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The dynamics of carbon among atmospheric, soil and biotic stocks are of great importance for ecosystem and
climate services. The interdependence of carbon stocks is volatile, since higher atmospheric COz concentrations
affect plant development and therefore carbon storage in terrestrial ecosystems. In addition, the carbon cycle is
related to soil moisture, and sensitivity to moisture differs between ecosystems and climatic regions. In the
southern Amazon, agriculture and cattle ranching activities drives anthropogenic actions and for the environ-
mental costs. As a result, those activities impact carbon dynamics and its consequences on the environment.
Modeling these dynamics in a spatialized way is possible through remote sensing images, which, together with
appropriate modeling tools, allow us to understand the carbon balance at a regional level. The aim of this study is
discussing the modeling of the soil carbon dioxide efflux (FCO2) from different land uses for orbital data pre-
dictions using MODIS and PlanetScope imagery. Local data was the reference for the orbital data modeling with
partial least squares regression (PLSR). Discussed models are based on soil moisture, temperature, spectral bands
and also models with MODIS GPP and CO2Flux were created. Land uses (characterized by high and low pro-
ductivity soybeans, degraded pasture, productive pasture and native forest) and consisted of different subsets of
inputs subsets to design PLSR equations. Results analyzes were based on the statistical metrics of linear
regression (Rz), mean absolute error (MAE) and root mean square error (RMSE). From those methods, it was
observed that the subsets with the lowest error and highest correlation were the subsets related to soybeans. The
homogeneity of soybean areas and its spectral characteristics mean greater capacity for predicting FCOz, since
the orbital images and PLSR modeling provide a higher correlation and lower error, both absolute and quadratic.
On the other hand, carbon balance modeling in forest areas and pastures is limited and potentially associated
with the heterogeneity of that environment.

Land use

1. Introduction terrestrial emissions (Edenhofer et al., 2014). The interdependency of

carbon stocks is volatile, since higher atmospheric concentrations of CO-

Carbon dynamics among atmospheric, soil and biotic stocks are of
great importance for ecosystem and climate services (Upadhyay and
Raghubanshi, 2020). Important part of total carbon budget relies on
atmospheric carbon pool (Friedlingstein et al., 2022), which mostly rely
on air-sea carbon uptake (Koseki et al., 2023; Rustogi et al., 2023) and
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affect the plants development, such as soybean roots system (Lessin and
Ghini, 2009), leaf area, and thus, the storage of carbon in terrestrial
ecosystems (Norby and Zak, 2011).

In the perspective of carbon soil emission, the microbial activity and
the carbon cycle are dependent on soil moisture, and this sensitivity to
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moisture is different through ecosystems and climatic regions (Evans
et al., 2022; Garcia-Palacios and Chen, 2022). Furthermore, microbial
adaptation to cyclical conditions of drought and increased soil moisture
potentially implies non-linear relationships between soil moisture and
respiration (Malik and Bouskill, 2022), which complex the modeling of
carbon emitted by soil.

Largest part of carbon flux towards soil and biotic pools is depicted
by Gross Primary Productivity (GPP), which describes from the effi-
ciency of light use for metabolic functions and development of photo-
synthetic, that drive atmospheric carbon towards the biotic stock, and
hence soil stock. The measurement in biophysical terms of such a metric
is rather limited, and therefore, GPP estimations with remote sensing-
based provides large-scale and well-set data (Welp et al, 2011).
Partially based on surface reflectance of imaging sensors, orbital prod-
ucts are generated and made available, as seen in MODIS imagery
(Running et al., 2015). From GPP, it can be observed that climate and
carbon cycling fosters drought recovery (Schwalm et al., 2017).

Remotely-sensed GPP relies on sun-induced chlorophyll fluorescence
and its sensitivity to water stress (Wieneke et al., 2016), what contrib-
utes to ascertain the water and carbon cycles codependency (Stein et al.,
2020). GPP is made available as orbital remote sensing products due to
its complexity, where only part of it is based on orbital data, as seen in
MOD17A2H (Running and Zhao, 2015). The MODIS product has de-
pendency of absorbed photosynthetically active radiation (APAR) esti-
mations and the conversion efficiency of such radiation (g), what
translates the different vegetation types capability of using the sunlight
to metabolic and development requirements.

Remote sensing techniques reaches carbon dynamics in different
perspectives and carbon-related variables, as soil organic carbon
(Angelopoulou et al., 2019), carbon monoxide (Plant et al., 2022; Zeri
et al., 2011), carbon dioxide (Eldering et al., 2015; Jiang and Yung,
2019), methane (de Souza Maria et al., 2023; Zhang et al., 2021),
formaldehyde (Wang et al., 2022), particulate matter (Bai et al., 2023;
Kaufman et al., 1994; Yao and Henderson, 2014), COzFlux (Rahman
et al., 2001; Souza et al., 2021) and GPP (Fernandez et al., 2021; Rossi
and Santos, 2020).

