The performance
criteria of the SVR model for the training and test datasets are listed in Table 4. The
SVR-FCO; and SVR-FO, models were significant (p < 0.01). To improve the choice
of appropriate values of hyperparameters, k-fold cross-validation was performed by
subdividing the dataset into k random training subsets. The search grid shows the

optimal values of the parameters for SVR.
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In this study, the radial basis function (RBF) is used as the basic kernel
function of SVR. Thus, for all SVR models with the RBF kernel function in this study,
the parameters (C) had values of 1 and € = 0.1. For FCO,, the optimal value of
parameter was y = 0.25, and for FO, y = 0.46.

The SVR-RBF for FCO; in the calibration and validation phases presented
similar values of the error indices: MEA (1.069 and 1.058 pmol m™ s), RMSE
(1.072 to 1.109 ymol m™2 s™%), and MAPE (13.40% to 25.45%; Table 7). Regarding
precision, it showed correlation coefficients (r = 0.72 and r = 0.71) and coefficient of
determination (R%*adj = 0.53 and RPadj = 0.50), calibration and validadtion
respectively.

SVR-RBF for FO, performed better in calibration. MEA values ranged from
0.053 to 0.078 mg m™2 s™* for calibration and validation, and the RMSE presented
similar errors in both phases (0.05 and 0.06 mg m™s™%). The MAPE values ranged
from 21.23 to 23.57, indicating the good accuracy of the method. . The adjusted
R%adj values indicated an precision of calibration and validation (0.76 and 0.48)
respectively. Analyzing the performance of the two estimates, SVR-RBF for FCO,
performed better than SVR-RBF for FO,
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Table 6. Performance indices for prediction of soil CO, emission and oxygen uptake

Soil CO, Emission (umol m™? s™)

Architecture r MEA MAPE R%.adj F p-value
ANN1 RBENN 14-210-1 Calibration 0.78 0.933 21.91 0.606 977 <0.001
Validation 0.72 1.021 26.29 0.512 481 < 0.001
ANN 2 MLPNN 11-10-4 Calibration 0.69 1.056 28.65 0.483 899.5 <0.001
Validation 0.67 1.086 30.75 0.449 371.3 <0.001

Oxygen Uptake (mg m?s™)

ANN 3 RBFNN 14-90-1 Calibration 0.74 0.069 22.44 0.531 32.04 <0.001
Validation 0.72 0.091 36.28 0.483 15.93 <0.001
ANN 4 MLPNN 14-13-7 Calibration 0.92 0.045 21.11 0.836 199.6 <0.001
Validation 0.77 0.068 23.58 0.572 22.37 <0.001

r = Pearson correlation; RMSE = root mean square error; MAPE = mean absolute percentage error; MEA = mean absolute error,
R?.adjusted

Table 7. SRV metrics in predicting soil CO, emission and oxygen uptake

Soil CO, Emission (umol m™2s™)

R RMSE MAPE MEA R®.adj F p-value
SVR_RBF Calibration 0.730 1.072 13.40 1.069 0.53 1561 <0.001
Validation 0.710 1.109 25.45 1.058 0.50 473.5 <0.001

Oxygen Uptake (mg m™2s™")

SVR_RBF Calibration 0.807 0.05 21.23 0.053 0.76 134.8 <0.001
Validation 0.690 0.06 23.57 0.078 0.48 16.52 <0.001

r = Pearson correlation; RMSE = root mean square error; MAPE = mean absolute percentage error; MEA = mean absolute error,
R?.adjusted
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5.3.5 Neuro-Diffuse Adaptive Inference System

From the set of 16 variables selected using PCA, we selected the best ones for
training the models using a trial-error approach. However for the FO, estimate, we
noticed that when we added wind velocity (w) to the training data set, the variable
helped improved performance the FO, estimation performance. Although wind
velocity was not part of the PCA, the variable was part of the meteorological data
proposed for modeling FCO, and FO,.The FCO, dataset comprised Ts, SWC, EVI,
and GSR, and the FO, dataset comprised ET,, w, GSR, Ts, SWC, and pH. The
quality of adjustment of FCO, was very similar for the calibration and validation
phases, as observed by the MAPE value of 30% (Figure 9 and Table 8).

