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ABSTRACT: Inadequate agricultural management and soil cover changes are key drivers of greenhouse gas (GHG) emissions.
Traditional statistical methods for measuring GHG fluxes often fail to account for the variability and randomness inherent to these
processes. Functional data analysis (FDA) offers a novel approach to model and optimize exploratory analyses by addressing
continuous variation (linear or nonlinear) and randomness over time. This study highlights the advantages of the FDA in assessing
GHG emissions across three land-use treatments�extensive pasture, intensive pasture, and sugar cane�over a 182-day sampling
period. FDA demonstrates superior versatility compared to conventional models, capturing the dynamic and continuous nature of
gas exchange between soil and atmosphere. It allows for comprehensive uni- and multivariate analyses, effectively representing linear
and nonlinear behaviors in gas fluxes. The results emphasize FDA’s potential as a robust tool for studying GHG emissions in tropical
agricultural systems.
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■ INTRODUCTION
The emission of greenhouse gases (GHGs) from agricultural
activities has recently been of great concern, as different land
use management practices have different impacts on the
composition of the microbial community, influencing the role
of soil as a source or sink of the main GHG, such as carbon
dioxide (CO2), methane (CH4) and nitrous oxide (N2O).

1−3

Therefore, obtaining knowledge about GHG emissions across
different land uses is fundamental for planning effective
adaptation and mitigation strategies in future scenarios of
global climatological systems.4

A static chamber is a widely used tool for collecting GHG
concentrations from both forest and cultivated soils because of
its low cost. In this equipment, concentrations are measured
between 3 and 4 time points, and the flux is measured based on
the temporal variation of gas concentration inside the
chamber.5−7 More often, the concentration variation in time
is described as a simple linear model, where the flux represents
the slope of the linear regression line between concentration
and the time elapsed since the beginning of the measure-
ments.8,9 However, applying a linear model to concentration
data can lead to systematic errors through hidden nonlinearity,
and a series of factors can systematically influence changes in
gas concentrations, leading to the development of a curvilinear
change in concentration.10

To minimize this effect, several authors have proposed
alternatives for measuring the flux, for example, using the
exponential model, the Hutchinson/Mosier (HM) model, the
nonstationary diffusive flow estimator (NDFE), the HM
modified and the Quad method.8,11 However, nonlinear
models may not take into account random variation in

concentration data.12 In this sense, a method that considers at
the same time the continuous variation and randomness of the
gas concentration data is needed.
In this sense, one statistical family that has great potential for

studying the variations of a given variable in relation to a
continuum, be it time, space, or frequency, is Functional Data
Analysis (FDA). It is a well-applied method of data modeling,
especially those constructed from differential equations.
Although FDA is a relatively new methodology, it has several
statistical foundations (hypothesis testing and data exploration
methods, among others) that can be used directly in
observations without losing its functionality.
The main characteristics of the FDA are (i) representing

data using functions to simplify manipulations and highlight
the main characteristics of the data, allowing analysis of
patterns and variations in these representations; (ii) working
with observations that do not need to be equally spaced; (iii)
working with both linear and nonlinear data sets; (iv) using
derivatives and other functional values for the analyzes.13

There is the applicability of the FDA in several areas of study,
such as kinesiology,14 climatology,15 education,16 environ-
ment,17,18 neurology,19−21 oceanography,22 pediatrics,23 dem-
ographic forecasting,24,25 among others. However, there are
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still no studies aiming to apply the FDA to greenhouse gas
emissions.
Therefore, the present study aims to present the advantages

of using functional data analysis in the assessment of
greenhouse gas (GHG) emissions from different land uses,
exploring a data set that includes GHG fluxes measured during
a 182-day sampling period across three land uses: extensive
pasture, intensive pasture, and sugar cane. The analysis of
GHG emissions from these land uses is justified as they
represent three of the main types of land cover/use in Brazil,
with a significant impact on agriculture. The intensification of
pastures and the conversion of pastures to sugar cane involve
intensive management with fertilizers and pesticides, leading to
potential environmental damage, such as soil degradation, loss
of biodiversity, and increased GHG emissions. Given the
expansion of these land covers, understanding their environ-
mental impacts is essential to predict consequences, mitigate
negative effects, and guide more sustainable land use
policies.26−28

Each of these land uses has distinct characteristics that
directly affect greenhouse gas (GHG) fluxes. Typically, CO2 is
observed with a more linear behavior, reflecting its continuous
and regular release. On the other hand, N2O may exhibit
fluctuations, alternating between regular and erratic behavior,
mainly depending on soil management practices that influence
microbial activity and denitrification processes. Regarding
CH4, emissions show greater variability due to the complexity
of the microbial processes involved, such as methanogenesis,
which can be highly sensitive to environmental conditions and
soil interventions.29,30 The diversity of these GHG fluxes is
important for evaluating the versatility of FDA, which is
capable of handling continuous variation and randomness in
the data, providing a more robust modeling of emissions under
different management conditions. Furthermore, the use of both
univariate and multivariate approaches enables a more
comprehensive analysis, considering both the individual effects
of each land use type and their interactions.

■ MATERIALS AND METHODS
Study Area, Experimental Design, and Soil Management.

The field sampling was carried out on an experimental farm in the city
of Brotas, Saõ Paulo, Brazil, operated by the Saõ Paulo Agribusiness
Technology Agency This choice was motivated by the area’s similarity
to sugar cane growing environments in Brazil, including characteristics
such as the type of soil (red-yellow latosol) and the slope of the land
(with a gentle slope of 4%).
The experimental model established for the research included three

land use matrices: extensive pasture (EP), intensive pasture (IP), and
sugar cane (C). For each land use, five 0.25 ha (50 × 50 m) plots
were constructed (Figure 1), totaling 15 experimental units, with a
static chamber inserted in each unit for extensive and intensive
grazing and two chambers inserted in each sugar cane unit, one in the
sugar cane row (CR) and the other in the sugar cane inter-row (CI).
The arrangement of treatments followed the natural inclination of the
research area. Consequently, the EP treatment was positioned at the
highest elevation, the IP treatment occupied an intermediate position,
and the C treatment was located at the lowest part of the terrain.
This experimental arrangement was designed to prevent the

processes of surface runoff and leaching resulting from the more
intensive applications of agrochemicals in the C and IP treatments
from affecting the EP treatment.31

The pasture already established in the experimental area
(Brachiaria decumbens) was maintained in the EP treatment since
no soil management was carried out in this treatment, considered as
the control. In IP and C treatments, the conventional soil preparation
steps were carried out: (a) harrowing, liming (limestone with 70%
Total Relative Neutralizing Power −2 mg ha−1) and plowing
(Aiveca); (b) planting pasture (B. brizantha cv marandu) in treatment
IP and sugar cane (variety IAC SP 97-4039) in treatment C; (c) The
application of nitrogen (N), phosphorus (P), and potassium (K)
fertilizers at concentrations of 40, 26, 25 kg ha−1 in IP treatment, and
60, 65, 100, and 155, 18, 71 kg ha−1 in treatment C; (d) the
application of pesticides based on the doses recommended by the
manufacturer for the pre-emergent phase of sugar cane crops −500 g
of Regent 800WG/ha (as fipronil, BASF SA), and 1.5 L of DMA
806BR/ha (as 2.4-D, Dow AgroSciences Industrial Ltda.); (e) cattle
pasture (Nelore breed) for consumption of forage produced with
pasture support capacity considering an animal unit (AU) of 450 kg
and daily consumption of 4 of live weight.32,33 The species B.