Carbon models, as CO:Flux, are closely related to land use
(Della-Silva et al., 2022). In such a perspective, relating different land
use and its changes to carbon makes reasonable discussion when it
comes to carbon dynamics diagnoses, where the correlation among
carbon stocks dynamics and land use are made by using different ap-
proaches, e.g., through physical methods of soil stocks (Nanzer et al.,
2019) or remote sensing (Hui et al., 2015; Rossi et al., 2022).

Looking at southern Amazon, the land degradation due to agricul-
tural and livestock activities sets the region importance to both an-
thropic actions and environmental costs (de Area Leao Pereira et al.,
2020; Nepstad et al., 2008), as this leads to extreme climate conditions
(Doughty et al., 2015; Reichstein et al., 2013). In turn, the atmospheric
carbon uptake is reduced (Gampe et al., 2021), what lay down a feed-
back cycle.

The main economic activities of the region take place by using large
portions of land. The agricultural activities of soybean producing are
very representative in global scale, and the use of remote sensing for
environmental, agronomic and economic concern are continuously
carried out with surface reflectance sensors, as MODIS (Brown et al.,
2007; Epiphanio et al., 2010; Silva Junior et al., 2020).

Remote sensing imagery data processing enable the partial least
squares regression (PLSR) modelling in applications on vegetation
(Crusiol et al., 2021), climate (Streher et al., 2020) and carbon dynamics
(Huemmrich et al., 2017) research, what was accomplished here. Such
approach successfully bears datasets with more predictor variables than
response variables, as seen in PLSR applied to carbon dynamics research
(Castaldi et al., 2014; Zizala et al., 2019).

Since remotely-sensed data enable regional scale assessment over
ecological processes and dynamics with good conditions of availability,
temporality and low technical cost, modelling carbon dynamics will
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provide replicable and adequate estimations of such a purpose. Then,
the objective of this study was to empirically model the soil CO: flux at
southern Amazon on different land uses by using the partial least squares
regression, by using in situ and remotely-sensed spectral (spectral bands
and CO2Flux model) and product (GPP) data.

2. Materials and methods
2.1. Study site

The study was carried out on Fazenda Aurora, in Claudia, Mato
Grosso state, Brazil. There, agricultural practices and livestock rearing
are developed, as well as native forest patches take place (Fig. 1), in
which were defined two different classes for both soybean (C1 and C3)
and pasture (C4 and C5), as well as one forest class (C2). The munici-
pality of Claudia is part of southern Amazon ecoregion, and have climate
type as Aw (tropical climate with dry winter) according to Koppen
classification (Alvares et al., 2013). Generally, the rainy period in the
region starts at October and ends in April, and the dry period is from
May to September.

2.2. On site data survey

In situ surveys (soil CO2 emission, moisture and temperature) were
structured in transects of 20 samples with 100 m long for each class and
were built in 5 different land uses: native forest (NF), high-yield soy
(HYS), low-yield soy (LYS), high-quality pasture (HQP) and low-quality
pasture (LQP). The differentiation among high and low-yield soybean, as
well as high and low-quality pastures, is directly related to the quantity
of agricultural cycles, and therefore implies higher crop or pasture
productivity. Such information was taken from the farm owner report
about agricultural and livestock activities on Fazenda Aurora.

The surveys were based on soybean phenological cycle, and to grasp
the whole carbon dynamics within the soybean 2020-2021 crop year,
seven collections were carried out before, during the phenological cycle
and after soybean harvest (Table 1).

2.2.1. Soil carbon efflux (FCO2)

Measurements of soil CO2 emission (FCO2 [pmol m-2 s11) were
simultaneously performed in the study period, which is the soybean
phenological cycle. Each class was shaped with a 20 samples-transect for
each class, as mentioned. For that, two portable systems (1 system/area)
were used to monitor the changes in CO: concentration inside the
chamber using the LI-COR 8100 infrared gas analyzer (LI-COR Bio-
sciences, 2007).

The soil chamber has an internal volume of 854.2 cm® with a circular
soil contact area at the base of 83.7 cm? which was placed on PVC
collars previously inserted (24 h before the first measurement) at each
sampling point to 3 cm deep, placed on bare soil over the transect. Once
the chamber is calibrated (previously) and set to the measurement
mode, it takes around 1.5 min to run the time-change interpolation of
CO: concentration inside the chamber. The FCO2 sampling was carried
in conditions with no surface water sheet. Such precaution was required
since the soil moisture and carbonic dynamics are deep affected by
rainfall, as consequently by the water sheet size.

