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Abstract 

The northern part of the state of Mato Grosso is located at the intersection of large-scale 

agricultural production and the Amazon, a tropical biome of great importance for ecosys-

tem services and biodiversity. Agricultural production activities interact with natural cap-

ital, among other factors, in land use and in biogeochemical cycles of water and carbon. 

In this study, we sought to use remote sensing at the regional level to diagnose and spati-

alize the contribution of agricultural activity to dry areas. Using carbon dioxide orbital 

models, land use classification techniques, the Standardized Precipitation Index (SPI), and 

Pettitt and Mann–Kendall statistics, the variables were compared spatially for the biogeo-

graphic boundary of the Amazon in Mato Grosso in two distinct time frames: (i) over the 

crop years of the CO2 efflux model (2020 to 2023), and (ii) over the years 2008 to 2023, with 

consolidated data from the MODIS sensor system. The hot and cold spots analysis rein-

forces the correlation of carbon variables to land use; the drought index suggests a spatial 

correlation to forest loss, where more intense agricultural activity favors drought and in-

hibits moderate rainfall, and in turn is linked to the amount of forest in the context of 

intense continentality. Temporally, the statistical diagnosis highlights abrupt changes in 

2011, 2013, and 2019, restate the complex relation of tropical forest and biogeochemical 

cycles, above all with carbon dioxide. 
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1. Introduction 

The Brazilian economy relies heavily on commodity exports, particularly soybeans, 

(Glicine max L. Merrill) [1], mainly exported in grain form [2]. This production is mainly 

carried out in the Central West region of the country, highlighting the state of Mato Grosso 

[3–5], which, with its geographical conditions and technological development in genetic 

improvement, allows efficient cultivation in extensive areas of crops in the region [6–9]. 
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In a context prior to agricultural occupation, the southern Amazon biome also occurs 

in Mato Grosso, with its intersection exactly in the north of the state. Historically, the bi-

ome has been subjected to intense deforestation, which began with state policies for the 

occupation of native forest areas in the 1960s [10], and advanced with economic practices 

of using wood, mining, livestock farming and finally with the dominance of agriculture 

[11–13]. This great productive capacity makes Brazil a major grain exporter. 

While economic development stresses the natural capital of a biome highly sensitive 

to anthropization, the climate conditions of the Brazilian Midwest are dependent on eco-

system services from the Amazon rainforest [14–16]. The geomorphological structure of 

the American continent, with the presence of the Andes, combined with the phenomenon 

of ‘flying rivers’, due to the evapotranspiration of the tropical forest, creates a unique con-

dition that contains the desertification of a region prone to such [17]. 

The retreat of Amazonian evergreen forests, transformed into agricultural and live-

stock areas, potentializes desertification, since forests are the main component of the de-

celeration of the desertification process [18]. Climatic unfeasibility would significantly im-

pact precipitation and, consequently, local biodiversity and, correlated to changes in pro-

ductive performance in this crop, due to atmospheric conditions of CO2 and temperature, 

in productive capacity [19,20]. Therefore, it would affect the Brazilian economy, as well as 

food security for those who consume its products [21,22]. 

When dealing with dynamics on land use, orbital data on Earth’s surface reflectance 

and remote sensing techniques are highlighted in contemporary science and are suitable 

for this purpose [23]. Moreover, combining climatic and biogeochemical aspects increases 

the importance of such methods. Analyses of carbon balance, climatological aspects, oc-

cupation by agricultural crops, or more specifically on soybeans in Brazil adhere to and 

are consecrated with the use of remote sensing [24]. 

In the context of remote sensing, the capability of regionalized analyses of environ-

mental dynamics is sometimes limited to estimates, especially when it comes to specific 

target classification and carbon studies [25,26]. Despite the great potential in mapping ex-

tensive cultivation areas, the analysis of floristics is still limited, where the spectral mixing 

effect exemplifies part of the limitations. To achieve greater reliability in the results, in situ 

remote sensing techniques are necessary to provide reliable results to the models applied 

at the orbital level [27–29]. 

Among the in situ instruments, soil CO2 efflux analysis observes part of the dynamics 

between carbon stocks, which is related to the type of surface cover [27,30]. Infrared gas 

analyzer (IRGA) instruments then provide data for building models with orbital data to 

estimate at a regional level, results for the same variable [31]. Thus, the construction of 

such a model gathers new capabilities for sensing and the contribution of science to envi-

ronmental diagnosis [32]. 

