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Carbon dioxide (CO2) emissions from agricultural soils result from the interaction of various factors that regulate
the quantity and quality of organic material. Our objective was to assess changes in soil CO; fluxes following the
renewal of degraded pastures using FTIR spectroscopy and a machine learning approach. Additionally, we aimed
to understand the spatial distribution of organic compounds obtained from FTIR spectra bands and their cor-
relations with soil attributes. The study was conducted in Selviria, Mato Grosso do Sul, Brazil, in two areas
dedicated to extensive beef cattle farming. Geostatistical grids were established in the study areas to evaluate
CO, emissions, and soil sampling was performed for FTIR spectral analysis and other soil attributes. The semi-
quantitative analysis of the CH vibrational region involved spectral deconvolution guided by the positions of
the peaks obtained from the second derivative and Gaussian curve fitting. Our results indicate that the relative
abundance of compounds related to peaks at 2853 cm ™! and 2923 cm ™! showed linear and spatial correlations
with CO, emissions. Pasture renewal, followed by sorghum cultivation intercropped with Urochloa brizantha,
resulted in increased soil pH up to 5.6 and reduced concentrations of compounds related to the aliphatic CH
band. This management practice also led to a decrease in CO; emissions to a range of 0.94 to 0.97 pmol m~2 s~ .
The CH, index, calculated as the ratio of peaks at 2853 cm™! and 2923 cm ™2, exhibited similar changes and could
serve as an indicator of soil organic matter loss and CO, emissions in these systems. Our findings suggest that
FTIR organic compounds are spatially dependent and coupled with a machine learning approach is sensitive to
distinguish chemical changes in soil organic groups and predict soil CO, emissions.

1. Introduction

In the last century, the global demand for food has been linked to
population growth and an increase in per capita income (Rask and Rask,
2011). The preferred approach to meeting this demand has been through
agricultural extensification processes, primarily focused on grain and
beef production (Tilman et al., 2011; Ray et al., 2013). However, the
expansion of agricultural areas has had negative impacts on various
natural ecosystems (Tilman et al., 2002; Lapola et al., 2014), resulting in
the loss of forests in Africa and Asia, with over 75% of the lost forest area
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converted to agricultural land. In South America, nearly three-quarters
of deforestation is due to livestock (FAO, 2020).

In Brazil, extensive livestock systems still dominate agricultural ac-
tivities. Livestock feed heavily relies on pastures, with limited supple-
mentation through mineral salts. One of the main characteristics of these
systems is the lack of investment in chemical and physical soil prepa-
ration to enhance pasture productivity, leading to widespread degra-
dation (Tavanti et al., 2020a). Extensive agricultural production systems
in Brazil generally exhibit gradients of fertility and acidity (Vieira et al.,
2008), surface compaction (de Assis Valadao et al., 2015), and low
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carbon stocks (C) in the topsoil (Almeida et al., 2015), thus character-
izing these areas as extractive and degraded systems.

In addition to soil characteristics that are unfavorable for animal
productivity, pastures in various stages of degradation can contribute to
increased loss of soil organic matter (SOM) due to reduced quality and
quantity of organic materials added to the soil. This combination of low
productivity and SOM loss leads to higher greenhouse gas emissions per
kilogram of meat or milk produced (IPCC, 2017), resulting in negative
public perception of livestock activities. Therefore, the adoption of
sustainable soil land management (SLM) is necessary to maintain land
cover, ensure animal production, and consider the quantity and quality
of supplied organic matter (Sanz et al., 2017). Agricultural practices
such as periodic correction of soil acidity, appropriate fertilization,
optimal stocking capacity, and crop rotation are viable alternatives for
rehabilitating degraded pastures, which can help reduce greenhouse gas
emissions and maintain or increase meat productivity in the country.

During pasture renovation operations, soil preparation leads to
increased CO, emission rates from the soil to the atmosphere. This is due
to the solubilization of carbonates (from limestone) and the breakdown
of soil aggregates. A portion of the carbon (C) occluded in the aggregates
becomes susceptible to mineralization as it is exposed to microbial ac-
tivity, facilitated by increased oxygenation and soil temperature
(Schwartz et al., 2010; Silva et al., 2014). However, there is a reduction
in labile fractions of SOM in the short term, accompanied by a decline in
basal microbial activity, leading to the establishment of a new dynamic
equilibrium (Six et al., 2006). This results in medium- and long-term
reductions in CO, emissions and an increase in soil carbon stocks. As
this is a relatively recent occurrence, there are limited studies in tropical
areas that characterize the process of CO2 emissions and assess changes
in SOM quality following pasture renovation with crop rotations.

The quantity and quality of SOM are important indicators in soil
fertility management (Paul, 2016) and can guide future strategies for
implementing SLM practices. Traditionally, changes in the chemical
composition of SOM have been evaluated using wet chemical fraction-
ation, commonly known as the Van Soest method (Van Soest et al.,
1991). This method provides accurate characterization of residue
composition in different lability fractions and is considered a reference
in studies of residue decomposition (Chen et al., 2010; Soong et al.,
2014). However, it does not offer additional information about the
structures of organic compounds and generates chemical waste after the
analysis procedure (e.g., potassium dichromate). Due to these limita-
tions, studies based on Fourier-transform infrared spectroscopy (FTIR)
have successfully distinguished chemical components in organic mate-
rials during the decomposition process. FTIR can identify the presence of
Si—O, CO, CN, C—H, and C—O bonds in polysaccharides, as well as
C=C and COO- bonds in aromatic compounds (Duboc et al., 2012;
McKee et al., 2016). This technique is increasingly used in soil science
due to its versatility, rapid measurement speed, relatively low cost, and
sensitivity to mineral and organic bonds that constitute SOM (Nocita
et al., 2015; Parikh et al., 2014).

The combination of FTIR spectroscopy, physical fractionation of
SOM, and a multivariate statistical approach (dimensionality reduction
and machine learning) can provide valuable insights into the quality of
agricultural systems. Understanding the specific SOM compounds that
modulate COy emissions from the soil, particularly in the context of
pasture renovation operations, is still in its early stages. By employing
various machine learning techniques such as Multiple Linear Regression,
Partial Least Squares Regression, Artificial Neural Networks, or Random
Forest (RF), it becomes feasible to predict soil attributes and gain in-
sights into the significance of variables within the model. Among these
methods, the RF model, which extends tree-based classification and
regression algorithms, has been widely recognized as the most effective
approach for classifying and quantifying soil properties (Rossel et al.,
2006; Goydaragh et al., 2021; Rial et al., 2016).