2.2.2. Soil moisture and temperature

Soil temperature (Ts [°C]) and soil water content, or moisture (M;
[%]), were measured simultaneously with CO; concentration through a
temperature sensor coupled with the system, in a depth of 10 cm. M was
registered with the reflectometer TDE Hydrosense™, (Campbell Scien-
tific, Australia), an instrument that measures soil moisture using two 12-
cm metal rods inserted perpendicularly into the soil, where soil moisture
value is derived from the time it takes for an electric current to stick from
a rod to another, distant 32 mm. Ty was gaged with the manual ther-
mometer DELLT DT-625 with a single rod inserted perpendicular in soil
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Fig. 1. Study site in Claudia, located in southern Amazon and northern Mato Grosso state. In the municipality’s inset, the collection points are related to the different

land use classes of low (C1) and high-yield (C3) soybean, forest (C2), low (C4) and

Table 1
In situ data survey dates and crop season stages.

high-quality (C5) pasture LULC were positioned.

Table 2
PlanetScope imagery spectral bands used in this study.

Collection date Julian day Crop season stage Band name Description Spectral range (nm")
September 26th’ 2020 270 Pre-sowing Imagery from PS2
October 8th’ 2020 282 Crop cycle Bl Blue 455-515
November 5th’ 2020 310 Crop cycle B2 Green 500-590
November 26th’ 2020 331 Crop cycle B3 Red 590-670
January 21st’ 2021 21 Crop cycle B4 NIR" 780-860
March 6th’ 2021 65 Crop cycle Imagery from PS2.SD
March 24th’ 2021 83 Postharvest Bl Blue 464-517
B2 Green 547-585
B3 Red 650-682
surface as well. Yet, both instruments were placed 5 cm from the PVC B4 NIR" 846-888
collars. Imagery from PSB.SD
Bl Blue 465-515
B2 Green 547-585
2.3. Remote sensing data B3 Red 650-680
B4 NIR" 845-885

The surface reflectance data from orbital sensors acquired for this
evaluation were based on the on-site collection dates, where the images
related to the collection date were selected, if not, a date as close as
possible. The selection of orbital data was limited to the visible region
bands and the near infrared band, as well as looking at good conditions
of cloud cover. At that step, surface reflectance from the MODIS Terra
sensor systems and PlanetScope constellation were used.

PlanetScope mission offers high temporal (daily) and spatial (3 m/
pixel) resolution data, and in view of availability for the dates based on
four spectral bands. This imagery relies on three different sensors, what
involve some different spectral traits (Table 2), but that does not affect
the application with COoFlux data, since the spectral bands needed for
this model are present throughout the PlanetScope platform.

The MODO09A1 v6.1 from MODIS data has medium temporal reso-
lution, but with poor spatial resolution by comparing to PlanetScope.
With 500 m/pixel and revisiting time of eight days, the MOD09A1 v6.1
data stands out for its historical collection of images and for its spectral
characteristics (Table 3).

2.3.1. Orbital carbon dioxide flux (COzFlux)

The dynamics among carbon pools are mostly based on soil emission
to the atmosphere, and biotic uptake from atmospheric pool towards
biotic pool. Such dynamism can be expressed by COzFlux model
(Rahman et al., 2001), where vegetation greenness and light use effi-
ciency are represented by the normalized difference vegetation index

# Nanometers.
Y Near infrared.

Table 3
MODO09A1.061 spectral bands used in this study.

Band name Description Spectral range (nm™)
B1 Red 620-670
B2 NIR" 841-876
B3 Blue 459-479
B4 Green 545-565

2 Nanometers.
b Near infrared.

(Rouse J. W. et al., 1974) and the photochemical reflectance index
(Gamon et al., 1997), respectively. In this model, the variability
expressed by the NDVI and scaled PRI product is tuned by environ-
mental traits in linear and angular coefficients, what convey the Amazon
CO2 dynamic (Santos, 2017).

CO,Flux=13.63 — 66.207 x (sPRI x NDVI) [umolm™ s7"] [1]

Where:
NDVI is the normalized difference vegetation index, given by:
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NDVI _PNr — PR [21
PN+ PR

sPRI is the scaled photochemical reflectance index, given by:

06 4 ]
SPRI="2""% [3]
2
Finally, for these equations:
pnir 1s the near-infrared band reflectance
pg is the red band reflectance
pg is the green band reflectance
pg is the blue band reflectance

2.3.2. GPP

The gross primary production relies on absorbed light use efficiency
by photosynthetic organisms, limited to the photosynthetically active
radiation (PAR) spectra, i.e., the spectral range between 400 and 700
nm. Since only part of incident light become used for photosynthesis, the
absorbed energy is namely represented by a new variable (APAR —
absorber PAR), based on this efficiency (fPAR, fraction of absorbed PAR)
of PAR, what is closely related to the NDVI. Yet, APAR rely also on the
incident PAR (IPAR), what in turn is related to the incident shortwave
radiation (SWRad). Finally, PAR related variables are coupled to the
Biome Properties Look-Up Table (BPLUT — Table 4) to define the light
use efficiency (g). BPLUT features daily minimum temperature (TMIN)
and vapor pressure deficit (VPD), what are biome related variables from
MOD12 product (land cover classification).