Figure 1. (a) Delimitation of the experimental area: forest vegetation (green); extensive pasture plots (black); intensified pasture plots (yellow);
and sugar cane plots (red). (b) Sugar cane two months after planting. (c) Intensified pasture (dark green) two months after planting. (d) Flowchart
representing the experimental design and soil management events.
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brizantha cv marandu was chosen because it is widely used in
Brazilian pastures and has better productivity and nutritional
quality,34 and these pesticides were selected because they are
among the main ones used in sugar cane cultivation in Brazil.35

Gas samples were collected in each of the five experimental plots to
quantify the fluxes of CO2, CH4, and N2O in each of the land use
plots: extensive pasture, intensive pasture, and sugar cane (row and
inter-row). Samples were collected in the morning throughout the
182-day sampling period, which began in December 2018 and ended
in May 2019. In total, approximately 3,360 samples were collected
during 42 sampling events. The gas samples were collected in situ in
cylindrical PVC chambers installed in the field, using a well-
established method developed by Davidson et al.36 The chambers
were fixed between soil preparation operations, after this period they
were fixed and were not removed again in order to minimize changes
in the organic material on the surface and ensure good sealing. Inside,
fertilizers were applied according to the area delimited by the chamber
it was inserted into the soil, proportional to the fertilizer demand in
the total area of the plots of each treatment.

■ DATA DESCRIPTION
On the collection days, four air samples were taken from each
chamber, representing concentrations at four-time points (0,
12, 24, and 36 min). The samples were collected using 60 mL
BD plastic syringes (Cremer SA, Blumenau, Santa Catarina,
Brazil), which were immediately transferred to 30 mL glass
bottles, previously sanitized, identified, sealed, and evacuated
with stopper-style rubber septa (Bellco Glass, Vineland, NJ,
USA).37 After collection in the experimental area, the bottles
were taken to the laboratory, where they were analyzed by gas
chromatography. The samples were analyzed within a
maximum period of one month after the collection date.
According to do Carmo et al.,37 gas concentrations in the
bottles do not change during storage for up to 30 days.
Previously prepared standards (Scott- Marrin − Riverside, CA,
USA) were used to calculate the gas concentrations by
comparing the areas of the peaks where integration occurs. Air
and soil temperatures were also measured each time gas
samples were taken.
Reconstruction of Continuous GHG Functions:

Smoothing. Functional Data represents discrete observations
in a real interval (time, space, frequency) as a smooth,
continuous function. Thus, instead of single points in time,
each function, produced from a series of successive
observations, is analyzed as a single observation, making it
possible to extract information from the entire process. In the
case of GHG, the observed data are measured at four-time
points tij, j = 1,2,3,4, where j is the number of observations for

the i-th camera and t ∈ [0,36] in minutes. The smoothing
given by Ramsay and Silverman:38
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was used to reconstruct the data on discrete GHG
concentrations as smooth functions in relation to time,
where ci(t) are real numbers called expansion coefficients
and ϕk(t), i = 1,2, ···, K is the set of linearly combined basis
functions. This procedure allows the evaluation of the flux at
any desired value of time, as well as the analysis of the first
derivative in the t argument. The estimation of the set of basis
functions that smooth the function ri(t) will depend on the
behavior of the data under analysis.13 For the data under study,
B-spline smoothing of order 4 (degree +1) was used. B-spline
functions are a set of special spline functions, constructed from
piecewise polynomials. Each interval is subdivided into a set of
adjacent intervals that separate the nodes. Then, to smooth the
piecewise polynomial, two adjacent polynomials are restricted
to having their values and all their derivatives up to the
corresponding order m − 2 at the point where they join.39

Typically, B-spline smoothing is most commonly used because
of its simplicity and flexibility in dealing with a wide range of
semiparametric and nonparametric modeling situations.40 It is
used when observations have a nonperiodic behavior.41

To some extent, the basic representation is a compromise
between interpolation and smoothing of the original data.17

Measurements typically contain some measurement error or
noise εij.14 Therefore, due to the random error present in the
raw data, some degree of smoothing is essential to minimize it.
One technique for filtering this error is the use of penalization
or roughness measure.41 The roughness penalization, meas-
ured by the criterion of the penalized residual sum of squares,
is given by
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The first term: 2
iii ))(( try , represents the sum of the

squared errors between the observed values (yi) and the fitted
curve (r(ti)). This term measures how well the fitted curve
approximates the observed data. The second term: λ ∫
(D2x)(t)2dt, adds a penalization to smooth the curve. It
measures the “roughness” of the curve by calculating the
integral of the square of the second derivative (D2x), which
represents the curvature.41 In this way, PENNSEλ seeks a

Figure 2. (a) Example of the smoothing of methane gas concentration in the extensive pasture treatment. (b) First derivative of smoothing.
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balance between fitting the data well and maintaining a smooth
curve.
The degree of smoothing and the number of basis functions,

KKK, will be determined through generalized cross-validation
(GCV). The goal of GCV is to simultaneously optimize the
smoothing parameter (λ) and the number of basis
functions.41,42 For this, a range of values for λ and the number
of basis functions is defined, and simulations are run in the
software. At the end of the process, the function returns the
smallest GCV value, along with the corresponding list of the
number of basis functions and the λ value necessary for
smoothing. This procedure aims to ensure a proper fit to the
data while maintaining a good generalization capability.43

Fifteen basis functions were used for CH4, CO2 and N2O, all
with a degree smoothing (λ) equal to 1.5. For instance, Figure
2a shows the adjustment of the smoothing of the methane gas
concentration relative to extensive pasture, with the raw
discrete data measured at four-time points. After this
transformation, a complete and continuous function of gas
emissions was obtained, allowing statistical analysis and
preserving the variability in the original data.
Variation Pattern of Functions: Derivatives. For the

function to be smooth, there must be a certain number of
derivatives corresponding to it, for example, when smoothing
observations using the B-splines technique of order m, we have
continuous derivatives up to order m − 2. This is a property
that displays additional information present in the estimated
functions. This information is generally not available in
applications of classical statistical techniques.44 Therefore,
the FDA makes it possible to use rates of change, such as speed
and acceleration, to extract information from functional
curves.13 Thus, using a functional model, one or more
derivatives associated with time can be obtained. Thus, as
countless orders of derivatives can exist, the notation is used
Dmri(t) to designate the m-th derivative of the function ri(t).