In this context, we hypothesize that organic compounds obtained
through FTIR spectroscopy can be utilized to map soil CO, emissions in
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areas undergoing pasture renewal, as well as other spatially dependent
attributes such as pH and carbon stocks. Our objective was to evaluate
changes in CO; fluxes by employing FTIR spectroscopy and a machine
learning model as a framework after the renewal of degraded pastures.
Additionally, we aimed to understand the spatial distribution of organic
compounds obtained from bands in FTIR spectra and their correlations
with soil attributes.

2. Material and methods
2.1. Study location and treatments assignment

The experiment was conducted in Selviria county, Mato Grosso do
Sul, Brazil, specifically at coordinates 20° 21'S, 51° 24’ W, and an alti-
tude of 357 m. The climate in this region can be classified as tropical and
humid, characterized by a dry period in winter and a rainy period in
summer (according to the Koppen'’s classification, it falls under the Aw
category). The average annual temperature is 25 °C, and the annual
precipitation reaches 1330 mm. The local soil was classified as loamy
sand Oxisol, according to Soil Taxonomy (Soil Survey Staff, 2014), with
a clay content of 130 g kg™}, silt of 60 g kg™, and sand of 810 g kg2, as
determined by the pipette method (Embrapa, 2017). The chemical
characteristics of the soil before the beginning of the experiment were:
organic matter content of 17.0 g kg ™!, pH in CaCl, of 4.9, exchangeable
P of 5.8 mg kg !, exchangeable K of 0.6 mmol. kg !, exchangeable Ca of
9.4 mmol. kg!, exchangeable Mg 10.5 mmol. kg~!, exchangeable Al
0.9 mmol, kg !, cation exchange capacity at pH 7.0 (CEC) 40.5 mmol,
kg~ and base saturation 50.1%, determined according to Van Raij et al.
(2001).

The experiment was conducted on a farm, intended for the exploi-
tation of beef cattle, with the planting and grazing of Urochloa brizantha
cv. Marandu. Both the managed and unmanaged area have received over
the years 2002, 2008, and 2013, corrections for soil fertility and acidity,
with 1.5 t ha™! of lime (25% CaO and 16% MgO), 31 kg ha~! of urea
(45% N), 123 kg ha™! of triple superphosphate (40% P,05 and 10% Ca),
and 47 kg ha! of potassium chloride (60% K30).

The managed area received pasture management in 2017 in order to
cultivate forage sorghum (Sorghum bicolor L. Moench) for silage pro-
duction in the rainy season. The pasture was removed using a heavy disk
harrow and, subsequently, 1,0 t ha~! of lime was applied to raise the
base saturation to 60%. Afterward, limestone was incorporated with an
intermediate disk harrow and the ground was leveled with a light disk
harrow. Fertilization was carried out during planting with 45 kg ha ! of
urea (45% N), 175 kg ha™! of triple superphosphate (40% P20s and 10%
Ca), and 67 kg ha ! of potassium chloride (60% K50), and sorghum
were seeded together with U. brizantha, both in broadcast forms. The
planned population density of sorghum plants was 150,000 plants ha™".
After these operations, the soil did not receive any other type of chem-
ical or physical management. The dates and an illustrative scheme of the
operations that made up the pasture renewal process are shown in Fig. 1.

In this context, two plots of the farm, possessing similar soil and
topography characteristics, were selected as experimental areas for soil
attribute mapping. Consequently, the treatments were characterized as
follows:

Experimental Area 1 (Managed grassland): The first area underwent
pasture renovation, employing the aforementioned procedures, to
facilitate the cultivation of sorghum and U. brizantha for silage pro-
duction. This allowed for cost amortization related to soil fertility and
acidity corrections (Fig. 1). The animal stocking rate was maintained at
3 AU ha! year!. Throughout the sorghum production period (100
days), the animals were not allowed to graze. Subsequently, after the
sorghum harvest, the area was made available for grazing.

Experimental Area 2 (Unmanaged grassland): The second experi-
mental area retained its management system unchanged since 2013
(Fig. 1). The animal stocking rate remained at 3 AU ha™! year!.
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Fig. 1. Daily minimum, average, and maximum precipitation, and temperatures during the period of conducting the experiment in an Oxisol. The illustrations below
the graph correspond to the management histories of the areas as well as their respective realization dates, as shown in the X-axis of the graph.

2.2. Sampling scheme

Georeferenced sampling grids were installed, with one grid imple-
mented in each experimental area. The dimensions of the grids were
equivalent to 1.4 and 2.7 ha, encompassing 65 and 70 points respec-
tively (Fig. 2). To investigate the spatial dependence of soil attributes
during the geostatistical analysis, certain locations were marked with
points positioned in an orderly and sequential manner, spaced every five
meters. The remaining points were randomly allocated to ensure rep-
resentation across the entire perimeter of the area.

2.3. Sample preparation for FTIR spectroscopic measurements

Disturbed soil samples were collected from the 0.00-0.15 m layer
using a Dutch-type auger. These samples were air-dried and subse-
quently crushed to pass through a 2 mm sieve. To ensure constant
weight, the soil was then oven-dried at 60 °C for 15 h. For obtaining
absorption spectra, the soil samples were diluted with KBr in a ratio of
1:300. Maceration using an agate mortar was employed to mix the soil
samples with KBr. To ensure a flat surface, soil-KBr pellets were pre-
pared using the Specac® GS01152 Palletizer, applying a fixed weight of
2 tons for two minutes. Following the pressing, the pallets were stored in
a glass container with silica to prevent moisture absorption before FTIR
readings.

The FTIR absorbance spectra were measured using a Nicolet™ iS10
FTIR spectrometer equipped with a KBr/Ge mid-infrared beam splitter.
The instrument featured a Deuterated TriGlycine Sulfate (DTGS) de-
tector and was accompanied by Smart Omni Transmission™ accessories.

The measurements were conducted in a controlled environment with an
ambient temperature of 25 + 1 °C and humidity levels below 75%.
Calibration and quality control of the analysis involved determining the
background spectrum with pure KBr and performing polarization, noise,
and atmospheric corrections for water vapor and CO,. The FTIR spec-
trum was acquired over the range of 4000 to 400 cm ™! at a resolution of
8 cm ™! and a scanner velocity of 7.5 kHz. Each sample’s average spec-
trum was derived from 64 scans, with the exclusion of the first and last
points due to their consistent zero amplitude. Consequently, a total of
3734 points per soil sample were considered for further analysis.