GPP=¢ x APAR [4]
€= Emax X TMINgqar X VPDscatar [5]
APAR =IPAR x FPAR [6]
IPAR =SWRad x 0.45 [71

MODIS GPP available as an orbital product from MODIS imagery is
conditionally based on cumulative eight-day composite, spatialized on
500-m-sized pixels. Since we used the rough daily GPP and the product
requires a scaling factor (given on MODIS GPP Algorithm Theoretical
Basis Document - ATBD), each GPP raster was subjected to simple
mathematical adjustment (Eq. (8)). The MOD17A2H product values rely
on solar radiation use efficiency by photosynthetically active vegetation,
both for respiration and plant growth (or namely, net primary
production).

GPPyopis x 0.0001

GPP, actual = )

[kgCm2d™] [8]

Gross Primary Production.

2.4. Statistics

The data set is based on sampling at 100 points, repeated at seven
different dates throughout the soybean growing cycle (2020,/2021

Table 4
BPLUT parameters for GPP.

Parameter  Units Description

€max kg C
My
TMINmax °C

Maximum radiation conversion efficiency

Daily minimum temperature at which &€ = emax (optimal
VPD)

TMINmin °C Daily minimum temperature at which ¢ = 0 (any VPD)

VPDmax Pa Daylight average vapor pressure deficit at which € = emax
(optimal TMIN)
VPDmin Pa Daylight average vapor pressure deficit at which € = 0 (any

TMIN)
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season). The sampling points structured five different transects of 20
sampling points on different classes of land use, being native forest,
high-yield soybean, low-yield soybean, high-quality pasture and low-
quality pasture. Considering the similarity between the high-yield and
low-yield soybean classes, as well as between the two pasture classes,
datasets combining these classes were created to be submitted to partial
least squares regression (PLSR), in view of structuring the soil efflux
(FCO2) prediction based on soil moisture, temperature, GPP, COzFlux
and the spectral bands used for those calculations.

Then, new datasets composed only of spectral bands, soil moisture
and temperature data were also defined, to verify potential improved
results without dependence on the GPP product and COzFlux. The PLSR
method correlates the spectral and GPP data matrix to the soil CO2
efflux, in view of creating a new dataset of orthogonal base vectors
(latent variables or PLSR factors), which account for most of the varia-
tion in a trait variable. PLS regression modeling approach structures a
linear equation consisting of each variable (spectral bands, GPP and
COzFlux) multiplied each one by scaling coefficients.

PLSR modeling relies on splitting the dataset for calibration, k-fold
cross-validation and external validation steps. For that, 70% of each
subset was used as input for calibration and cross-validation (10-fold),
and the remaining data based the external validation. The modelling
performance was evaluated by using the determination coefficient (R),
the mean absolute error (MAE) and the root mean squared error (RMSE)
between the in-situ measurements of CO: efflux (ground truth) and
modeled CO: efflux from remote sensing-based data.

3. Results

Preliminary analysis of the data collected in situ makes possible to
establish a prognosis of the modelling capacity of the PLSR method,
besides possible limitations intrinsic to conditions of high variability and
data normality. In this perspective, the difference between reference and
the predicted values of FCOz (umol m~2 s™1) rely on the high variability of
in situ measurements, and embracing the orbital carbon variables pro-
mote similar scenarios of prediction, and therefore, error metrics
(Figs. 2-9).

The partial least squares regression over the different subsets results
in different equation models for one single land use classes and for three
different combinations of land uses. These combined subsets were high-
and low-quality pasture, and equivalently, soybean classes, as well as a
final combination with the whole dataset (Tables 5 and 6). Finally, the
subsets were also designed based on the orbital data source, which
means that sets were based on classes or combinations of classes for the
MODIS sensor data, and separately, for the PlanetScope data.

The correlation among prediction and reference most rely on the
external validation subsets, but the great difference over non-
normalized datasets is standardized from the calibration and cross-
validation subsets (Table 7). This condition is mandatory on remote
sensing data, where spatial features are affected in case of data
normalization.