45

In this way, the smoothed function (Figure 2a) describes the
position of the concentration in moving at time. This means
that the derivative of this function (Figure 2b) reflects
intrinsically the flux of gases since the nature of the emission
gas is precisely the variation in concentration over time.
Therefore, analyzing the variation pattern of these derivatives
means analyzing the variation pattern of gas fluxes. One of the
advantages of using functional data is the measurement of the
instantaneous flux using the derivatives. Thus, it is possible to
analyze the variability of gas fluxes concerning different land
uses.
Calculation of the Flow of GHGs Using Linear and

Exponential Models. In addition to measuring the flux of
GHGs through the functional model, which takes into account
the continuous representation of data over time, the gas fluxes
were also calculated using two of the most used models. In the
linear model, the flux is calculated based on the slope of the
straight line. In turn, the exponential model was developed for
when the rate of variation of the concentration of gases in the
free space of the chamber is not constant; this methodology is
based on the exponential method and is known as the
Hutchinson and Mosier (HM) method,9 a nonlinear method
that takes into account the exponential curvature of the data.46

Thus, the value of the fluxes using the linear model was
determined from the slope of the regression line, the fluxes
from the exponential model were given by the HM model, and
for the functional curves, the flux was calculated from the
derivative of the functional representation.

The fluxes obtained by the three models were compared
using Lin’s concordance correlation coefficient (CCC), which
quantifies the agreement between two measurements, used for
continuous variables. Thus, let X and Y be two variables, the
CCC is determined as follows:
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where μX = E(X), μY = E(Y), σX2 = Var(X), σY2 = Var(Y), and
σXY = Cov(X, Y), and EI[] is hope, assuming independence
between two observers.47,48 In addition to the value of the
agreement coefficient, it is also possible to generate other
values using the CCC method.49 For this analysis, the
following were defined: 0 < CCC ≤ 0.6, poor; 0.6 < CCC ≤
0.85, moderate; 0.85 < CCC ≤ 0.95, substantial; CCC > 0.95,
excellent.49−51

Dimensions of Function Variation: Functional Princi-
pal Component Analysis (FPCA) Univariate and Multi-
variate Case. Functional principal component analysis
(FPCA) is used to explore not only the variation in the
CH4, CO2, and N2O emission curves, but also the dimensions/
modes in which they vary. That is, the variations in the curves
of these gases are dominated by certain main patterns that can
be summarized in a small number of representative modes with
little loss of original information.17,18 Through the modes of
variation of gases, it may be possible to explain the impact of
the uses of gases in different soils. In this sense, the modes of
variation for the gases were analyzed here from a univariate
perspective, where each gas was analyzed separately, and a
multivariate perspective, where the gases were analyzed jointly
using FPCA.
Concerning the univariate functional context, each principal

component is established through an eigenfunction (ξ(t)), not
defined in the same time interval as the functional data, in this
case t ∈ [0,36]. Each eigenfunction determines the main
characteristics of the variability of the curves for each gas
separately. The principal component (PC) scores of the
individuals in the sample are the zi values are given by

ii )()( tdtrtz = (4)

The purpose of FPCA is to find the weighting function ξ1(t)
that maximizes the variation of scores subject to the restriction
∫ ξ1t2dt = 1. The unitary restriction on the sum of squares in
the weights is fundamental for the problem to be accurate.
Without this restriction, the mean square values of the linear
combination could become randomly large. The next principal
components (second, third, and higher order) are solved
similarly, but with additional restrictions.45

The extension of univariate FPCA to multivariate functional
data is of high practical relevance for revealing the joint
variation of different variables.19 The objective is to analyze the
simultaneous variations of the CH4, CO2, and N2O profiles as a
function of time for the four land uses. For each temporal
position, an observation is defined as three average profiles to
each gas, described as continuous functional curves through a
decomposition on a B-spline on the coefficients of the B-
splines smoothing model, for each of the gases. It transforms
the original variables into new variables that are uncorrelated
linear combinations of the originals and concentrates the
variance of the system. These new variables are principal
components and represent the most significant modes of data
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variation in soil structure and allow quantification of the
amount of variation contained by each gas for each
component.22,52,53

To modify the shape of the average curves and analyze
different patterns, we add and subtract a specific value from the
mean function of the principal component. This value is
defined based on previous studies,22,53,54 corresponding to the
square root of the eigenvalues multiplied by the eigenfunction.
This approach allows for a better exploration of the
relationships between the curves and other variables of
interest.55,56

Cluster Analysis. In the functional context, cluster analysis
has been carried out by projecting functional data onto a set of
lower-dimensional basis functions, such as the univariate or
multivariate functional principal components, on which most
of the characteristics of functional data are built.57,58 Cluster
analysis aims to group a set of data in such a way that the
observations within the group are more similar to what occurs
in the groups referring to a metric.59

Initially, the similarity between two observations is
calculated, representing the degree of correspondence between

them in all the characteristics used in the analysis. In this way,
a distance measure is used, where the lower the distance value,
the greater the similarity between the observations. Five
different distance metrics were tested in the present work
(Euclidean, Chebychev, Manhanttan, Canberra and Minko-
wiski), however, the Euclidean distance was chosen, given that
it was the metric that presented the best separation to both
land use and the influence of soil management. The assumed
Euclidean distance is defined by dij = (∑k = 1

p (xik − xjk)2)1/2
where xik is the value of the variable k referring to the
observation i and xjk represents the variable k for the
observation j.60,61

Land-Use Classification Analysis: Support Vector
Classification (SVC). PC scores were used to perform a
classification concerning land uses, the machine learning
algorithm using the Support Vector Classification (SVC)
function. The SVC algorithm is based on Chang and Lin.62

The data was organized considering the three main
components, daily air and soil temperature as independent
variables and the land uses (extensive pasture, intensive
pasture, sugar cane row and inter-row) were considered as

Figure 3. Examples of situations, where CO2 (a, b, c, d) and N2O (e, f, g, h) emissions show a gradual change in the linearity of concentrations over
time. Each point represents the collection of gas concentration within a 0−36 min interval, carried out using a closed static chamber in the morning
period. All four figures presented are examples of measurements taken from extensive pasture to CO2 and sugar cane to N2O but on different days.
For the analysis of the fluxes ( f 0) of these data, they are evaluated using the linear model (LM), the HM model, and the functional model (FDA).
For the LM model, f 0 is measured from the regression line (red line). For the HM model, f 0 is measured from the exponential curve (EXP) (blue
line), and for the functional model (FDA), f 0 is calculated from the derivative of the function (black line).
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dependent (target) variables. For the training section, data was
randomly divided into a 70% training set and a 30% testing set.
The training data was used to generate the hyperparameters

using the cross-validation method (k-fold CV). In this step, the
training data (70% of the total data) is divided into k data sets.
The model is then trained considering k − 1 sets and evaluated
on the remaining set. Therefore, the process is repeated k
times.63 The best hyperparameters will be those that perform
best according to a given metric. For the present study, the
accuracy was considered to determine the parameters.
Accuracy represents the number of observations correctly
classified by the model divided by the total number of
observations. After determining the hyperparameters, the
model is validated on the test set.
A good way to analyze classification performance is to use

the confusion matrix. This makes it possible to analyze the
number of instances X that are classified as Y.64 For example, it
is possible to check how many times intensive pastures were
classified as extensive pastures. In addition to visual analysis, it
is also possible to formulate different metrics with the help of
the confusion matrix, since a lot of information can be
extracted from it. The first metric used is precision, which
represents the accuracy of positive predictions. For a more
complete analysis, precision is usually used with the recall
metric, also commonly referred to as sensitivity. Finally, it is
possible to combine the two above metrics into a single known
F1 score metric. As F1 is a harmonic mean, the value of F1 will
only obtain high values if Precision and Recall are high.64

For the statistical analysis of the data, RStudio statistical
software65 was used, which is an integrated set of computer
tools that allows data manipulation, statistical analysis and the
production of graphs. The following packages were used:
gasfluxes, to calculate the flow in the linear and exponential
model,49 epiR, to measure the correlation coefficient of
agreement between the flows of the models,46 fda, for
univariate functional statistical analysis,53 fda.oce, to carry
out multivariate functional statistical analysis54 and the
accumulated flow was calculated using the function developed
by Bi and Kuesten.66 For classification, the results were
generated using the Jupyter notebook using the Python
programming language (version 3.11).