2.4. Spectral data processing

Extended multiplicative signal correction (EMSC) (Griffiths and De
Haseth, 2007) was employed for corrections and baseline spectra ad-
justments. EMSC applies a model-based approach for background
correction and spectrum normalization. It effectively handles variations
in scaling, polynomial baselines, and interferents. In the traditional
EMSC preprocessing framework, the spectra were scaled using a pre-
determined reference spectrum, and irrelevant polynomial trends were
subtracted from the data. The EMSC package in the R environment was
utilized for this purpose, with a second-degree polynomial function
defined as the model background (Fig. 3A). The resulting FTIR spectra of
the soil samples are presented in Fig. 3B.

The chemical composition of SOM was evaluated by analyzing the
peak intensity corresponding to the 2955-2830 cm ! band (Band A),
which corresponds to saturated aliphatic (alkane/alkyl) group fre-
quencies, including symmetric and asymmetric stretching vibrations of
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CH bonds (Fig. 3C). Band A was selected due to its representation of
functional groups with high lability (aliphatic structures) in SOM. The
choice of bands below 3000 cm ™! aimed to eliminate potential effects of
O—H vibrations from water molecules. Deconvolution of the Band A
peaks was performed by adjusting Gaussian curves based on the second
derivative of the band. The minimum peaks of the second derivative
were utilized to define the peaks in the normalized spectrum. Nonlinear
least-squares fitting was applied to fit Gaussian curves. The semi-
quantitative estimate of the peaks was obtained by integrating the
area under the Gaussian curve (AUC) using the trapezium method. The
identification of absorption peaks corresponding to functional groups of
organic compounds was based on relevant scientific literature, as shown

in Table 1.

An index, calculated as the ratio between peaks at 2853 and 2923
em ™! (CHy-Index), was proposed to characterize compounds related to
symmetric and asymmetric CHy vibrations. Observation of the CHjy
stretching intensities reveals that asymmetric vibrations are greater than
symmetric vibrations. As chain length/molecular weight increases,
there is a decrease in methyl contribution and an increase in methylene
contribution. The molecular symmetry of the compound significantly
impacts the spectrum, along with factors such as relative electronega-
tivity, bond order, and the relative mass of participating atoms. There-
fore, the goal was to investigate whether the proportion of compounds
associated with these peaks exhibits linear and spatial correlations with
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Table 1
FTIR vibrational assignments for soil organic matter absorbances sample.
Frequency Absorption Peak  Associated group References
range (em™)
Band A
3000-2840 2941 I CHs asymmetric abcd
stretch
2923 I CH; asymmetric abcd
stretch
2000 II Aldehyde C-H abed
stretch
2894 v CH stretch b d
2872 v CHj3 symmetric abecd
stretch
2853 VI CH; symmetric abcd
stretch

2 Senesi et al. (2007).
b piccolo et al. (1992).
¢ Tatzber et al. (2007).
4 Coates (2001).

the evaluated soil attributes. All data processing was performed using
the R version 4.2.0 program (Liland, 2016; Liland and Mevik, 2015) and
OMNIC™ software.

2.5. Soil attributes

Field measurements of CO5 flux (CO,-F) from the soil were con-
ducted during May and June (05/05/2018; 05/31/2018; 06/05/2018;
06/14/2018, and 20/06/2018) using portable LiCor systems (LI-8100),
as explained by Tavanti et al. (2020b). The systems were attached to
polyvinyl chloride (PVC) collars measuring 8.5 cm in height and 10 cm
in diameter, which had been previously installed at the sampling points
of the georeferenced sampling grids. Soil CO emissions were measured
over a 5-min interval. The CO5 emission for this period was estimated by
calculating the area under the curve (AUC) formed by the function that
describes the emission over time. The average values of emissions over
the evaluation days are included in the Supplementary Files (Fig. A.1).

For the collected soil samples, pH measurements were performed
using a CaCly solution according to the method described by Van Raij
et al. (2001). Clay, silt, and sand content was determined using the
pipette method (Embrapa, 2017). Organic carbon content was calcu-
lated according to the method of Cambardella et al. (1994). After the soil
sample is passed through a 0.053 mm sieve, particulate organic carbon
(POCQ) is separated from organic carbon (MAOC) associated with the
mineral fraction. Only POC content is measured, while MAOC is deter-
mined by calculating the difference between total organic carbon (TOC)
and POC. To determine TOC and POC content, 10 mL of 1 mol L™1 HCl
was added to 10 g of soil to remove carbonate (inorganic carbon in
limestone). After this process, the floors are dried in an oven at 60 °C for
15 h. Dried soils were macerated and analyzed according to the method
proposed by Yeomans and Bremner (1988).

From the 10 g sample used for TOC determination, 5 g was used for
particle size separation of MAOC and POC. These fractions were deter-
mined using the same method as for TOC. Stocks of TOC (TOC-S), POC
(POC-S), and MAOC (MAOC-S) were calculated according to the method
of Soares et al. calculated Soares et al. (2020), where the content of each
fraction is multiplied by soil bulk density and soil depth, as shown in Eq.
(1):

C stocks (Mgha™") = C (%) x Soil depth (m) x Bulk density (Mg m™) x 100
@

To facilitate a comparison of carbon stocks among equal soil masses,
corrections were calculated using the equivalent soil mass method
(Ellert and Bettany, 1995), with the soil bulk density of native forest
areas serving as a reference. The corrected stocks were estimated
through an adjustment that incorporated the corrected depth (Depth.
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Corr.), as determined by Eq. (2):

Depth.Corr.(m) = % x Depth ref. )

where: BD, represents the bulk density of the reference soil (native
forest) near the sampling area (Mg m ), BD, represents the bulk density
requiring correction (Mg m™>), and Depth. ref. represents the reference
depth for equal masses. These soil parameters were obtained from a
previous study conducted by Tavanti et al. (2020a) and were utilized to
investigate the multivariate relationship between the soil attributes and
FTIR spectra.

2.6. Statistical analysis

Descriptive analyses and the Shapiro-Wilk normality test (p < 0.05)
were performed on the set of analyzed variables. Outliers were identified
and removed from the dataset based on values that exceeded three times
the interquartile range. A comparison of means between the grassland
management systems was conducted using the bootstrap technique,
which involved 1000 random resamplings with replacement, following
the method proposed by Tavanti et al. (2020b). From the resulting 1000
values, the upper and lower limits of the confidence interval for the
means were determined, encompassing a 95% probability. These con-
fidence intervals were used for subsequent comparisons of means. If the
confidence intervals overlapped or the error bars touched, the means
were considered not significantly different, while the absence of over-
lapping values indicated significant differences (p < 0.05).