Considering the objective of modeling soil carbon efflux with orbital
data, only external validation values were used to interpret our results.
From these metrics, the limitations faced by this data set are remarkable.
However, the present methodology with soybean data reached good-
potential results, since this land use class had the best modelling
conditions.

4. Discussion

We modeled the FCO5, (soil COs efflux) of a farming place in southern
Amazon, based on partial least-squares regression and orbital data, with
future outlook to put the model on regional scale, and beyond to get the
impact of land uses on regional climate. The data input came from an
experimental design of five transects over soybean crops, pastures and a
forest, where the infrared gas analyzer instrument gauged such carbonic
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metric. Despite facing limitations due to high variability and data ab- towards atmospheric pool, and the close relation to land use and cover
normality, the impact due to soybean areas advancing over the Amazon aggregates the biotic pool of carbon to this dynamism (Rossi et al., 2022,

potentially moves towards an adequate model for such task.

2023). In different perspectives of PLSR modeling, carbon stocks dyna-

The soil CO: efflux is an important player on carbon flux from soil mism seems very limited to reach definitive results, even more with
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non-normalization step before modeling of abnormal data. The decision the temporal variability being disregarded restrained the modeling, in a
to forego the normalization of these data is due to the potential for condition related to dataset size.

applying this model on orbital imagery, so that it will then be possible to In context, the economic base of Mato Grosso and the policies around
conduct a spatialized estimate based on orbital data. It also can be taken it designs the actual land use dynamism. Being a relatively recent
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occupation, the northern region of state intersects the southern region of its significance foster plenty of research efforts in the convergence of
Amazon and set the scene: replacement of native forest areas to pasture, remote sensing, soybean and the deforestation (Chaves and Alves, 2019;
then to agricultural lands (Gollnow et al., 2018), and sometimes, da Silva et al., 2023; Gibbs et al., 2015; Silva and Lima, 2018), as in the
directly from forest to soybean (Barona et al., 2010). Such backdrop and present work.



J.L. Della Silva et al. Journal of South American Earth Sciences 152 (2025) 105323

FCO; Linear regression

MODIS

FCO; fumalm? )
Measurad

Maasured

MQODIS + C

FCO, fumol m *5 1)

" 11 .
2 »
) 1 -
PLANET ¢ :
E g |e ®o 0, o
=6 i, o
g .
2 LNV 3
o a Tt e .
A 2 TR S L
2 2 & o &
®e
0 © = E @ E] 25 o4 S S
Sample preicied
" | 1 0
2 ] 2
- [ ]
o 1 » .
£l | 1. .
PLANET + C ¢ N
36 Z5 o
¢ | PO
ces gg0 L% %
2 2 e o %,
H

B 5
Sample Predicted

Fig. 8. Comparison between reference (grey line) and predicted (black line) FCO2 [umol m~ s7'] and the linear regression with pasture data (HQP + LQP).

FCO, Linear regression

MODIS

FCO, [umol m 25 )

MODIS + C

FCO; lumol m 75 1)
Measured

PLANET

FCO; lumol m 75 ')
Measured

PLANET + C

FCO; flmol m 25 ')
Measured

& a
Sample pregicted

Fig. 9. Comparison between reference (grey line) and predicted (black line) FCO2 [pmol m2 s7'] and the linear regression with the whole dataset (ALL).

When we observe the statistical metrics of soybean results (Table 7), (Silva Junior et al., 2020). In the environmental policy concern, the
MODIS imagery potential is confirmed in other applications with such effectiveness of the soy moratorium policy could be assessed with
data: the algorithm-based approach of soybean mapping along the crop MODIS imagery, where the conversion of native forest to soybean areas
season results in accurate maps, despite of high cloud cover in the period (sometimes with intermediate pasture land use), the soy moratorium
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Table 5
PLSR equations for soil CO: efflux (pmol m2 s prediction with surface
reflectance, soil moisture and temperature.

Imagery  Land use Equation

subset

MODIS  HYS® FCO; = M, ¢0.1507 + T; ® 0.3056 + py o (— 12.78) +
P (—15.29) + pp e (— 26.37)+ pyg ® (— 6.03)
Lys® FCO; = M, ©0.1211 + T, 0.1348 + p, © 23.22+ p »

3.60+ pg o (— 39.19) + py © 5.24

HYS + LYS  FCO, = M, 0.1658+ T; © 0.1500 + pj ¢ 16.21 + p »
2.04+ pp o (— 34.34) + pyg © 2.08

NF° FCOy = M; ¢0.0573+ T,  0.1612 + py © 0.0003 + pg »
0.0004 + pg ® 0.0006 + pyzz ® 0.0019

HQP! FCOy = M; ¢ 0.2140 + T; ¢ 0.0639 + py # 8.63 x 105 +
PG ®0.0004 + pg ©0.0002 + py © 0.0024