Calibragdo_FCO2

R?=0.39 MAPE =31.98% Validagdo R?=0.42 MAPE =30.64%

faibgio Fo2 R?=0.12 MAPE =51.27% validagdo G LR AT

m  Dadosestimados mm Dadosobservados

Figure 9. Performance of ANFIS metrics in predicting soil CO, emission and oxygen
uptake. a) FCO, calibration, b) FCO, validation, c) FO; calibration, d) FO, validation.

The calibration yielded RMSE and MEA errors of 1.237 and 1.149 (umol
m~%s7), respectively. The precision presented a coefficient of determination of

0.39%. The performance of the model in validation was better, with lower errors
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associated with RMSE and MEA of 1.238 and 1.128 (umol m™s™ and explaining
42% of the temporal variability in FCO,,

For FO,, the performance was lower than that of FCO,. In both phases, the
MAPE values were 51.27 and 40.48%, respectively, indicating large errors
associated with the estimate. The RMSE values for calibration and validation were
0.079 (mg m~2s™*) and 0.085 (mg m~2 s™%), respectively, and those of MEA ranged
-2 S—l

from 0.139 (mg m ) to 0.125 (mg m™2 s™%), with precision shown by r = 0.53 e R?

= 28%.
5.3.6 Random Forest

The RF-FCO, and RF-FO, models were significant (p < 0.01).-From the set of
16 variables selected using PCA, we chose the best set for training the models using
the trial-error method. However, for the FCO, anf FO, estimate, we noticed that when
we added soil density to the training data set, the variable helped the estimation
performance. -However, by trial and error method, the best results were obtained for
FCO. for: Micro, Macro, BD, SB, CEC, P, Ts, Pam, PAR, ETo, SOM, pH, M, and EVI;
and for FO,: Micro, Bd, CEC, P, Ts, Tam, RSG, Pam, PAR, ETo, SOM, pH, m, and
EVI. For both estimates, we added variables to the set of predictors that made
important contributions to the model. The best results for FCO, were obtained when
the number of tree estimators in the forest was equal to 300 and the maximum tree
depth (DM) was 10. For FO,, the optimal number of tree estimators in the forest was
500 and the maximum tree depth (DM) was 9. The number of variables used in each
tree (mtry) was one-third of the total number of samples, as suggested by Breiman et
al. (1996).

The RF for FCO; in the calibration and validation phases presented values of
the error indices: MEA (0.92 and 0.95 pmol m™s™), RMSE (1.04 to 1.27 pmol
m~s™), and MAPE (30.61 to 33.42). The accuracy was R? 0.80 and R? 0.60
respectively. For FO,, the performance was lower than that of FCO,. The RMSE
values for calibration and validation were 0.101 (mg m~2s™) and 0.110 (mg m™2 s™),
respectively, and those of MEA ranged from 0.097 (mg m~2 s™) to 0.095 (mg m™%s™),
with precision shown by R? 0.57 and 0.30. The MAPE value in the calibration was
40.27 and validation 38.02, and R® = 0.57 calibration and r = 0.54 e R®> = 0.30

validation respectively.
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Soil CO, Emission (umol m™~ s™)

Phase r RMSE MAPE MEA R2ad F p-value
Calibration 0.651 1.237 31.98 1.149 0.39 776.80 <0.001
Validation 0.642 1.238 30.64 1.128 0.42 385.80 <0.001

Oxygen Uptake (mg m~2s™")
Calibration 0.353 0.079 51.27 0.139 0.125 6.414 < 0.001
Validation 0.534 0.085 46.48 0.125 0.285 7.581 < 0.001

r = Pearson correlation; RMSE = root mean square error; MAPE = mean absolute percentage error; MEA = mean absolute error,

R?.adjusted

Table 9. Performance of random forest metrics in predicting soil CO, emission and oxygen uptake

Random Forest

Soil CO, Emission (umol m™2s™)

Phase r RMSE MAPE MAE R.adj p-value
RF1 Calibration 0.88 1.04 40.27 0.92 0.75 776.80 < 0.001
Validation 0.80 1.27 38.02 0.95 0.61 385.80 < 0.001

Oxygen Uptake (mg m~2s™")
RF2 Calibration 0.77 0.10 40.27 0.1 0.57 6.414 <0.001
Validation 0.54 0.11 38.02 0.1 0.30 7.581 < 0.001

r = Pearson correlation; RMSE =
R?.adjusted

root mean square error; MAPE = mean absolute percentage error; MEA = mean absolute error,
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5 3.7 Comparison of Models

The selection of model input variables plays an important role in the
development of predictive models. From the data set formed based on the results of
the PCA, the models (ANN, SVR, and RF) used 14 predictor variables for the
calibration of FCO, and 15 variables for FO, on average, indicating the complexity of
the models. The ANFIS model yielded the best results, with four input variables for
FCO; and six for FO.,.