The study did not employ a specific statistical design; therefore, a
multivariate statistical method was chosen to examine the impact of
management systems on the analyzed variables. In order to mitigate the
influence of unit factors, such as scale differences on the study results,
the dataset was standardized. This standardization ensured that all
variables contributed equally to the calculation of the similarity coeffi-
cient between sampling units (Wilks, 2006). The following equation was
used to standardize the variables for the analysis:
_Xi—X
Zy = s 3
where Xj is the value of the ith access of variable j; X; is the original
mean of the j' variable; S; is the standard deviation, and Zj is the value
of the standardized variable.

To ensure the appropriate application of Principal Components
Analysis (PCA), the data were subjected to the Kaiser-Meyer-Olkin’s test
(with a threshold of >0.50) and Bartlett’s sphericity test (p < 0.05) to
verify the fulfillment of basic assumptions. The commonality of the
variables was also assessed, and any variables with values below 0.50
were removed from the analysis. Principal Components (PCs) with ei-
genvalues >1.0 were selected for further analysis. In order to provide a
clear visualization of the first three extracted PCs, a triplot graph was
generated, depicting the load of each attribute as arrows and the scores
of each treatment as points. Additionally, a Pearson’s correlation heat-
map was computed to examine the relationships among the variables
under the proposed management systems.

Multivariate data analysis was used to synthesize the number of
variables without reducing information. Therefore, the scores of the first
three PCs were used to map the soil attributes in the two areas. The
spatial dependence of Band A organic compounds, soil attributes, and
new synthetic variables (scores) was assessed using semivariograms. The
Exponential, Gaussian, and Spherical semivariogram models were also
tested. The model selection criteria were highest coefficient of deter-
mination (RZ), lowest root mean square error (RMSE), and linear co-
efficients close to zero and slope close to one in the cross-validation
process (Qin et al., 2019; Yao et al.,, 2019). The spatial variability
dependence was classified based on the nugget-to-plateau ratio (Cam-
bardella et al., 1994).
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2.7. Machine learning approach

A chemometric model, as described by Mohanty et al. (2016), was
employed to identify relationships between soil respiration x FTIR
spectra and soil attributes, with the aim of determining the most sig-
nificant spectral bands for this purpose. The procedure involved fitting a
Random Forest (RF) model, where CO,-F served as the dependent var-
iable and spectral data and soil attributes were utilized as predictors. RF
was chosen due to its advantageous characteristics when compared to
other machine learning techniques. It is a non-parametric method,
capable of handling datasets with a higher number of predictors than
observations while avoiding overfitting (Diaz-Uriarte and De Andres,
2006; Wiesmeier et al., 2011). Additionally, RF is well-suited for
addressing small-n large-p problems and exhibits robustness against
noise and outliers (Guio Blanco et al., 2018).

In this study, we leveraged the spatialized information (maps) of the
analyzed variables to refine the model adjustment. A total of 5570
samples (pixels) were obtained in the managed grassland area, while
3703 samples were collected in the unmanaged grassland area. To
calibrate and validate the model, the data from the interpolated maps
were divided into training and test sets. Approximately 70% of the
samples were randomly selected for model construction (training set),
while the remaining 30% were used for validation (test set). A 10 k-fold
cross-validation strategy was employed to evaluate the RF model per-
formance on both datasets. To perform the validation, the dataset was
divided into k folds, and at each run, k-1 folds were used to train, and the
remaining fold was used to validate the model. This process repeats k
times; thus, all folds were used for both training and validating the
model. We applied 1000 trees, and the maximum number of features at
each split had been determined through grid search optimized to find
the best performance. RF was calculated with the “caret” package in R
environment.

Table 2
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The performance of the model was assessed by comparing the pre-
dicted values with the observed data in the test set. Several parameters
were calculated to evaluate the model’s performance, including the R?,
mean squared error (MSE), RMSE, and mean absolute error (MAE):

S Sermr

R*=1- (4)
Sslolal
1 <& -
MSE =— Y (Y - Y))’ (5)
i=1
RMSE = VMSE (6)
1< .
MAE=-) [Y;-Y; 7
- ;\ | @

where Y; and Y; represent the observed and predicted CO,—F at point i,
respectively; n is the number of observations in the model; and SS is the
sum of the square values.

All statistical analyzes were performed with the R software version
4.2.0 and the packages “nortest,” “agricolae”, “geoR”, “factoextra”,
“gstat” and “caret”. The kriging maps were edited using QGIS 3.28.3
software.

3. Results
3.1. Visual and descriptive analysis of FTIR spectra and soil attributes

The FTIR spectra of the soil samples exhibited absorption signals in
the frequency range associated with SOM, specifically within the range
of 2955 to 2830 cm 1, which corresponds to aliphatic C—H stretching
(Fig. 3B; Table 2). Notably, two distinct peaks were observed at 2923
cm ™! (Peak II) and 2853 ¢cm~! (Peak VI), which were attributed to

Descriptive analysis of soil attributes obtained from the integral IR absorbance intensity of the FTIR spectra (arbitrary units) and normality test under different

livestock farming systems.

Attribute Mean Median  Min Max sD! cv? Coefficient s-w? Pr > Fc* Bootstrap comparison’s test’
Kurtosis Skewness Unmanaged grass. Managed grass.
Soil physical
Clay (g kgfl) 128.36 126.54 98.80 164.81 10.424 7.9 0.19 1.47 0.00 * 0.06 ™ 131.01 A 126.13 A
Silt (g kg™h) 61.43 68.17 17.43 95.13 20.597 31.7 -0.56 -0.74 0.00 * < 0.001* 47.20B 73.47 A
Sand (g kg ™) 810.62  808.90 764.99 87275 22521 2.7 0.26 —-0.37 0.26™ < 0.001* 822.16 A 800.86 B
Soil chemical
pH CaCl, 5.16 5.10 4.40 6.30 0.410 7.6 0.41 —0.44 0.00 * < 0.001* 49B 54 A
CO»-F (umol m~2s71) 1.170 0.980 0.940 1.540 0.221 189  0.22 -1.90 0.00 * < 0.001* 1.40 A 0.97 B
TOC-S (Mg ha™") 16.67 16.71 14.79 18.86 0.788 4.7 —0.04 0.03 0.72™ < 0.001* 16.24 B 17.03 A
POC-S (Mg ha™") 6.50 6.43 5.26 8.06 0.629 9.7 0.31 —0.68 0.02™  0.68™ 6.52 A 6.48 A
MAOC-S (Mg hafl) 10.17 10.26 7.72 11.98 0.774 7.6 —0.53 0.37 0.05 ™ < 0.001* 9.72B 10.55 A
Band A
Peak I 0.007 0.007 0.000 0.011 0.003 46.9 0.32 -1.01 0.87 * 0.003* 0.005 B 0.007 A
Peak II 0.123 0.115 0.052 0.253 0.041 33.2 0.20 0.67 0.96 * <0.001* 0.142A 0.105B
Peak III 0.007 0.007 0.000 0.014 0.003 49.7 0.16 —0.60 0.92 * < 0.001* 0.005 B 0.007 A
Peak IV 0.008 0.008 0.000 0.016 0.004 51.6 —0.20 —0.46 0.94 * < 0.001* 0.005 B 0.009 A
Peak V 0.032 0.035 0.000 0.059 0.015 455  0.52 -0.97 0.89 * < 0.001*  0.024B 0.039 A
Peak VI 0.039 0.036 0.011 0.087 0.017 42.8 -0.48 0.51 0.96 * < 0.001* 0.048 A 0.030 B
Index
CH, index 0.322 0.315 0.195 0.811 0.074 23.0 14.64 2.51 0.83 * < 0.001* 0.359 A 0.285 B