LQP® FCO, = M; #0.2281 + T, ¢ 0.0732+ py o (— 0.0005) +
PG ©0.0013+ pp o (= 2.36 x 1075) + pyye © 0.0038

HQP +LQP  FCO; = M, #0.2092 + T; ¢ 0.0730 + p, e (— 0.0001) +

g ©0.0008 -+ pg @ 0.0001 + g » 0.0030

Allf FCO, = M, ©0.2048 + T, ¢ 0.0759 + p, o (— 0.0003) +

P #0.0002+ pg e (— 0.0008) + pyir ® 0.0004

FCO, = M, »0.2840 + T; ¢ 0.0400 + py  (— 0.0003) +

PG ® (— 0.0005) + pg e (— 0.0022) + py ® 0.0048

LYS FCO, =M, 90.1584+ Ty o (— 0.0191) + py e (—
0.9000) + pg o (— 1.37) + pg @ (— 3.68) + pyip ® 9.89

Planet HYS

HYS + LYS FCOy = M; ¢0.1901+ Ts e (— 0.0017)+ pg e (—
0.8267) + pg o (— 1.22)+ pg @ (— 3.42) + pyg © 7.59

NF FCO; = M;0.0573+ T; 0.1612 + py @ 0.0002+ p; ®
0.0003 + pg » 0.0003 + pyyz © 0.0023

HQP FCO; = M;0.1175+ Ts o (— 0.0022) + py ¢ 0.7071 +
PG ©0.8354+ pp e (— 3.91)+ pyr © (10.62)

LQP FCO; = M; ¢0.2281 + T;  0.0732 + pp © 0.0002 + p; @
0.0006 + pg ® (— 0.0003) + pyzg ® 0.0054

HQP +LQP  FCO, = M; @ 0.2093 + T; @ 0.0730 + pp ¢ 0.0004 + p; ®

0.0007 + pg 8.57 x 1075 + pyp © 0.0038
All® FCO; = M;#0.1300 + T, © 0.0334 + pg @ (— 0.8495) +
pge(—1.01)+ pge(—3.27)+ pyg ®7.01

# High-yield soybean.
b Low-yield soybean.

¢ Native Forest.

4 High-quality pasture.
¢ Low-quality pasture.
£ All classes combined.

impact on deforestation for such dynamics (Kastens et al., 2017; Silva
and Lima, 2018). Our results suggest MODIS imagery and soybean
occupation in the best condition of FCO2 modeling, and supplement the
high potential with soybean areas and MODIS imagery, mainly in Mato
Grosso state.

Taking the mean absolute error (MAE), the native forest class present
an exceptional condition where calibration present higher difference
between predicted and measured FCOz, compared to cross-validation
and external validation steps. Yet, NF class also had the lowest values
for R? in cross-validation and external validation, as presented the
highest values of MAE in calibration and cross-validation steps.
Although similar MAE results did not occur with RMSE, we emphasize
that the magnitude of the error determined by the quadratic analysis
means a biased estimator limitation, especially with abnormal data.

Furthermore, the heterogeneity of photosynthetic in Amazon native
forest areas may affect the modeling capability of the variable predicted
in this observation, potentially due to the intention of predicting bio-
physical values of CO: efflux. Such limitation is constant in modeling of
carbon based on surface reflectance data, where the assessment mostly
depends on different land use, as well as it is constrained to get the
carbon flux variability over classes (Della-Silva et al., 2022), and the
biophysical estimation of carbon dynamics in forest is constrained, when
comparing to agricultural and livestock land uses, perhaps relying on the
heterogeneity of this land use (Araza et al., 2023; Della-Silva et al.,
2022). Future studies may consider using Amazon rainforest inventories
associated to carbon dynamics metrics.
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Table 6

PLSR equations for soil CO: efflux (pmol m2 s prediction with surface
reflectance, soil temperature, soil moisture, and carbon related variables (GPP
and CO2zFlux).

Land use
subset

Imagery Equation

MODIS  HYS® FCO; = M, 0.1404+ T, 0.3110 + py o (— 19.74) +

PG e (—16.61)+ py e (—22.65)+ pyg e (— 6.95) +

CO,Flux ¢ 0.0235+ GPP ¢ 5.98

LYs® FCOy = M, ©0.1697 + T; » 0.1763 + p o (— 0.0024) +

pe @ (—0.0038) + pyp e (— 0.0106) + pyyg ® (0.0237) +

CO,Flux o (— 0.6059) + GPP e 0.0056

FCO, = M @ 0.2053+ T; @ 0.1265 + pg e (— 0.0041) +

pg e (—0.0048) + pp e (— 0.01) + pyg ® (0.0132) +

GO, Flux e (— 0.4213) + GPP  0.0042

NF° FCO, = M; #0.0571 + T; @ 0.1603 + py @ 0.0003 + p; ®
0.0005 + pg ® 0.0006 + py;r ® 0.0019 + CO2Flux o
0.0119 + GPP  0.0002