According to the results of Table 10 (Supplementary Material), in general, in
calibration and validation (RBFNN and RF) the estimation of FCO, showed the
lowest RMSE and MEA errors and highest accuracy. It should be noted that RF
better explains the temporal variability of FCO, (R* = 60%) and has a low MEA value.
However, the mean absolute error, whose values indicate high reliability between the
observed and predicted values, only considers positive values, in that in RMSE
errors (observed predictions) are squared before the mean is calculated. Thus, we
penalized the presence of possible outliers in the data set (Chai and Draxler, 2014)
and chose the lowest RMSE values for the model tiebreaker criteria. Thus, RBF is
the best model for estimating the FCO,,

For FO,, the MLPNN and SVR-RBF models were the most satisfactory in the
calibration and validation phases. The MLPNN stood out because of the greater
accuracy of the estimation of the temporal variability of FO, (R? = 0.60) and the lower
RMSE and MAE errors associated with this estimate.

ANFIS did not show good generalizability and presented the worst
performance, showing the highest errors and lowest accuracy (R*= 0.12, R* = 0.28,
respectively) in calibration and validation (MAPE = 51.27; 46.48%); however, high
percentage errors were associated with the model. Based on the comparison of the
MEA, RMSE, and Adjusted R? indices (Table 10), this study found RBFNN to be the
best predictive model for the estimation of FCO, and the MLPNN model the best for

estimating FO..
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Table 10. Statistical summary of machine learning techniques

Soil CO, emission (umol m™2s™)

MEA RMSE R*
RBFNN 14-210-1 Calibration 0.933 0.901 0.60
Validation 1.021 0.971 0.50
SVR1 Calibration 1.069 1.072 0.50
Validation 1.058 1.109 0.50
ANFIS Calibration 1.149 1.237 0.39
Validation 1.128 1.238 0.42
RF Calibration 0.92 1.040 0.80
Validation 0.95 1.271 0.60
Oxygen Uptake (mg m™s™)
MLPNN14-13-7 Calibration 0.045 0.059 0.75
Validation 0.068 0.080 0.60
SVR2 Calibration 0.053 0.050 0.80
Validation 0.078 0.06 0.50
ANFIS Calibration 0.139 0.079 0.12
Validation 0.125 0.085 0.28
RF2 Calibration 0.097 0.101 0.57
Validation 0.095 0.110 0.30

r = Pearson correlation, RMSE = root mean square error, MEA = mean absolute
error,R?.adjusted
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5. 3.8. Discussion
5.3.8.1 Principal Component Analysis

The change in land use, especially due to the substitution of native vegetation
by monocultures results in soil degradation, impacting its chemical, physical, and
biological quality (Adachi et al. 2006; Young et al. 2010), and the microbial diversity
and composition (Ding et al., 2021). This compromises the dynamics of soil organic
carbon, especially its flow and stock, which is directly related to the type of
management adopted and the local environmental conditions (Islam and Weil, 2000;
Pulrolnik et al., 2009);

In our study, the results of PCA indicated that eucalyptus forests may be
associated with various production factors and CO, emission, represented in the
biplot by Groupl. Soil organic matter is the main source of energy for microorganisms
(Lal, 2009), and the variable showed a direct association with FCO, and the highest
contribution (0.97) towards CP1, followed by the sum of bases (0.92).

The chemical structure of eucalyptus litter may be attributed to its greater
lability due to its lower C/N ratio relative to the litter of the pine forest (Vicentini et al.,
2019), and this may facilitate the availability of organic C for microorganisms and
promote nutrient cycling, which is a fundamental factor for maintaining soil fertility.
The benefits of the presence of organic matter include changes in soil organic
carbon, soil water retention capacity, aggregate formation, pH, cation exchange
capacity, base saturation (e.g. (Gruba and Mulder, 2015), reflect the improvement in
soil physical quality as fertilization (Xuebin et al. 2019)

Therefore, despite the apparent density value of the soil in the eucalyptus
forest, which is above ideal (1.47 g dm™) for clay soils (Arshad et al. 1996), the
highest percentage of mean macropore values (0.08 m® m™) combined with lower
microporosity contents (0.31 m® m®) was favorable for gas exchange between the
soil and atmosphere. This may contribute to the influx of oxygen for consumption by
microorganisms and result in higher CO, emissions (Table 3). These factors may
influence soil microbial activity and the production and emission of CO,, as was
observed in the study by Ramos et al. (2018) (3.96 umol m? s™) and (Vicentini et al.,
2019) (5.61 pmol m-% s (Table 3).