™ Not significant.
! SD: standard deviation.
2 CV: Coefficient of variation (%).
3 S-W: W value obtained from the Shapiro-Wilk test (W < 0.05).
4 Pr > Fr: p-value obtained from ANOVA.
5

Uppercase letters classify pasture management systems by the confidence intervals obtained in the bootstrap test at 0.05 probability.

" Significant at 0.05 probability.
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symmetric and asymmetric CHy bonds, respectively (Fig. 4). Upon
applying second derivative and deconvolution techniques to the spectra,
four additional peaks became evident within Band A, occurring at fre-
quencies of 2941 (Peak I), 2900 (Peak III), 2894 (Peak IV), and 2872
cm~! (Peak V). These peaks were associated with the vibrations of
asymmetric CHs, CH aldehyde, CH stretch, and CH3 symmetric bonds,
respectively.

Based on the descriptive analysis (Table 2), the compounds related to
functional groups exhibited a frequency distribution classified as “non-
normal” according to the Shapiro-Wilk test, indicating a wide range of
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Fig. 4. Heatmap of Pearson correlations (p < 0.05) between analyzed soil at-
tributes (A). * Indicates significant correlation. Principal component analysis
(PCA) triplot showing the loading of each soil attribute (arrows) and the scores
of each livestock farming system (points) (B). Nearby points correspond to
observations that have similar scores on the PCA components. The length of the
arrows indicates the variance of the attributes in the component, while the
points between them indicate their correlations. The blue circle indicates the
grouping of managed grassland and the brown circle unmanaged grass-
land grouping.
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values spanning from the minimum to maximum. Notably, the com-
pounds associated with the vibrations of Peaks III and IV displayed the
highest variability within Band A, with coefficients of variation of 51.6%
and 49.7%, respectively. Despite the significant variability, the median
values aligned with the overall mean, indicating a tendency towards
normality. When comparing the different management systems, the
unmanaged grassland exhibited the highest values for Peaks II and VI.
This finding was attributed to a reduction of 37.5% and 26% in the
compounds associated with Peak VI and II, respectively, in comparison
to the managed grassland system. In contrast, higher-energy aliphatic
compounds (Peaks I and V) demonstrated greater relative abundance in
the managed grassland system.

Regarding the remaining attributes, the descriptive analysis revealed
values of TOC-S were classified as satisfactory, surpassing 12 Mg ha™! in
both evaluated systems. The managed grassland area showed a higher
accumulation of carbon, up to 5% (~ 0.8 Mg ha™!) (Table 2). The
adopted management system, characterized by extensive livestock with
a moderate stocking rate, proved beneficial for carbon accumulation in
the surface soil horizons. This increase was primarily attributed to the
more decomposed physical fraction (MAOC-S), also known as the heavy
fraction, which accounted for the majority of TOC-S, representing 59.9%
in the unmanaged grassland area and 62% in the managed grassland
area. Conversely, POC-S stocks did not differ significantly between the
evaluated pasture management systems. Regarding soil respiration
(CO4-F), emissions were lower in the managed grassland area, with an
average of 0.97 pmol m~2 s71. The observed reduction in CO,-F in the
unmanaged grassland area reached up to 31%. Both study areas
exhibited a loamy sand texture class with minimal variation in clay
content (131 and 126 g kg™ !). Thus, the clay content, which could
potentially influence soil carbon content, was not identified as a major
factor in this study, likely due to its role in physically protecting soil
organic matter (Bruun et al., 2015; Miranda et al., 2016). The heatmap
of Pearson’s correlation coefficients further revealed a positive corre-
lation between CO,-F and Peak VI (R = 0.51%) as well as Peak II (R =
0.44*) (Fig. 4A). There was also a strong negative correlation between
CO4-F and pH CaCl, (—0.55%).

Regarding the correlations obtained with carbon stocks, significant
correlations were observed between MAOC-C and TOC-S (0.65%), CO-F
(—0.39%), pH CaCl; (0.37%*), Peak VI (—0.25%), Peak V (0.31%*), and Peak
IV (0.29%) (Fig. 4A). TOC-S exhibited a similar trend to MAOC-S con-
cerning the peaks, suggesting that it was the fraction responsible for the
variation of the compounds observed in the FTIR spectra.

A wide range of values was observed for the majority of the variables
assessed (Table 2). Coefficients of variation were also high, exceeding
30% for most variables, except for clay, sand, pH CaCly, TOC-S, MAOC-
S, POC-S, and CO;-F. The Shapiro-Wilk test also confirmed a “non-
normal” distribution for most of the attributes examined. However, it
was observed that the data for clay, silt, pH CaCly, and CO5-F exhibited a
distribution that tended towards normality, as evidenced by the simi-
larity between the mean and median values, as well as the close-to-zero
values of asymmetry and kurtosis.

3.2. Multivariate approach

PCA was performed, extracting four components (PCs) with eigen-
values above 1.0, ranging from 2.247 to 1.135, collectively explaining
62.6% of the total dataset variability (Table 3). The first PC accounted
for 23.3% of the explained variance and exhibited positive correlations
with CO,-F, Peak V, and CHy-Index while displaying negative correla-
tions with Peaks I, III, IV, and VI. This component represented the
organic compounds associated with soil CO, emissions in the evaluated
management systems. The second PC explained 14.3% of the variance
and showed positive correlations with compounds associated with Peaks
I and III, and negative correlation with MAOC-S. The third PC explained
13.2% of the variance and represented TOC accumulation driven by
MAOC-S and prominent organic compounds in the soil. In this
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Table 3
Summary of the principal components obtained from the PCA of the attributes
and FTIR spectra of an Oxisol under different livestock farming systems.