■ RESULTS AND DISCUSSION
Comparison among Functional, Linear, and Expo-

nential Models on Different Land Uses. To illustrate the
differences between the fitting behavior of the three models
evaluated, cases where there was a gradual change in the
linearity of gas emissions were chosen and shown in Figure 3.
A visual inspection of Figure 3a,e suggests that there is no
difference between the flow estimated by the linear and
exponential models when the gas concentration data has a high
degree of linearity. As for the functional model, the estimated
flow is slightly different from the other two models. However,
as this behavior changes, becoming nonlinear, the values show
a very large difference. When analyzing patterns similar to
those in Figure 3c,d,f,g, it was found that the flux measured by
the exponential model is always high, and these patterns are
often found in CH4. Some flow values calculated by the
exponential model can be up to four times higher than the flow
values obtained by the functional model. In Figure 3h, which
represents N2O, the functional model estimated a higher flux
value compared to the linear and exponential models. It can be
seen that the line fitted by the linear model and the curve of

the exponential model show very similar behavior, practically
overlapping and passing through only one of the observation
points. This indicates that, for this set of data, both models had
difficulty capturing the real variation in gas flow. In contrast,
the functional model fitted the concentration points more
accurately over time, reflecting the dynamics of the emission.
As the functional curve passes through the concentration
points (or very close to the points) in all the samples, they use
the gas variation itself over the time interval, obtaining a good
representation of the flow.
As reported by Parkin et al.,9 when the rate of change is

constant (Figure 3a), the flow can be calculated using linear
regression, but when the observations are not constant, i.e.
curvilinear (Figure 3d,h), linear regression is not suitable for
measuring the gas flow. As also observed by Silva et al.,67 the
linear model is appropriate, but the estimation of GHG fluxes
should not be restricted to this model alone, mainly due to
cases of nonlinearity. In turn, the functional model is flexible to
measure both the rate of change of the three gases when they
are constant and curvilinear.
In Table 1, based on the comparison between the estimation

of linear models vs functional representation for CH4, it

appears that there is a moderate positive correlation (0.7 < ρ <
0.8) for the sugar cane row and inter-row, and a strong positive
correlation for extensive and intensive pasture (ρ = 0.824,and ρ
= 0.822, respectively). There is a weak positive correlation (ρ <
0.49) for the four land uses of the exponential model vs
functional. For all land uses, there was a small model variation

Table 1. Adjustment Measures in Relation to Linear,
Exponential, and Functional Models for CH4, CO2,and N2O
in Relation to Extensive Pasture (EP), Intensive Pasture
(IP), Sugar Cane Row (CR) and Sugar Cane Inter-row
(CI)a

gas models land use ρ R2 CCC

CH4 linear vs functional EP 0.824 0.678 0.816
IP 0.822 0.674 0.758
CR 0.732 0.533 0.703
CI 0.728 0.527 0.676

exponential vs functional EP 0.482 0.229 0.390
IP 0.398 0.153 0.296
CR 0.423 0.174 0.237
CI 0.382 0.140 0.268

CO2 linear vs functional EP 0.967 0.936 0.967
IP 0.989 0.981 0.989
CR 0.978 0.957 0.977
CI 0.965 0.932 0.964

exponential vs functional EP 0.792 0.625 0.777
IP 0.885 0.782 0.852
CR 0.878 0.771 0.846
CI 0.628 0.391 0.550

N2O linear vs functional EP 0.890 0.791 0.883
IP 0.990 0.988 0.990
CR 0.867 0.751 0.867
CI 0.990 0.981 0.987

exponential vs functional EP 0.601 0.356 0.564
IP 0.959 0.919 0.937
CR 0.829 0.685 0.788
CI 0.938 0.881 0.881

aρ = correlation coefficient; CCC = agreement correlation coefficient;
R2 = coefficient of determination.
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(R2 < 0.68), especially the exponential model vs functional
(0.14 < R2 < 0.23). The linear vs functional model exhibited a
moderate degree of agreement for all land uses, with a variation
between 0.67 and 0.82. In relation to the exponential vs
functional model, agreement was weak for the four land uses
(CCC < 0.4).
The linear model vs functional for CO2 showed a very strong

positive correlation and an excellent degree of agreement, for
all land uses. Regarding the exponential vs functional model,
extensive pasture and inter-row showed a moderate positive
correlation with a moderate and weak degree of agreement,
respectively. Intensive pasture and sugar cane row have a
strong positive correlation and a substantial degree of
agreement. The model variation was small between the lines,
comparing the exponential vs functional model. For the other
cases, there was a moderate and large variation.
The linear vs functional model for N2O exhibited a very

strong positive correlation and an excellent degree of
agreement, in relation to intensive pasture and sugar cane
inter-row. Extensive pasture and sugar cane rows showed a
strong positive correlation and a substantial degree of
agreement. About the exponential vs functional model, the
intensive pasture and sugar cane inter-row showed a very

strong positive correlation and a substantial degree of
agreement. The sugar cane row had a strong correlation and
a moderate degree of agreement. Only extensive pasture was
the one that differentiated the most, its degree of agreement
was poor and its correlation was moderate.
The variation in the model was very small for extensive

pasture when comparing the exponential model with the
functional one. For the other cases, moderate to large
variations were observed. The linear model showed values
closer to the functional model than to the exponential model,
offering better correlation and concordance between these two
models for all gases and land uses. Additionally, the
measurements showed better fit and concordance for gases
with more stable behavior, such as carbon dioxide and nitrous
oxide. As for methane, the adjustment indicators (correlation,
concordance, and R2) demonstrated a lower capacity to clarify
the relationship between the models. This is due to the greater
variability in the data, caused by methane’s unstable behavior,
which is influenced by different production (methanogenesis)
and oxidation (methanotrophy) periods, as well as by the
action of microorganisms and chemical elements in the
processes involved.68 These characteristics make methane a