To contextualize the dynamics of CO2 efflux, carbon emissions are correlated with 

biotic stock, which implies the capacity to absorb atmospheric carbon [19]. Therefore, a 

larger photosynthetic biosphere increases the presence of organic carbon, characterizing 

a coverage with greater CO2 emissions [33]. In contrast, different carbon dynamics are 

expected over extensive livestock farming and crop areas, which, with lower biotic stock 

capacity, have limited carbon stocks in soil and affect the overall condition of this element 

among stocks [34,35]. 

In short, anthropization (and more specifically, soybean cultivation) acts on the bio-

geochemical cycles of water and carbon, on its impact and its consequences on the regional 

climate [36,37]. Such dynamics adhere to remote sensing, which, with appropriate meth-

ods, finds results and diagnoses that permeate and contribute to environmental science 

and agriculture, especially in a bias with the potential to improve yields, rather than ex-

panding arable areas [6,38]. 
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Understanding spatialized carbon and water cycles, and their correlation to human 

activity with remote sensing may rely on a robust background of variables, given the com-

plexity of biogeochemical cycles and their relation to anthropization. Our hypothesis is 

that remotely sensed data of carbon and drought can be spatially correlated to land use 

dynamics, namely the agricultural expansion over the southern Amazonian rainforest. 

Since the anthropization means loss of evergreen forest and then drought, the soybean 

cultivation is affected by alterations on precipitation regime [20]. Given the context pre-

sented, this work will analyze the predicted impact of the expansion of soybean areas 

within the biogeographic limit of the Amazon based on orbital models for estimating car-

bon balance (GPP, CO2Flux, FCO2), drought and land use for the agricultural calendars 

from 2020 to 2023. 

2. Materials and Methods 

In this work, the potential spatial relationship between drought and the expansion of 

arable areas will be verified by using remote sensing and geoprocessing data and tech-

niques held on the Google Earth Engine (Mountain View, CA, USA) platform [39]. 

2.1. Study Site 

The region of interest refers to the biogeographic limit of the Amazon within the po-

litical boundary of the state of Mato Grosso, Brazil, placed from 09º00′ to 18º00′ S and 

49º00′ to 61º00′ W (Figure 1). With an area of about 661 thousand km2 and covered by 92 

municipalities, the climate in the region is super humid tropical monsoon, with high av-

erage annual temperature above 24 °C and high rainfall (2000 mm year−1); tropical, with 

summer rains and dry winter, characterized by averages of 23 °C on the plateau, which 

according to the Köppen–Geiger classification are “Am” (monsoon climate) and “Aw/As” 

(tropical climate with dry season). 

 

Figure 1. Study area: biogeographic limit of the Amazon in the state of Mato Grosso and anthropi-

zation. 

2.2. Land Use 

2.2.1. Soybean Cultivation Areas 
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The definition of the soybean class for the study area is based on SojaMaps data [40]. 

This is a product generated from the analysis of orbital surface reflectance images from 

MODIS sensors (on board the TERRA and AQUA systems), considering agronomic con-

ditions associated with the temporal context [41]. 

Specifically, the process relies on the entire soybean crop cycle imaging, from sowing 

to harvesting. MODIS orbital images are acquired, and a time series is established. Among 

the numerous processes for generating the product, soybean areas depend on the classifi-

cation based on the vegetation indexes Perpendicular Crop Enhancement Index (PCEI—

Equation (2)), based on the maximum and minimum values of the Perpendicular Vegeta-

tion Index (PVI—Equation (1)) for the series. The maximum PVI values are observed in 

the period of maximum development of the soybean crop, while the minimum values are 

observed in the period prior to the planting or emergence. Finally, the highest PCEI values 

are classified as soybean. 

𝑃𝑉𝐼 =
1

√1 + 𝑎2
× (𝜌𝑁𝐼𝑅 − 𝑎 × 𝜌𝑅𝐸𝐷 − 𝑏) (1) 

𝑃𝐶𝐸𝐼 = 𝑔 ×
(𝑀𝑎𝑥 𝑃𝑉𝐼 + 𝑆) − (𝑀𝑖𝑛 𝑃𝑉𝐼 + 𝑆)

(𝑀𝑎𝑥 𝑃𝑉𝐼 + 𝑆) + (𝑀𝑖𝑛 𝑃𝑉𝐼 + 𝑆)
 (2) 

where 

𝜌𝑁𝐼𝑅 is the near-infrared band reflectance. 