Summary Principal component
PC1 PC2 PC3 PC4
Eigenvalue 2.247 1.382 1.279 1.135
Explained variance (%) 23.3% 14.3% 13.2% 11.8%
Accumulated variance (%) 23.3% 37.6% 50.8% 62.6%
Variables Correlation’
Soil attributes
pH CaCl, -0.23 —0.26 0.22 0.14
COx-F 0.33* 0.29 —0.14 0.00
TOC-S —-0.25 —-0.22 0.31* 0.49*
POC-S —0.02 0.19 —-0.16 0.83*
MAOC-S —0.23 —0.37* 0.43* —0.18
Band A
Peak I —0.30* 0.39% -0.07 -0.11
Peak II 0.27 0.24 0.52* 0.02
Peak II1 —0.30* 0.45* 0.12 —0.04
Peak IV —0.35* 0.24 0.16 —0.06
Peak V 0.31% 0.26 0.44* 0.02
Peak VI —0.37* 0.29 0.13 —0.07
Index
CH,, index 0.34* 0.05 0.32* 0.07

!« Indicates significant correlation in the principal component.

component, TOC-S, MAOC-S, Peaks II and V, and CHy-index was
positively correlated. Finally, the fourth PC explained 11.8% of the
variance and displayed positive correlations between TOC-S, and
POC-S.

To better understand the correlation between FTIR spectra organic
compounds, soil attributes, and COo-F within the components, a PCA
triplot was constructed (Fig. 4B). The position of treatment scores and
arrows characterizing the variance of COy-F, Peaks II and VI, and
CHy-Index indicated a higher occurrence of elevated CO,-F values in
the unmanaged system. Similarly, lower pH CaCl; values and decreased
occurrence of Peaks III, V, and IV were observed in this system. The
managed grassland exhibited a higher occurrence of elevated MAOC-S
and pH CaCl;, values, and a greater relative abundance of compounds
associated with Peaks [, IIL, IV, and V. In the triplot chart, it was possible
to distinguish the scores of the management systems. Only a few points
are in the scoring transition zone, indicating similar regions. From the
spatial analysis, it is possible to verify if these points (scores) are
regionalized to delimit specific management zones.

3.3. Geostatistical analysis

The results of the geostatistical analysis, including adjusted semi-
variograms of principal component scores, FTIR spectra organic com-
pounds, and soil attributes, are presented in the Supplementary Files
(Table A.1). In summary, the extracted components and soil attributes
exhibited spatial dependence, except for Peaks I and IV in the unman-
aged grassland area, silt, sand, Peaks I, II, and IV in the managed
grassland area. The goodness of fit of the semivariogram models was
confirmed by R? and RMSE. Linear coefficients close to zero and slopes
close to one were observed during cross-validation for all evaluated
attributes. Based on the adjusted semivariograms, ordinary kriging was
used to interpolate all variables, which were then represented in maps
with values classified into equidistant classes.

The maps of soil attributes clearly revealed differences between the
management systems (Fig. 5). In the unmanaged pasture system, loca-
tions with CO,—F reaching 1.64 pmol m~2s~! and MAOG-S stocks below
8.0 Mg ha! were observed. In contrast, locations with TOC-S values
close to 18.0 Mg ha~! showed CO2-F of 0.97 pmol m~2 s_l, equivalent to
the condition of the managed grassland system. The CO,-F, TOC-S, and
MAOC-S maps confirmed the spatial correspondence in the unmanaged

Geoderma Regional 34 (2023) e00690

pasture area.

The attributes related to C exhibited different behaviors in the
managed grassland area (Fig. 5). In locations with good fertility condi-
tions (represented by the values >5.3 in pH CaCly map), emissions of
0.99 pumol m 2 57! were recorded as the highest values. The CO,-F
values in this system ranged between 0.94 and 0.98 pmol m ™2 s, Lo-
cations with TOC-S between 15.5 and 18.5 Mg ha™! corresponded to
POC-S values between 5.5 and 8.0 Mg ha™! and MAOC-S values be-
tween 9.0 and 12.0 Mg ha™?, representing sites with the highest stocks
and CO5 emissions.

The PC1 maps clearly exhibited distinct score distributions between
the managed and unmanaged pasture systems (Fig. 7A). In the unman-
aged pasture system, regions with high concentrations of organic com-
pounds associated with Peak V displayed the highest CO, emissions
(indicated by positive scores on the PC1 maps). The CHy-Index also
followed these findings, showing a correlation with the component
(0.34*). Regions with scores >0.13 represented critical values of COo-F,
ranging from 1.36 to 1.49 pmol m 2 s}, and Peak V from 0.00 to 0.029
a.u (Figs. 5 and 7). In the renovated grassland, PC1 scores ranged from
—0.16 to —0.01, indicating variations in COo—F between 0.94 and 0.98
pmol m~2 57! and Peak V from 0.031 to 0.059 a.u. The CHa-Index
ranged from 0.24 to 0.32 in this system, regardless of the emission
patterns. In the unmanaged grassland, 85.7% of the area exhibited
scores above 0.13, indicating the highest emission rates (> 0.98 pmol
m~2s71) and low concentrations of organic compounds associated with
Peak V (< 0.029 a.u.). Peaks III and VI, on the other hand, indicated
regions with contrasting behavior compared to other attributes corre-
lated in PC1. Values ranging from 0.0068 to 0.0084 a.u. and 0.026 to
0.029 a.u. were observed in areas with higher CO emissions (> 1.37
pmol m~2 s71), suggesting specific accumulation patterns under these
conditions.

The PC2 maps displayed the spatial distribution of scores associated
with Peak III compounds and MAOC-S, revealing a clear separation
between regions with high and low concentrations in both study areas
(Fig. 6B). Locations represented by scores below zero (indicated by
yellow-blue colors) exhibited MAOC-S ranging from 10.24 to 11.98 Mg
ha! in the managed grassland, and 10.03 to 10.52 Mg ha™! in the
unmanaged grassland. These values represented the highest concentra-
tions in both areas, with a greater extent in the managed pasture system
(84.3% coverage). Conversely, the concentrations of compounds related
to Peak III exhibited inverse distribution patterns, ranging from 0.0068
to 0.079 a.u. in the managed pasture area and 0.0042 to 0.0053 a.u. in
the unmanaged pasture area. Notably, there were similarities between
the maps of this component and the MAOC-S and Peak III maps. How-
ever, a spatial comparison with Peak I was not possible due to the lack of
spatial dependence.