Figure 4. Functional curves (top panel) representing the concentrations of CH4, CO2, and N2O gases for four land uses. Blue dotted line represents
quantiles 2.5, 25, 75, and 97.5. The curve in red corresponds to the median and in black the mean. Intermediate panel represents the standard
deviation referring to the concentrations of CH4, CO2, and N2O gases for four land uses. Derivative curves (bottom panel) of smoothed gas
concentrations (flux).
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gas difficult to analyze and model, as its emissions can result
from both anaerobic and aerobic conditions.3

In terms of descriptive capacity, the functional model is the
one that best fits the concentration points since smoothing
allows the curve to pass through the observed points.
Therefore, the functional model could be considered the
best representation of the variation in the linear and nonlinear
structures of gases among the three models. The linear model
is the one that comes closest to the functional estimates. This
shows that despite the criticisms made by Pedersen et al.12 and
Parkin et al.9 concerning the linear model, it still appears to be
a reasonable model for estimating flow in linear situations.
However, when analyzing a gas with nonlinear behavior such as
CH4, both the linear and exponential models depart from the
functional model.
Representation of Data by the Functional Model and

Its Derivation. B-spline smoothing was used to restructure
the discrete gas concentration data, as the data exhibits
nonperiodic behavior. With the help of GVC, 15 base
functions were determined with a smoothing parameter (λ)
equal to 1.5. After this transformation, the representation of
the complete and continuous function of the concentration of
greenhouse gas emissions was obtained, allowing statistical
analyses, and preserving the variability in the original data.
Thus, each functional curve in gray in Figure 4 (top panel)
refers to the smoothing of the raw concentration data at four-
time points in minutes (t ∈ (0,36)), obtained through closed
static chambers installed in the ground. With 141 functions for
extensive pasture, 143 for intensive pasture, 150 for the sugar
cane row and 147 for the sugar cane inter-row, totaling 580
observations.
In Figure 4 (top panel), it is observed that the functional

averages had a different behavior between the gases. For CH4,
it showed a slight decreasing slope throughout the time
interval, its median also exhibited the same behavior, and they
were close. In the case of CO2, the mean had an increasing
slope, as well as its median. At the beginning of the break they
were overlapping, but they distanced themselves at the end.
Between the quantile curves 75 and 97.5, there is a large
variation for the three gases, especially N2O, since its
functional average is between this range.
According to Sun and Genton,69 this behavior can happen

when the central region (between quantiles 25 and 75) is
narrow, meaning this region shows less variability. All data sets
showed asymmetry. It is possible to observe that, in general,
the functional standard deviation presents an increasing
tendency in relation to time (Figure 4, intermediate panel),
particularly highlighting the behavior of CO2 and N2O.
Concerning CH4, given the highlighted nonlinearity, the
functional standard deviation initially decreases from zero to
5 min and then increases over time.
The derivatives of the gas functions are shown in Figure 4

(lower panel). Each function displays the behavior of the flux
over time, meaning each function represents the trajectory of
the flux measured from the functional curve of each sample. In
the case of CH4, an irregular trajectory is observed,
characterized by alternations between emission and absorption
within a single sampling period. CO2, on the other hand,
presents a more stable behavior, maintaining a positive and
constant flux throughout the analyzed interval. N2O, in turn,
follows a decreasing trend, approaching zero as time
progresses.

It can be seen that, with the derivatives obtained through
FDA, it is possible to analyze the behavior of the flux both
locally and globally. The local flux is the one that can be
measured at any given moment (where t ∈ [0, 36] minutes),
while the global flux represents the average flux. With these
fluxes, it is possible to identify moments of large variations, as
well as periods of positive fluxes, which correspond to gas
emissions into the atmosphere, and negative fluxes, represent-
ing gas absorption by the soil.70 The study of derivatives is a
crucial point in functional data research. For example, Gao71

when analyzing the derivatives of ozone’s daily cycles in
Southern California, found results that were intrinsically linked
to the variation functions of ozone, observing weaker ozone
inhibition in the mornings during the week and faster and
more prolonged ozone accumulation on Sunday mornings.
In addition to the variations observed between gases, the

specific behavior of N2O over time reveals patterns that may be
directly related to the type of land use and soil preparation. It is
observed that N2O shows a slight increase between 0 and 24
min, followed by stabilization in the interval of t ∈ (24, 36)
minutes. Investigating this behavior separately for each land
use (Figure 5), it is noted that this pattern repeats for intensive

grazing, between-row cane, and row crops. These land uses
underwent the same preparation (plowing, liming, and
harrowing) and received the same fertilizers, differing only in
the amount of inputs used, as illustrated in the flowchart of
Figure 1d. Extensive grazing (Figure 5a) is different from the
other land uses by not showing significant variation over time.
The stability observed in the functional curves of N2O

concentrations after 24 min is evidenced by the behavior of the
functional derivative (Figure 4i), which shows a critical point
after 30 min. This critical point occurs when the derivative
begins to oscillate near zero, indicating the stabilization of the
fluxes. To validate this critical point, a Student’s t test for a
sample was conducted, aiming to test the null hypothesis that
the average N2O flux is equal to zero after 30 min. Table 2
presents the 95% confidence intervals for the N2O flux, based
on the Student’s t-distribution. It is observed that the flux value

Figure 5. Functional curves representing N2O gas concentrations for
four land uses: (a) extensive pasture; (b) intensive pasture; (c) sugar
cane row; and (d) sugar cane inter-row. The curve in black is the
functional average.
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stabilizes after 30 min, with the confidence interval limits close
to this time and a significant p-value at minute 32 (p < 0.05).
This behavior suggests that the sampling time used in the

soil gas emission measurements could be adjusted to reflect the
N2O emission pattern more accurately. The sampling time for
soil gas emission measurements is an important factor in
ensuring result accuracy and sampling process efficiency. Gas
samples are simultaneously collected using the static chamber,
with a sampling interval of approximately 40 min, according to
established practices in the literature, as cited in.9,36,72−76

However, for N2O, it was observed that flux stability is reached
already after the third collection (Figures 4c,i and 5b−d). This
behavior suggests that the sampling time for N2O could be
reduced to 30 min, without compromising the representative-
ness of the emissions. Reducing the sampling time would not
only allow for a more accurate representation of the N2O flux
but also result in a reduction of sampling effort, as the analysis
time would be optimized. This approach can improve result
accuracy by avoiding the risk of gas saturation and ensuring
that the collected data more faithfully reflects N2O emission
conditions.
Daily Average Emissions of CH4, CO2, and N2O. The

average daily gas fluxes calculated by the functional model are
shown in Figure 6. The accumulated gas emissions for each
land use were also calculated from the integral of the functional
curve of the average daily fluxes. The highest average daily
methane flux emissions are concentrated in the extensive
pasture (Figure 6a), where 26 of the sampled dates presented
positive values, i.e. methane was emitted on more than 60% of
the sampling days, with a flux accumulated 0.145 ppm/min.
One explanation for this behavior is the changes induced by
compaction in the soil structure, as it essentially affects the
characteristics of gas diffusion in this environment, creating
conditions of anaerobic and, therefore, influencing the soil’s
potential for absorption.77,78 Comparable results, in a region
that exhibits the same pasture species and the same type of soil
as in the present work, were found by Siqueira-Neto,79