It was interesting to observe the contribution of the silt fraction towards PC1

(0.74). This may be related to soil microbial interactions, texture, and soil mineralogy.
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Other researchers have identified a relationship between FCO,, soil mineralogy (La
Scala et al., 2000), and silt (Moitinho et al., 2021).

In general, the formation of the subgroups lla (native species) and llb (pines)
indicated that the forest type influenced the physical properties of the soil. The high
apparent density value of pine soil indicates the occurrence of soil compaction (1.57
g dm™) which resulted in a decrease in macropore volume (0.042 m * m™) and was
partially compensated by an increase in microporosity (0.368 m® m=) (Table 3). This
impaired the infiltration of water into the soil, compromising gas exchange with the
atmosphere and consequently oxygen availability. According to (Neira et al., 2015)
gases, including oxygen, move in the soil according to diffusion laws ; larger pores
generally allow more rapid movement of gases than smaller pores.

Soil with pine trees has low organic matter content. This results due to the
specific characteristics of the litter, which consists of aciculae with high structural
complexity (lignin and polyphenols), resulting in greater resistance to microbial
degradation (Yuan et al., 2019). These factors may contribute to the lower organic C
content in soil and cause soil acidification, as indicated by the low pH value (Table 4).
This may affect the dynamics of the heterotrophic microbial population and impact
the production of CO,. (Oertel et al., 2016), resulting in lower CO, emissions over
time as observed in the data (Table 3).

In this study, climatic parameters were not directly associated with the
formation of groups but had a high contribution towards CP2. In forest ecosystems,
canopy structure influences the energy balance, relative humidity, wind, and
barometric pressure (Sotta et al. 2004), which results in the formation of different
microclimates, and in combination with the quantity and quality of litter control the
speed of decomposition of plant residues (Yuan et al., 2019). Despite the low
contribution of FCO, towards CP1, the factor was inversely associated with FO,, soll
temperature, soil water content, and other attributes retained in CP2. Several studies
in different ecosystems have identified soil temperature and content as regulators of
the temporal variability of FCO, (Luo and Zhou, 2006; Panosso et al., 2012); Silva et
al., 2019).

We hypothesized that because soil temperature was relatively constant as
shown by our results, and as this is expected for tropical forests (Davidson et al.,

2000), it may not be a limiting factor for biological activity.
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Regarding water content, despite the differences between the three
managements Eucalyptus, Pinus, native species in 2019, the higher soil water
content observed in the forest with native species (Table 1, Supplementary) may
probably result due to the higher clay content of this soil (Table 4). In 2018, this
difference was not observed between eucalyptus and pine forests. The study was
performed in the adjacent areas, and the mean rainfall was within the expected range
for the region during the study period (Ramos, 2018; (Vicentini et al., 2019)

Evapotranspiration and soil water content are important components of the
hydrological cycle. The evapotranspiration estimates depend on the expressed
meteorological variables alone. the maximum evapotranspiration of the plants and
objective to evaluate different evapotranspiration demands. Balogh et al (2015)
identified strong negative correlations between evapotranspiration at CO, emission
rates and Grossiord et al. (2012) have shown that this may relate to reduced root
respiration. Given the results of our study, we hypothesize that the contribution of
global radiation, photosynthetically active radiation, EVi, and oxygen consumption
are indicators for the respiratory activity of roots. Evapotranspiration may serve as a

factor regulating the intensity of this respiratory activity.

5.3.8.2 Development and comparison of models

Modeling the temporal variability of soil respiration is a major challenge
because of the complex interactions between the plants, atmosphere, and soil
system, Using four models of machine learning (neural network, vector machine
support, neuro-fuzzy inference system, and random forest), we proposed to model
the temporal variability of soil CO, emission (FCO;) and oxygen consumption (FO5)
in forests planted in the Cerrado

In contrast with a previous study describing the dynamics of the temporal
variability of soil respiration as being governed by temperature and water content in
the soil (Panosso et al. 2009), the results obtained using our dataset indicated that
the chemical and physical attributes of the soil and the EVI influence these dynamics
remarkably.