Regarding the PC3 map, the spatial distribution scores indicated
correlations between the concentrations of Peaks II and V-related com-
pounds and MAOC-S and TOC-S stocks (Fig. 6C). In the managed
grassland system, Peak II values fluctuated between 0.09 and 0.11 a.u. in
locations with scores above 0.01, while Peak V from 0.031 to 0.040 a.u.
In this range of scores, we have the highest accumulations of the evolved
fraction of C (MAOC-S > 10.39 Mg ha 1) and highest concentrations of
compounds related to Peak V. On the other hand, compounds associated
with peak II exhibited an inverse pattern, with low concentrations in
locations of higher C stocks. In the unmanaged pasture area, a region
with scores below —0.06 was clearly defined in the center of the map,
indicating similarity with the MAOC-S map (Fig. XX). In this sense, the
lowest values of stocks were observed, < 9.89 Mg ha!. The same
behavior can be observed in the Peak II map of this system, however
with an accumulation behavior, with values ranging from 0.117 to
0.133 a.u. A visual correspondence between the PC2 and PC3 maps was
evident, due to the region with low MAOC-S stocks.
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Fig. 5. Spatial distribution of the soil chemical attributes (CO2-F — A; TOC-S — B; POC-S — C; MAOC-S — D and pH CaCl; — E). The left maps correspond to the
unmanaged grassland and the right maps to the unmanaged grassland.
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Fig. 6. Spatial distribution of the principal components obtained (PC1 — A; PC2 — B; PC3 - C and PC4 - D), represented by the organic compounds of Band A and
chemical attributes of the soil. The left maps correspond to the unmanaged grassland and the right maps to the unmanaged grassland.

3.4. Machine learning approach and MAE of 3.8 x 10~ The scatter plot depicting observed and pre-
dicted CO»-F values showed a close alignment of training and test scores

Based on the evaluation metrics of the RF model, an excellent fit was along a 1:1 line. The separation between the pasture management sys-
achieved for COx-F predictions, as indicated by an R? value of 0.98, tems was evident, with the unmanaged pasture area displaying higher
demonstrating low variability compared to the observed data (Fig. 8A). values, greater amplitude, and increased dispersion. In terms of variable

The model exhibited a low average error, with an RMSE of 8.7 x 10™* importance, it was apparent that spectral information played the most

10
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Fig. 7. Spatial distribution of the peaks of organic compounds extracted by FTIR spectra. The left maps correspond to the unmanaged grassland and the right maps to
the unmanaged grassland.
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Fig. 8. Scatter plots of the observed and predicted CO5-F (umol m~2 s™1) in two different livestock farming systems. (B) The relative importance of soil attributes
variables and organic compounds obtained from FTIR spectra. Peak II (2923 cm’l), Peak III (2900 cm’l), Peak V (2872 cm™!) and Peak VI (2853 cm™ ).

significant role in predicting soil CO? emissions (Fig. 8B). The most
influential contributors, in descending order, were Peaks II (27%), VI
(21%), V (20%), and III (13%). Clay and pH CaCl, contents also had a
moderate impact, with weights 5% and 8% higher, respectively,
compared to carbon stocks, which accounted for <4% of the overall
importance.

4. Discussion

Through visual evaluation of the FTIR spectra, it was possible to
observe alterations in the peaks of Bands A, which were correlated to the
management systems and sampling locations. The spectral signatures
that effectively characterized the systems were obtained at frequencies
of 2923, 2900, and 2853 cm ™, due to the intensity of peaks associated
with asymmetrical CHy, symmetric CHp and aldehyde C—H groups,
respectively (Fig. 4B).

The clay content has the potential to influence soil C levels through
organo-mineral interactions (Bruun et al., 2015; Miranda et al., 2016).
In highly weathered soils, such as the one investigated in this study, the
sorption of SOM can occur at the edges of kaolinite particles, where
more reactive sites, such as aluminol groups, are present (Sposito,
1989). However, we believe that this effect may not have been the
predominant factor influencing the concentrations of compounds in
Band A or the accumulation of C stocks in the study areas. This is
attributed to the low clay content (~126 g kg™!) and cation exchange
capacity (40.5 mmol, dm’3) of the soil under investigation, as well as
their low relative importance in the machine learning model and the
variability observed between the different pasture management systems
(Table 2). Therefore, we assume that the minor changes observed in this
group of compounds are inherent to the operations conducted during
pasture renovation, particularly the application of limestone and its
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incorporation into the soil profile.

The vibrational region of 2800-3000 cm ™! may indicate the pres-
ence of organic compounds such as branched alkanes (Allen et al.,
1994), aldehydes, compounds containing methylene groups (Reitner
et al., 2011), hydrocarbons and other aliphatic compounds. In general,
many of these compounds have low molecular weights. The decompo-
sition of organic matter is a complex and dynamic process that involves
the action of a variety of decomposing microorganisms and environ-
mental factors. There is no hard and fast rule that determines which
compounds are broken down first. However, in general terms, low
molecular weight organic compounds tend to be more easily decom-
posed by microorganisms present in the soil. This is because these
compounds are more accessible and provide a more readily available
source of energy for decomposers (Cotrufo et al., 2015).

The CO,-F emissions exhibited a strong correlation with the pres-
ence of symmetrical and asymmetrical CHz compounds (Peak II and VI).
The PC1 map revealed that the unmanaged pasture area displayed the
highest concentrations of symmetrical CHy compounds, accompanied by
increased CO,-F emissions, delineating areas of particular interest
(pixels in dark red) (Fig. 6A). In contrast, the managed pasture system
exhibited lower concentrations of these compounds and, consequently,
lower CO»-F rates. It is hypothesized that the stretching of CH; bonds is
closely linked to CO,-F emissions due to two potential mechanisms: (i)
the introduction of less labile and aliphatic-poor molecules, such as
those found in sorghum residues from silage production, which can
induce changes in microbial communities and alter the dynamics of
SOM decomposition, and (ii) conformational changes in functional
groups within SOM under varying pH conditions. Previous studies have
demonstrated the significance of pH and ion concentrations in the ag-
gregation of SOM (Hurrall and Schaumann, 2006; Pimentel et al., 2019).
A high ionic strength in the soil solution can bring charged functional
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groups of SOM closer together, potentially leading to molecular
conformational changes that offer partial protection to certain groups of
molecules on the surface.

The forms of net loss of aliphatic compounds in agricultural systems
were described by Pimentel et al. (2019), who studied the dynamics of
the decomposition of sugarcane straw. The authors found that labile C
fractions (aliphatic compounds) possibly were preferentially consumed
by the soil microbiota during the initial SOM decomposition process.
The intermediate fractions of decomposable C, as stable compounds,
tended to become prominent. Thus, the relative concentration of lignin
tended to increase, and aliphatic compounds decreased in the remaining
SOM (José et al., 2017).