HQP! FCO, = M 0.2131 + T; © 0.0649 + py ¢ 0.0001 + p; ®
0.0004 + py  0.0002 + pyz ® 0.0024 + CO2Flux e (—
0.0071) + GPP « 0.0007

LQP® FCOy = M ¢ 0.2181 + T; » 0.0806 + pj ® (— 0.0005) +
PG ©0.0013 + pr ©3.87 x 107% + pyz © 0.0038 +
CO,Flux e (— 0.0504) + GPP ¢ 0.0011

HYS + LYS

HQP + FCOy = M, ¢0.2062+ T; ¢ 0.0761 + p,  (— 0.00013) +
LQP g ©0.00083 + py @ 0.00014 + py;p @ 0.00301 +

CO,Flux o (— 0.0246) + GPP  0.00084
All' FCO, =M, ©0.166+ T; » 0.124+ py o (— 0.0011) + p; o

0.00012 + py ® (— 0.0036) + pyrg  0.0106 + CO,Flux
(- 0.3069) + GPP ¢ 0.0027

FCO, = M; ¢ 0.2507 + T;  0.0682 + py o (— 0.0002) +
P @ (— 0.0003) + pp o (— 0.0002) + pyyz ® 0.0042 +
CO,Flux o (— 0.1742)

Planet HYS

LYS FCOy = M, ¢0.0621 + T, ¢ 0.1263 + p; 34.38 + p; @
2529+ pp @ 15.16 + pyyp @ (— 10.01) + COFlux e (—
0.9803)

HYS + LYS  FCO; = M; 0.1042+ T, ¢ 0.1116 + p; © 25.27 + pg »

24.15+ pg ©13.51 + pyjp @ (— 8.26) + COxFlux e ( —
0.9013)

NF FCO, = M; ¢ 0.0567 + T; @ 0.1593 + p;  0.0002+ p; ®
0.0003 + py © 0.0003 + py;z ® 0.0024 + COxFluxe (—
0.0185)

HQP FCO; = M; @0.1383+ T;#0.1192+ pp © 0.0011+ p; e
0.0013+ pg @ (— 0.0015) + py;r ® 0.0084 + CO,Flux e (—
0.4127)

LQP FCO; = M; ¢ 0.1869 + T  0.0890 + pg @ 0.0002 + p; ®
0.0006 + pg ® (— 0.0001) + pp;r ® 0.0046 + CO2Flux e (—
0.0890)

HQP + FCOy = M;¢0.1972+ T; 0 0.0812 + p; @ 0.0004 + p; @

LQP 0.0006 + py © 0.0001 + py;z ® 0.0037 + COxFluxe (—
0.0748)

All FCO; = M; ¢0.1810+ T;  0.0933 + p; ©2.26 x 107° +
PG ©0.0001 + pg o (— 0.0008) + pyr ® 0.0048 +
COyFlux e (— 0.1510)

 High-yield soybean.

b Low-yield soybean.

¢ Native Forest.

4 High-quality pasture.
¢ Low-quality pasture.
f All classes combined.

The low metrics in pasture related classes suggests that maintaining
the same land use over time may contribute to homogeneity of pasture
cover, since low quality pasture rely on a latest sowing, and still, the
longer livestock raising contribute to standardizing such occupation.
The similar results in HQP, LQP and then combined are related to the
small difference in the spectral input data among different grazing lands
(Guerschman et al., 2003). In another perspective, the different land use
spectral traits that based our methods affects data compliance to PLSR
modeling. Finally, and more remote, both the seasonality and the
technology of genetic improvement used in soybean seeds compared to
material intended for livestock farming are responsive on land use
homogeneity.
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Table 7
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Determination coefficient (R?), mean absolute error (MAE) and root mean squared error (RMSE) for calibration, cross-validation and external validation between
ground truth measurements and prediction of CO: efflux (umol m=2 s!) on different data subsets.