𝜌𝑅𝐸𝐷  is the red band reflectance. 

𝑎 is the soil line slope. 

𝑏 is the soil line gradient. 

𝑆 is the enhancement coefficient (102). 

𝑏 is the gain factor (102). 

In subsequent steps, geo-object-oriented analysis and machine learning vectorization 

are performed, supported by higher spatial resolution orbital images from the OLI/Land-

sat-8 and MSI/Sentinel-2 sensor systems. The use of machine learning, specifically the 

Random Forest model, smooths and refines the results of the soybean maps [40]. 

2.2.2. Forest Degradation 

To detect changes in the forest class, the Normalized Difference Fraction Index 

(NDFI) was applied [42]. Through this model, the proportions of the classes on each pixel 

are determined, supported by the Linear Spectral Unmixing (LSU) (Equations (3) and (4)). 

This algorithm aims to estimate the proportion of components, such as soil, shade, healthy 

vegetation and non-photosynthetic vegetation of each pixel, from the spectral response in 

the different spectral bands of the OLI, generating the fraction images [43]. 

𝑅𝑛 = ∑ 𝐹𝑖

𝑛

𝑖=1

𝑅𝑖,𝑏 + 𝜀𝑏 (3) 

∑ 𝐹𝑖

𝑛

𝑖=1

= 1 (4) 

where: 

𝑅𝑏 is b band reflectance. 

𝑅𝑖,𝑏 is the reflectance for user i, in spectral band b. 

𝐹𝑖 is the fraction of endmember i. 

𝜀𝑏 is the residual error for each band. 

The LSU error for each image pixel is estimated by mean squared error (MSE) (Equa-

tion (5)): 
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𝑀𝑆𝐸 = [𝑛−1 ∑ 𝜀𝑏

𝑛

𝑏=1

]

1
2⁄

 (5) 

Finally, the model will then be applied to each image of each spectral band using the 

seven OLI bands and endmembers selected in the image itself (Equation (6)). 

𝑁𝐷𝐹𝐼 =
𝐺𝑉𝑆ℎ𝑎𝑑𝑒 − (𝑁𝑃𝑉 + 𝑆𝑜𝑖𝑙)

𝐺𝑉𝑆ℎ𝑎𝑑𝑒  +  𝑁𝑃𝑉 +  𝑆𝑜𝑖𝑙
 (6) 

where: 

NPV is non-photosynthetic vegetation. 

GVshade is the shade-normalized green vegetation (GV) fraction (Equation (7)). 

𝐺𝑉𝑆ℎ𝑎𝑑𝑒 =
𝐺𝑉

100 − 𝑆ℎ𝑎𝑑𝑒
 (7) 

NDFI values range from −1 to 1, with intact forests having high values (close to 1) 

due to the combination of high SV (i.e., high SV content and canopy shade) and low VFN 

and soil values. As forests become degraded, NPV and soil fractions increase due to de-

creasing canopy cover, reducing NDFI values relative to intact forests [44]. An empirical 

decision tree model for deforestation detection is also proposed, which generally trans-

lates the biophysical responses of vegetation (Figure 2). 

 

Figure 2. Empirical decision tree used for classifying deforestation and forest degradation [44]. 

NDFI variable was rescaled to 0–200, meaning that VNDFI ≥ 175 translates to VNDFI ≥ 0.75 format-

ting. 

In addition to these values for deforestation data, PRODES (Sistema de Monito-

ramento do Desmatamento na Amazônia Legal) data, from INPE (Instituto Nacional de 

Pesquisas Espaciais) was used, based on August 2008 (Soy Moratorium agreement) to July 

2023. Then, the deforested areas in these years will be combined to verify the areas (poly-

gons) converted from forest-soybean and forest-pasture-soybean for all municipalities 

that are part of the Amazon in the state of Mato Grosso. 
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2.3. Carbon Dioxide Dynamics 

2.3.1. Carbon Dioxide Uptake 

Based on the relationship between land cover and CO2, surface reflectance data from 

orbital sensors can provide spatialized data for carbon-related variables. GPP MODIS [45] 

and the CO2Flux [46] model will be used. For the last one, environmental [47] and spectral 

rates [25] of input data will be considered. 