In agricultural systems that cultivate forage species, the material
supplied comes from cultural residues from pastures, except in some
cases when there are rotations/ successions of other cultures to renovate
the pastures. Organic waste from the rest of the pasture has a high C:N
ratio (> 20:1) (Guo et al., 2012; Torres et al., 2005), high cellulose
concentrations (between 245 and 340 g kg’l), and lignin (between 60
and 80 g kg_l) (Herrero et al., 2001). Complex organic polymers, such as
lignin, are highly resistant to degradation (Kogel-Knabner, 2002). Only
specialized microbiota (predominantly fungi) can synthesize extracel-
lular enzymes (such as peroxidases and laccases) that break down highly
stable structures into biologically accessible forms (Swift et al., 1979;
Arantes and Milagres, 2009). Furthermore, lignin limits the access of
microbial enzymes to the more labile polysaccharides present in the cell
wall (Pauly and Keegstra, 2008), thus playing an important role in
regulating the decomposition of straw. Lignin accounts for approxi-
mately 30% of the C sequestered in plant materials annually (Boerjan
et al., 2003). Together with cellulose, lignin can control the speed at
which the decomposition process of the straw takes place, which drives
the intensity of the C fluxes in the soil-atmosphere system (Schwarz,
2001).

Checking our results with other studies using the same land use and
only changing management, soil carbon accumulation after manage-
ment (0.78 t ha’l) was 122% higher than the UNCCD recommended
average (0.35 t ha ). Depends on climate region (0.02-0.8 t ha’l),
remaining within limits (Sanz et al., 2017). Compared to other land uses
(agriculturally restored ecosystems), soil carbon accumulation rates are
0.15 t ha™! in dry and hot regions (Armstrong et al., 2003), and 0.1-1 t
ha~! in humid regions with cold climates region (West and Post, 2002),
our results are larger than expected for dry and hot climate regions and
within the predicted range for wet and cold climate regions. Regarding
CO4 emissions, when comparing our results with emissions from regions
with the same land use, it is important to note that emissions in our study
were not controlled (1.40 pmol m 2 s™! = 1.45 g m~2 day ! of C) and
managed (0.97 pmol m2s1=1 g m 2 day‘1C) pastures (Table 1) were
lower than in undegraded temperate regions of South Africa (~1.78 g
m~2 day’IC) (Abdalla et al., 2018). This difference is largely attribut-
able to the region’s climate, feed type, and management.

The spatial correlation of organic groups obtained through FTIR
analysis and soil attributes indicated that pH played a significant role in
the chemical stability of SOM after pasture renewal (Figs. 6 and 4).
During the decomposition of SOM, functional groups are formed that
interact with the surrounding environment (Bai et al., 2015). The for-
mation and diversification of functional groups resulting from SOM
decomposition, in conjunction with pH, can influence the ionization of
organic groups, thereby affecting the chemical stability of SOM (Parolo
et al., 2017). Therefore, it is crucial to consider the entire system. In one
of the study areas, limestone was applied and incorporated to renew the
pasture, followed by the cultivation of forage sorghum, which was later
used for silage. These practices significantly altered the intensity and
distribution of spectral peaks in the studied pasture systems. While
forage sorghum, including U. brizantha, has a high carbon-to-nitrogen
ratio and does not contribute substantially to straw input due to biomass
removal for silage production (Herrera et al., 2020), the spatial vari-
ability of compound concentrations in Band A allowed us to infer the
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quality of the material in both areas. Concentrations of compounds in
Band A were spatially correlated with CO5 emissions, following changes
in soil acidity. As well as assisting in the estimates and prediction of
emissions in the proposed model.

Liming was a key factor in this study due to its potential effects on the
deprotonation of functional groups and alteration of CO fluxes. In
addition to the changes caused by SOM functional groups, liming, by
improving the chemical conditions of the soil, can lead to increased
production of root exudates and often modulate microbial activity,
which affects SOM decomposition (Hoffmann et al., 2014; Soussana
et al., 2007). Thus, liming has implications for carbon storage and
sequestration in the soil. The dynamics of CO fluxes associated with
FTIR spectra were consistent with the presence of molecules such as
polysaccharides (symmetrical and asymmetrical stretching vibrations of
CH bonds, between 2955 and 2835 cm ™). These compounds were
effectively influenced by soil pH in the managed pasture system,
resulting in reduced CO, emissions.

4.1. Main limitations

In this study, we evaluated the impact of degraded pasture renova-
tion on SOM quality and its effect on CO, mitigation and emissions using
FTIR and statistical spectroscopy. Our assessments were conducted
under specific management and climate conditions, without considering
organic matter pools or the role of soil microbiota. Given the long-term
management regimes of tropical pastures (renovation intervals), we
encourage future studies to conduct more targeted experiments that
consider the effects of climate change and management practices, such
as fertilizer and lime application, rainfall patterns, and grazing intensity.
Incorporating these management and climate conditions, along with
microbiological and isotopic analyses, will provide deeper insights into
the mechanisms governing soil carbon pools and aid in the development
of effective CO5 emission mitigation strategies.

To ensure the sustainable provision of various ecosystem services
from tropical pastures, including adequate forage supply for animal feed
and minimizing the impact of livestock on CO2 emissions and global
warming, long-term studies are needed to elucidate the influence of
climate seasonality (such as warming, drought, and increased precipi-
tation) on ecosystem functioning, carbon storage, and fluxes. The effects
of climate change on pastures are still poorly understood, underscoring
the need for further research at various scales, employing approaches
and methods that link the molecular quality of SOM to greenhouse gas
fluxes. This will enhance our understanding of the functions and
mechanisms operating in the region and provide valuable insights for
informed decision-making.

5. Final remarks

The combination of FTIR spectroscopy and machine learning tech-
niques was sensitive enough to distinguish chemical changes in soil
organic groups and predict soil CO emissions in pasture reform systems.
The peaks of the organic compounds obtained in the FTIR spectra were
spatially dependent and correlated with soil CO, emissions and pH.

Soil management practices followed by the cultivation of sorghum
intercropped with U. brizantha reduced the concentration of labile
compounds with spectral signatures in 2923 and 2853 cm™!, and
reduced emissions of CO5 from the soil. We believe that our results can
provide a basis for future studies in which the combination of FTIR and
machine learning enable large-scale monitoring of SOC composition and
possible estimates of carbon loss via CO5 emission.
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