R? MAE [pmol m2s!] RMSE [pmol m2s]
CA? cv?b EV ¢ CA? cv’P EV ¢ CA? cv?b EV©
HYS MODIS 0.4490 0.3966 0.3119 1.2590 1.3175 1.6452 1.7458 1.8302 2.1471
MODIS + C 0.3626 0.3320 0.3003 1.3701 1.4023 1.6390 1.8124 1.8561 2.1629
Planet 0.2135 0.1849 0.1828 1.5238 1.5523 1.7469 2.0859 2.1262 2.3398
Planet + C 0.3626 0.3320 0.2263 1.3701 1.4023 1.7836 1.8124 1.8561 2.2902
LYS MODIS 0.5848 0.5357 0.4162 0.9975 1.0521 1.1897 1.2980 1.3771 1.5349
MODIS + C 0.5861 0.5357 0.3659 0.9853 1.0398 1.2487 1.2950 1.3746 1.5854
Planet 0.4403 0.4026 0.2469 1.2074 1.2468 1.3882 1.5060 1.5563 1.7228
Planet + C 0.5861 0.5357 0.4227 0.9853 1.0398 1.1426 1.2950 1.3746 1.4606
NF MODIS 0.0283 0.0050 0.0012 2.0470 2.0662 1.4659 1.7426 1.7893 1.9409
MODIS + C 0.0270 0.0055 0.0014 2.0472 2.0665 1.4628 1.8699 1.9228 1.9600
Planet 0.0283 0.0050 0.0012 2.0470 2.0662 1.6635 1.8892 1.9218 2.0858
Planet + C 0.0270 0.0055 0.0002 2.0472 2.0665 1.5606 1.8699 1.9228 2.0077
HQP MODIS 0.2169 0.1920 0.1190 1.1866 1.2108 1.4408 1.5132 1.5445 1.7806
MODIS + C 0.3444 0.3041 0.1193 1.0508 1.0851 1.4417 1.3684 1.4168 1.7785
Planet 0.2387 0.1921 0.1618 1.0877 1.1287 1.3601 1.4761 1.5318 1.6960
Planet + C 0.3444 0.3041 0.1524 1.0508 1.0851 1.3329 1.3684 1.4168 1.7351
LQP MODIS 0.0254 0.0137 0.0189 1.6859 1.7170 2.1274 2.1708 2.2109 2.9516
MODIS + C 0.0312 0.0179 0.0175 1.6542 1.6854 2.1210 2.1549 2.1946 2.9428
Planet 0.0254 0.0137 0.0189 1.6859 1.7169 2.1273 2.1707 2.2108 2.9516
Planet + C 0.0312 0.0179 0.0291 1.6542 1.6854 2.1214 2.1549 2.1946 2.9691
HYS + LYS MODIS 0.4106 0.3804 0.3063 1.2500 1.2821 1.4659 1.7426 1.7893 1.9409
MODIS + C 0.3942 0.3609 0.2735 1.3207 1.3571 1.4628 1.8699 1.9228 1.9600
Planet 0.3068 0.2826 0.1913 1.4432 1.4668 1.6635 1.8892 1.9218 2.0858
Planet + C 0.3942 0.3609 0.2838 1.3207 1.3571 1.5606 1.8699 1.9228 2.0077
HQP + LQP MODIS 0.0649 0.0524 0.0051 1.5043 1.5293 1.7267 1.9945 2.0235 2.4088
MODIS + C 0.0655 0.0574 0.0053 1.5043 1.5227 1.7287 1.9928 2.0122 2.4052
Planet 0.0649 0.0611 0.0051 1.5043 1.5119 1.7266 1.9944 2.0026 2.4088
Planet + C 0.0906 0.0793 0.0040 1.4579 1.4727 1.7404 1.9569 1.9762 2.4248
Al MODIS 0.0568 0.0526 0.0266 1.7858 1.7923 1.8827 2.4247 2.4331 2.4787
MODIS + C 0.1425 0.1357 0.0795 1.6459 1.6533 1.7947 2.3002 2.3106 2.3926
Planet 0.1322 0.1227 0.0428 1.6880 1.6984 1.8967 2.3100 2.3239 2.4559
Planet + C 0.1425 0.1357 0.0775 1.6459 1.6533 1.7952 2.3001 2.3106 2.4026

@ Calibration step.

b Cross-validation step.

¢ External validation step.
4 All classes combined.

5. Conclusion

Dioxide carbon dynamism over soil, biotic and atmospheric pools is
related to several ecosystem services and climatic conditions, and the
close relation to temperature and water dynamics lead us to look at such
variable in view of climate change, especially in regional scale. Yet, the
land use change as driver of CO: directly and successive affects envi-
ronment, climate and finally, the mankind itself. Partial least squares
regression modeling is a useful tool for such dynamics, despite the
limitations of joining the whole temporal variability in a single subset
and abnormal distribution of data. It was possible to confirm the soy-
bean data from MODIS suitability to such carbon related modeling, as
well as observe the limitations of spatial heterogeneity to pastures and
mainly native forests remotely sensed data. The use of these models in
future research work will possibly satisfactorily estimate the efflux of
soil carbon dioxide for the environmental conditions of soybean agri-
cultural areas in the southern Amazon.
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