Frazão,80 Carvalho,81 in which the highest CH4 emissions were
in pasture (established in the experimental area) when
compared to planting.
Concerning the other three land uses (Figure 6d,g,j), around

80% of the collection days exhibited negative values, indicating
that the soil functioned as a CH4 sink, with an accumulated
flux of −0.223 ppm/min, −0.174 ppm/min and −0.141 ppm/
min, for IP, CR, and CI, respectively. These results corroborate
the findings of Siqueira-Neto et al.,82 who observed CH4
emissions only in pastures, with capture of the gas in other
land use changes, such as in native vegetation and cultivated
land. Similarly, Vasconcelos et al.78 also found higher CH4
flows in pastures, while agricultural areas, such as croplands,

showed absorption. These observations are in line with the
understanding that agricultural practices, especially those with
more managed soils, act as methane sinks. However, it is
important to note that the potential for CH4 capture can vary
considerably depending on local management conditions, soil
type, and climate.83 Studies such as that by Tubiello et al.84

indicate that practices, e.g. the use of fertilizers and soil
compaction, can alter CH4 capture capacity, highlighting the
importance of optimizing soil management in order to
maximize its function as a carbon sink and reduce greenhouse
gas emissions.
The average daily carbon dioxide fluxes (Figure 6b,e,h,k)

were highly variable throughout the experiments for all types of
land use, always with positive values. There are some emission
peaks at the beginning of the experiment, corresponding to
December 2018 and the beginning of January 2019,
concerning the rows and inter-rows of sugar cane. After
these peaks, CO2 fluxes decreased but remained variable until
the end of the experiments. With an accumulated flow of
1651.72 ppm/min for the EP, 1541.05 ppm/min for the IP,
1189.87 ppm/min for the CR, and 736.94 ppm/min for the
CI.
Extensive grazing had the highest average CO2 fluxes, even

without prior soil preparation. This result indicates that carbon
emissions do not depend exclusively on management, but also
on factors such as microbial activity and the availability of
organic matter. In contrast, sugar cane subjected to intensive
management showed relatively lower CO2 fluxes. This suggests
that soil preparation can influence the dynamics of emissions,
possibly by modifying the decomposition of organic matter
and microbial respiration. Studies such as those by Funk et
al.,85 Da Costa et al.86 and Abreu et al.87 show that appropriate
management practices can mitigate CO2 emissions by favoring
carbon retention in the soil.
Regarding the average daily N2O flux, positive values were

observed for all land uses (Figure 6c,f,i,l). For extensive
pasture, emissions were very low, remaining close to zero,
recording an accumulated flux of 0.00696 ppm/min, but this
result is within what is expected in extensive pastures that are
not fertilized with nitrogen in Brazil, as reported in Fuss and
Hueppi46 and Bento et al.88 Except for extensive pasture, there
were high emission peaks between the third and tenth days of
collection, which correspond to December 14, 2018, and
January 4, 2019, respectively. On the days, the values decreased
quickly, remaining close to zero. The accumulated flux for the
IP was 0.0636 ppm/min, while the CR and CI were 0.477
ppm/min and 0.107 ppm/min, respectively.
The highest emission peaks of N2O fluxes are in agricultural

management (sugar cane row and inter-row). This increase
may be related to nitrogen fertilization and the cultivation
process. As also observed in Bento et al.,89 nitrous oxide fluxes
increased mainly in treatments involving cultivation plus
fertilizer application.
Oertel et al.,83 Martins et al.,90 and Lopes et al.91 indicated

that N2O emission rates intensify after fertilizer application,
since the increased availability of nitrogen in the soil favors
denitrification, the process in which N2O is produced. In
agreement, Meurer et al.,92 in their critical review of N2O
emissions under different land uses in Brazil, also found higher
N2O fluxes in agricultural areas under crop management with
fertilization, reinforcing the idea that agricultural intensifica-
tion, especially in areas with high fertilizer application, is a
determining factor for increased emissions. In addition,

Table 2. Value of Confidence Intervals (95%) Based on the
Student’s t Distribution in Relation to the Critical Point in
Time, for N2O Flux in the Four Land Uses

time (min) confidence interval (95%)

27 0,0013 < μ < 0,0023
28 0,001 < μ < 0,0018
29 0.00079<μ < 0,0014
30 0,00049 < μ < 0,00097
31 0,00019 < μ < 0,00055
32 −0,00011 < μa < 0,00021

aSignificant p-value (p < 0.05).
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Canadell et al.93 indicate that agricultural N2O emissions have
increased by more than 45% in the last four decades, mainly
due to the increased use of nitrogen fertilizers and manure.
This corroborates our findings of higher emissions in
agricultural areas, such as sugar cane and pasture intensifica-
tion. These data not only reinforce the relevance of monitoring

N2O emissions in different land use systems, but also indicate
the importance of more sustainable management practices to
mitigate the environmental impacts of intensive agriculture.
Functional Principal Component Analysis (FPCA):

Univariate and Multivariate Cases. In both the univariate
and multivariate analyses, the FPCA was applied only to the

Figure 6. Average daily flux of CH4 (first column), CO2 (second column), and N2O (third column), in relation to the 42 days of collection for each
land use. Extensive pasture (a−c); intensive pasture (d−f); sugar cane row (g−i); sugar cane inter-row (j−l).
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functions representing the temporal variation in the concen-
trations of the gases CO2, N2O, and CH4. It is important to
note that FPCA serves a different purpose than classical PCA.
Rather than aiming to reduce the number of variables, FPCA is
commonly used to represent the dominant modes of variation
in functional data, either for exploratory analysis or as input for
subsequent functional regression or classification procedures.
In the present study, FPCA supported the characterization of
gas concentration variation under each land-use treatment.
The initial results of the FPCA are for the univariate case, in

which the FPCA explains the greatest possible variability
existing in the observations for each gas analyzed in relation to
its land uses. Figure 7 shows a graphical technique that
simultaneously represents the relationships between variables
(PC1 and PC2) and observations (component scores). In
which the value of each observation is a double-entry table of
FPCA.1 vs FPCA.2. This analysis is known as biplot, and its
functionality is to be able to organize observations in a format
that allows group formations to be verified. It is observed that
for the emissions of CH4 (Figure 7a), CO2 (Figure 7b) and
N2O (Figure 7c), the first two PCs cumulatively represented
more than 90% of the variation in all cases.
In relation to CH4 (Figure 7a), the biplot of the PC scores

showed no separation of groups regarding land uses, the values

were well intertwined. Analyzing the biplot for CO2 (Figure
7b), it is noted that this gas was the one that best-differentiated
land uses, separating extensive pasture (blue) from sugar cane
(row and inter-row, yellow and red, respectively), in which
extensive pasture has the highest emission values and the
interline has the lowest values, while the values for intensive
pasture were mixed between the other three uses. Regarding
N2O (Figure 7c), it is observed that emissions from the sugar
cane row were distant from other emissions, however, a good
separation for other land uses was not obtained.
As we have seen, although the univariate FPCA explains

more than 90% of the variation present in the data, it failed to
obtain a good classification in the separation by land use for
the three gases analyzed. Therefore, another FPCA approach
was sought in which gases were analyzed together with their
land uses. This approach is the FPCA for the multivariate case,
it allowed the evaluation of the gases simultaneously, gaining a
better visualization in understanding the phenomenon.
In the multivariate case, where the three gases were analyzed

simultaneously, the first three principal components accounted
for 93.55% of the overall variation while also preserving the
correlation structure between gases. Each gas contributed more
prominently to a different component, providing a three-
dimensional view of the emission profiles associated with land