As previously discussed in the manuscript, organic matter is an indicator of C
dynamics. In general, the organic matter content in the studied ecosystems is low;

consequently, soils have low fertility with high acidity and compaction. The
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degradation of litter is one of the main mechanisms responsible for nutrient cycling in
forest systems and the main source of organic matter. Depending on the quantity and
quality of the residues, expressed by the concentration of carbon in relation to
nitrogen (C/N ratio), the lignin and polyphenol contents hinder the process of
mineralization of organic matter and nutrient availability. We also believe that part of
the organic matter present in the soil may be in more stable forms, resistant to
microbial action. Further, the forest stand age influences both carbon stocks and CO,
fluxes (Bradford et al. 2008). The long reforestation period of over 30 years might
have contributed to the storage of carbon; for this reason, the heterotrophic biological
activity, which occurs in these soils, would be only plant residues with labile fractions.
Therefore, we believe that the temporal variability in soil respiration is predominantly
autotrophic.

The ANFIS model required great computational effort, and it was necessary to
work with several reduced variables. Thus, when selecting variables for the training
dataset in all combinations tested, organic matter was not a good predictor variable
for estimating FCO, and FO,. However, EVI presented a satisfactory performance in
the estimation of FCO,. Regarding the ANNS, the best RBFNN architecture selected
by the IPS to estimate FCO, consisted of a combination of 14 vectors in the input
layer and a hidden layer with 210 neurons (Table 6). The greater number of neurons
in each layer contributes to the ability of the network to solve more complex
problems. This also occurs when the number of hidden layers increases. Thus, ANN
improves efficiency over the nonlinear dataset of the input layer (Scapino et al.,
2019). By analyzing sensitivity, the results of the model revealed what type of
management was the dominant factor.

In contrast to our results, (Freitas et al., 2018) estimated the spatial variability
of FCO; in a semi-perennial crop using MLPNN (7-18-1) with backpropagation
algorithm; this method was highly effective, explaining R? 80% of the spatial
variability. According to (Song et al., 2014), MLPNN with a three-layer architecture
trained with the backpropagation algorithm was also effective in modeling the
temporal variability of FCO, in Chinese forests. The model explained 74% of the
annual variation in soil respiration.

When estimating FO,, MLPNN provided the best results for BRFNN. By
analyzing sensitivity, we determined that soil temperature stimulates root activities,

resulting in oxygen consumption. Macroporosity is essential for gas exchange
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between the soil and the atmosphere (Tavares et al. 2015). The movement of gases
in the soil is a complex process. Soil texture, structure, density, and water content
are the main factors that influence soil aeration and consequently, gas exchange
between the soil and atmosphere. The intake of oxygen into the ground is the result
of a pressure gradient of O, between the atmospheric air and ground air. According
to Fick’'s law, a dynamic balance is established by spreading O, in which the
consumption rate of O, in the soil is equal to the flow of O, on its surface (Jong van
Lier, 2001)..

Interestingly, in the training of regression by support vectors when estimating
FO,, the addition of pressure as an input variable contributes to performance. Many
studies on the use of SVM in soil science have demonstrated improved performance
using RBF kernel-based SVR (Shi et al., 2013; Jafarzadeh et al., 2016) SVR is the
best model for predicting carbon stocks in forest reserve soils, when compared to
random forest and ANN (Were et al. 2015).

Random forest achieved a good fit for the FCO, model. According to Grimm et
al. (2008), random forest has several advantages compared to other modeling
approaches, such as the fact that it is not sensitive to excessive adjustments or noise
resources. Decision tree methods consider the relationships and interactions
between variables. The tree structure was obtained based on these relationships and
interactions. The technique is efficient in modeling the treatment of large numbers of
variables with small numbers of observations (Grémping, 2009); however, we did not

observe this advantage in the estimation of FO,.