Figure 7. Biplot of the scores of the main functional components of emissions of: (a) CH4, (b) CO2, and (c) N2O, in relation to land uses:
extensive pasture (blue), intensive pasture (green), sugar cane row (yellow), and sugar cane inter-row (red).
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use. In Figure 8, the representations of the emissions of the
three components of the simultaneously averaged profiles of
CH4, CO2, and N2O are presented, adding (red marker) and
subtracting (blue markers) the eigenfunctions to averaged
profiles. As described by Schmutz et al.,94 in their case study on
multivariate FDA for pollution data in French cities, the
markers can be interpreted as the first source of variation from
the general average, and the first source is a variation in
amplitude relative to the average. In the study, the sum of the
multiples expresses the positive markers in this component,
tending to have the highest gas emissions; that is, the more
emissions increase, the greater the fluxes. Subtraction displays
the reverse markers in this component, implying fluxes with
smaller values.

The first principal component (PC) retained 35.79% of the
total variation present in the data. Of this percentage, CO2 had
the largest contribution (60%), followed by N2O (33.77%) and
CH4 (6.23%). The first PC for CO2 describes an increasing
shift, both for positive and negative markers, that is, for the
largest and smallest emissions, there is growth throughout the
time interval compared to the average curve. The second
component exhibited 33.98%, with N2O having the highest
percentage of variation (53.02%), followed by CH4 (34.14%),
and CO2 (12.84%). Concerning PC2, N2O showed an
increasing displacement for the positive markers and a
decreasing shift for the negative markers throughout the time
interval.
The third component presented a smaller explanatory

reduction, 23.78% of the variation, with methane gas

Figure 8. Representation of the emissions of the three components of the average profiles of CH4, CO2, and N2O. The curves show the average
profile (solid) and the effects of adding (+) and subtracting (−) eigenfunctions. The percentages displayed in the header titles are the amount of
variation explained by each component. The percentages on the vertical axis label are the amounts of variation explained by each variable. For the
three PCs, each eigenfunction is multiplied by a factor of 1.5 to increase the deformation of the (+) e curves (−).
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presenting the largest variation (59.56%), then CO2 (27.38%),
and finally, N2O (13.06%). Methane gas was the only one that
showed a decreasing average PC, showing two different
patterns in the markers, in which the positive markers tend
to grow and then decrease (concavity downward) and the
negative markers tend to decrease and then grow (concavity
up).
Comparing the results for the univariate and multivariate

cases, when using the multivariate PC scores, better perform-
ance was obtained in the formation of groups, both for an
unsupervised analysis such as cluster analysis and a supervised
analysis such as classification. These results can be observed in
the next sessions.
Cluster Analysis. The cluster analysis of the scores of the

multivariate principal components (considering the simulta-
neous analysis of gases) (Figure 9) showed that four clusters
were formed. Of the 134 observations in cluster 1 (yellow
color), 89% of the observations represent emissions from
pasture and 11% represent emissions from sugar cane, being
labeled as the pasture group. There were positive values for
almost all PC1 and PC3 scores, indicating higher emissions of
CO2 and CH4, respectively, and negative values for PC2,
indicating lower emissions of N2O. As seen in Figure 6, the
values of the highest daily flux averages were CH4 and CO2 for
extensive pasture, followed by intensive pasture. On the other
hand, for N2O, emissions from extensive pasture presented the
lowest average values.
Cluster 2 (red color) has 67 observations, 55% of which

represent pasture and 45% sugar cane. They presented positive
values in relation to PC1 and negative values for PC2 and PC3.
This group is the intermediate group, as emissions from both
pastures and sugar cane were similar in relation to the three
gases. Concerning cluster 3 (green color), row and inter-row
emissions showed great similarity, with 80% of their emissions
concentrated in this group. For this reason, it comprised the
largest number of observations (362), with 68% being sugar

cane and 32% pasture. Since the vast majority of emissions
come from sugar cane, this group was categorized as the sugar
cane group. The N2O exhibited the greatest contribution to
the formation of this group, as the score values for PC2 were
almost all positive, showing that they are the highest emissions
of the gas.
Finally, cluster 4 (blue) consisted of only 17 observations, all

related to sugar cane. These events took place between
December 17 and 26 and January 2, with high CO2 and N2O
emissions, but low CH4 emissions. As noted in Jacques and
Preda,95 cluster analysis groups together observations with
significant variations in amplitude and phase in functional
curves. This group is particularly relevant in our results, as it
represents the peaks in CO2 and N2O emissions observed in
sugar cane, corroborating Figure 6h,i,k,l, which show peaks in
daily flows after soil management processes.
Land Use Classification Analysis. The accuracy obtained

by the test regarding the classification model is in Table 3,
along with the classification model evaluation metrics and
description of the scenarios. Different scenarios were
considered to verify different influences on gas modeling.
After defining the parameters for each scenario, the model was
evaluated on the test data. To illustrate the performance of the
best models on the test data, the confusion matrices in Figure
10 were generated. Using the confusion matrix, it is possible to
analyze the classification results in more detail, as it is possible
to observe the classification errors in relation to land uses. For
example, from the observations that should have been classified
as extensive pasture and were not, it is possible to identify how
many were classified as another land use. Assuming that the
majority of errors were classified as intensive pasture, this
would imply that the model does not differentiate well between
extensive and intensive pasture.
In the first scenario (Table 3), the classification was

conducted with only PCs as independent variables and four
land uses as dependent variables, obtaining a low-test accuracy

Figure 9. Cluster analysis based on the three main components for the multivariate case. Color schemes: yellow group 1 (pasture); red group 2
(intermediate); green group 3 (sugar cane); and blue group 4 (peaks in CO2 and N2O emissions caused by soil management).
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of only 53%. Regarding the metrics used to evaluate the
classification model, the model’s accuracy varied between 52%
and 57% for land uses, with CI being the treatment that
obtained the highest identification of observations correctly
(recall = 66%) followed by EP (recall = 65%), the CR
treatment was the one with the least correct classification
(recall = 40%), followed by IP (recall = 43%). Given that
environmental factors, mainly temperature (air and soil) and
soil humidity, influence emissions of CH4, CO2, and N2O
fluxes,96,97 in addition to the three main components, soil and
air temperature at the time of data collection were
incorporated into the independent variables to the second
scenario (Table 3). Soil temperature controls biological oxygen

consumption, altering the growth of microbial communities.30

With the addition of temperatures, both the accuracy of the
test and the precision of the model increased (Table 3). The
accuracy was 64% and the model precision varied between
51% and 82% for land uses. Regarding metrics, it appears again
that CI was the treatment that obtained the highest
identification of observations correctly (recall = 80%), followed
by EP (recall = 74%). The CR treatment was the one with the
least correct classification (recall = 45%), followed by IP (recall
= 57%).
Due to the characteristics of the experiment, given that CR

and CI are in the same experimental plot, these two treatments
were also considered as the same group in an additional
scenario. Therefore, for the third scenario (Table 3), PCs and
three land uses (EP, IP, and C) were considered. The test
accuracy was 65%, 12% higher than scenario 1. The model
accuracy varied between 55% and 91% for land uses. It is
observed that treatment C obtained the highest identification
of observations correctly (recall = 90%), followed by EP (recall
= 63%) and IP was the treatment that had the lowest correct
classification (recall = 21%). As seen in scenario 2, when we
add temperatures to the classification model it exhibits better
performance. Thus, in the fourth scenario (Table 3), PCs,
temperatures and three land uses were considered, obtaining
moderate accuracy (74%), with model precision varying
between 67% and 78% for land uses. In the confusion matrix
for scenario 4 (Figure 10a), it can be seen that the treatment
that exhibited the highest proportion of correct classification
was sugar cane (recall = 82%), the worst was intensive pasture
(recall = 55%) and extensive pasture was the intermediate one
(recall = 77%).
Finally, a temporal component was added only to the data

collected from December sixth of 2018 to January 25th of
2019. The choice to reduce the data was due to two reasons,
the first was about the spacing of the collection days, among
these dates there was a large number of samples, and the
second reason was that from January 26, 2019, the pesticide
2,4-D was applied only to sugar cane, as described in Figure 1d.
Then, two periods are evident in which there are differences
regarding soil management preparation. From this perspective,
the next scenarios (5, 6, 7, and 8) were constructed with a
smaller sampling interval.
The fifth, sixth, and seventh scenarios (Table 3) had a lower

test accuracy than scenario 4, with 60%, 70%, and 73%,
respectively. The eighth scenario was the one that presented
the highest test accuracy with 77% (Table 3), in this scenario,
PCs, temperatures, and three land uses were considered with
data with the smallest time interval. The accuracy of the model
(Table 3) was very close, 76% for EP, 78% for IP, and 77% for
C. Sugar cane had the highest proportion of correctly classified
observations (recall = 95%), followed by PE (recall = 78%)
and the IP (recall = 46%), as can be seen in Table 3 and the
confusion matrix (Figure 10b).
The results show a strong influence of external factors

(management and handling) on the classification model as
referenced in the literature.98,99 This can be observed by the
increase in accuracy when both the soil and air temperature
and the temporal component are added to the scenarios. In
addition to the external factors noted above, an increase in
accuracy is also observed when CR and CI soils are considered
as a single treatment. From an experimental point of view,
there is no complete isolation between the row and the inter-
row since they are in the same experimental plot.

Table 3. Classification Model Evaluation Metrics for Each
Land Use: Extensive Pasture (EP), Intensive Pasture (IP),
Sugar Cane Row (CR), and Sugar Cane Inter-row (CI)

model description
land
use precision recall

F1
score accuracy

1 PCs EP 0.52 0.65 0.58 0.53
IP 0.57 0.43 0.49
CR 0.55 0.40 0.46
CI 0.52 0.66 0.58

2 PCs + temperature, four
groups

EP 0.82 0.74 0.78
IP 0.59 0.57 0.58 0.64
CR 0.51 0.45 0.48
CI 0.65 0.80 0.71

PCs, with three groups EP 0.55 0.63 0.59
3 IP 0.91 0.21 0.34 0.65

C 0.67 0.90 0.77
PCs + temperature,
three groups.

EP 0.70 0.77 0.73
4 IP 0.67 0.55 0.60 0.74

C 0.78 0.82 0.80
5 data from 06/12/2018−

01/01/2019, PCs
EP 0.80 0.75 0.77 0.60
IP 0.55 0.54 0.55
CR 0.52 0.57 0.54
CI 0.56 0.56 0.56

6 data from 06/12/2018−
01/01/2019, PCs +
temperature

EP 0.85 0.82 0.84
IP 0.68 0.61 0.64 0.70
CR 0.63 0.66 0.64
CI 0.61 0.66 0.63

7 data from 06/12/2018−
01/01/2019, PCs

EP 0.84 0.66 0.74 0.73
IP 0.82 0.36 0.50
C 0.69 1 0.82

8 data from 06/12/2018−
01/01/2019, PCs +
temperature

EP 0.76 0.78 0.77
IP 0.78 0.46 0.58 0.77
C 0.77 0.95 0.85

Figure 10. Confusion matrices for scenario 4 (a) and scenario 8 (b)
in relation to the classification models that showed better accuracy.
Soil uses extensive pasture (EP), intensive pasture (IP), and the union
of row and inter-row uses of sugar cane (C).
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In summary, the results of the analyses demonstrated that
through the derivatives of the functions, the flux was
calculated, both local and global, and with the integral of the
functional curves, verifying that one of the advantages of using
functional data is the measurement of the instantaneous flux
through derivatives, making it possible to analyze the variability
of gas fluxes concerning different land uses. Therefore, the
functional derivatives detected variability in flow emissions
between collection days. This may result from the influence of
external factors and soil management activities.
Land uses under study contributed most of the time as a sink

for CH4, unlike CO2 and N2O, which acted as a source of the
gases in all land uses. Regarding N2O, the fluxes were very
close to zero, since high emissions of the gas were observed at
the beginning of the sampling, a period close to soil
preparation. Thus, showing the influence of soil preparation
on emissions of this gas. In terms of descriptive capacity, the
functional model is the one that best fits the concentration
points, since smoothing allows the curve to pass through the
observed points. Therefore, the method is appropriate for
evaluating the fluxes of GHGs when the flux is both constant,
as is the case with CO2 and N2O, and curvilinear, such as CH4.
Moreover, it accurately represents the process of gas exchange
between soil and atmospheric air. These findings have
important implications for environmental management and
the development of public policies aimed at mitigating the
impacts of GHG emissions in agriculture.
However, despite the advancements in the comparison

between the models, this study has some limitations. Notably,
climatic variables such as temperature, humidity, and
precipitation, which can influence GHG fluxes, were not
considered. Additionally, the temporal limitation of the study,
with data collected over only six months, may have prevented
the capture of broader seasonal patterns throughout the year.
To overcome these limitations, future research could integrate
climate models to assess how environmental variables impact
the estimation of GHG fluxes in different land uses. Hybrid
approaches that combine the Functional Regression Model
with machine learning techniques, such as random forests or
support vector machines, could offer a more nuanced
interpretation of the data, particularly when nonlinear
relationships are predominant.
Furthermore, studies monitoring gas fluxes over time during

different seasons of the year would allow for the evaluation of
seasonal patterns and enhance the robustness of the analyses,
providing a deeper understanding of gas dynamics in relation
to land use changes, such as the conversion of pastures to sugar
cane cultivation. Applying the methodology to different
ecosystems could also help to understand regional variations
in emissions.
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