5.3.9 Conclusion

The neural and random forest networks provided predictive models to explain
the patterns of temporal variability of FCO, from climate, soil, and EVI variables.
However, these networks were associated with minor errors. RBF is the best
architecture. In relation to FO,, networks and regression of support vectors
performed well. For this estimate, MLP returned the best result. However, new data
mining methodologies need to be employed to improve dataset selection for training.
Further studies need to be carried out as machine learning is rarely used in the

prediction of soil respiration, especially when predicting oxygen consumption.
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The type of forest influenced temporal variability in soil respiration in ANN. We
found that the spectral index (EVI), soil temperature, solar radiation, macroporosity,
and organic matter were the variables that most influenced the two estimates. FCO,

modeling provides more predictive models than FO,.
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5.11 Aattachment: Supplementary Material

Table 1. Composi¢éo da area de espécies nativas do Cerrado

Nome Popular

Nome Cientifico

Albizia

Albizia lebbeck L. Benth

Alecrim-do-campo

Holocalyx balansae Micheli

Amora ou amora—preta

Morus nigra L

Angico-roxo Anadenanthera peregrina var. falcata
Aroeira Myracrodruon urundeuva Fr. All
Bélsamo Myroxylon peruiferum L.f

Café-de-bugre

Cordia ecalyculata Vell

Caja-mirim

Spondias lutea L.

Canafistula

Peltophorum dubium (Sprengel) Taubert

Canudo-de-pito

Mabea fistulifera Mart

Capitdo-do-campo

Terminalia argentea Mart. et. Succ

Figueira Ficus guaranitica Schodat

Goiaba Psidium guajava L

Guarucaia Parapiptadenia rigida (Benth.) Brenan
Inga Inga sp

Ipé-amarelo Tabebuia sp

Ipé-branco Tabebuia roseo-alba (Ridl.) Sand
Ipé-rosa Tabebuia heptaphylla Loren. ex. Griseb
Ipé-roxo Tabebuia impetiginosa (Mart.) Standl.
Jaboticaba Plinia trunciflora Berg

Jacaranda-caroba

Jacaranda cuspidifolia Mart

Jacaranda-do-campo

Machaerium acutifolium Vog

Jambolao Syzygium cumini (L.) Skeels
Jenipapo Genipa americana L
Leucena Leucana leucocephala (Lm.) R. de Wit

Magndlia-amarela

Michelia champaca L.

Marmelo ou marmelada

Alibertia edulis Rich. (Rubiaceae)

Nespereira

Eriobotrya japonica Lindl

Oiti

Licania tomentosa (Benth.) Fritsch

Olho-de-dragéo

Adenanthera pavonina L

Paineira

Chorisia speciosa St. Hil

Quereutéria

Koelreuteria paniculata Laxm

Santa Barbara

Melia azedarach L

Tamboril

Enterelobium contortisiliquum (Vell.) Morong

Uva japonesa

Hovenia dulcis Thunb




165

CHAPTER 6 - FINAL REMARKS

Soil respiration is a complex phenomenon comprising of nonlinear and
interdependent relationships. Using machine learning techniques, such as neural
network, support vector regression, adaptive neuro-fuzzy inference system, and
random forest, we estimated the FCO, and FO, of three ecosystems of planted
forests: pine, eucalyptus, and native species. As predictor variables, we used
meteorological data, EVI, and chemical and physical soil attributes.

First, we evaluated each forest management individually then created a
database for the generation of a global model. We chose principal component
analysis as the data mining technique. Although this reduced the size of the data set
in general, it did not rule out the selection of variables by trial and error. Therefore,
we use a large number of predictor variables in all estimates. This showed the
complexity of the data.

Only the ANFIS model presented a reduced data set, however presented
higher computational expense. Regression methods by machine learning are efficient
models to estimate the FCO,; however, the selection of the training data set is
paramount. Thus, for future studies adopting new data mining techniques and
association of different analyses can increase the performance of the models.
Regarding FO,, the small number of observations of dependent variable might not
have been enough for the models to learn from examples of the desired inputs and
outputs or to extract relevant information from the data set. Overall, neural networks
and random forest provided the most predictive models for estimating and to explain
the temporal variability patterns of FCO, and FO, in planted forest areas using
environmental covariates (soil and meteorological). Development of new studies,
especially in reforested areas, would be beneficial, as there are many uncertainties
about the dynamics of soil respiration in these ecosystems. In addition, it is important
to note that studies on the temporal dynamics of oxygen influx and estimation are
lacking; thus, all studies are important in order to help understand the temporal

dynamics of soil respiration.