Gross Primary Production (GPP) 

The MOD and MYD17A2 products are cumulative composites of gross primary 

productivity values, based on the concept of the efficient use of solar radiation by vegeta-

tion (ε). In this logic, primary production is linearly related to absorbed photosynthetically 

active radiation (APAR) (Equation (8)). APAR can be calculated as the product of the in-

cident photosynthetically active radiation (PAR), in the visible spectral range of 0.4–0.7 

μm, assumed to be 45% of the total incident solar radiation, and the fraction of photosyn-

thetically active radiation absorbed by the vegetation cover (FPAR) [45]. 

𝐺𝑃𝑃 = 𝜀 × 𝑃𝐴𝑅 × 𝐹𝑃𝐴𝑅 (8) 

One of the biggest challenges in using such models is obtaining the light use effi-

ciency “ε” over a large area, due to its dependence on environmental factors and the veg-

etation itself. One of the solutions consists of relating “ε” according to its maximum value 

(εmax), the environmental contributions synthesized by the minimum air temperature (Tmin-

scalar) and the water state in the vegetation (water vapor pressure deficit—VPD) (Equation 

(9)) [48]. 

𝜀 = 𝜀𝑚𝑎𝑥 × 𝑇𝑚𝑖𝑛𝑠𝑐𝑎𝑙𝑎𝑟 × 𝑉𝑃𝐷𝑠𝑐𝑎𝑙𝑎𝑟  (9) 

In this study, MODIS GPP (Gross Primary Production), version 5.0, with composition 

between the years 2008 and 2021 will be used. The pixel values referring to the digital 

numbers of the MODIS images will be converted into biophysical values (Kg C m−2) by 

multiplying by the scale factor 0.0001 [49] (Equation (10)). GPP values will also be trans-

formed from 8 day cumulative values to 8 day average values and converted from Kg C 

m−2 day−1 to g C m−2 day−1. Note that GPP only admits positive values, since it accumulates 

every metabolic outcome of photosynthesis. 

𝐺𝑃𝑃 (g C m−2 d−1) =
𝐵𝑖𝑜𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑃𝑖𝑥𝑒𝑙 (𝐾g C m−2 day−1)

8
 (10) 

CO2Flux 

The estimation of carbon flux between soil, biotic and atmospheric stocks is highly 

related to land use; therefore, it can be estimated from reflectance data. Based on a com-

ponent that represents vegetative vigor (NDVI—Equation (11)) and another for leaf water 

content (PRI—Equation (12)), CO2Flux (Equation (14)) is an index that expresses such a 

condition [46]. Since there is a high dependence on land use, the model must be adjusted 

to environmental conditions [47], as well as adapted for input with multispectral orbital 

data, i.e., it was validated by comparing hyperspectral and multispectral values of the 

same method (R2 = 0.78) at the same context [25]. Positive values refer to carbon emission 

from soil to the atmosphere, and negative values mean the carbon uptake by photosyn-

thetic organisms. To obtain consistent results, the Photochemical Reflectance Index is 

scaled for positive values (Equation (13)). 

𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅 + 𝜌𝑅𝐸𝐷

 (11) 
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𝑃𝑅𝐼 =
𝜌𝐵𝐿𝑈𝐸 − 𝜌𝐺𝑅𝐸𝐸𝑁

𝜌𝐵𝐿𝑈𝐸 + 𝜌𝐺𝑅𝐸𝐸𝑁

 (12) 

𝑠𝑃𝑅𝐼 =
1 + 𝑃𝑅𝐼

2
 (13) 

𝐶𝑂2𝐹𝑙𝑢𝑥 (μmol 𝑚−2 𝑠−1) = 13.63 − 66.207 × (𝑁𝐷𝑉𝐼 × 𝑠𝑃𝑅𝐼) (14) 

where: 

𝜌𝑁𝐼𝑅 is the near-infrared band reflectance. 

𝜌𝑅𝐸𝐷  is the red band reflectance. 

𝜌𝐵𝐿𝑈𝐸  is the blue band reflectance. 

𝜌𝐺𝑅𝐸𝐸𝑁 is the green band reflectance. 

2.3.2. Carbon Dioxide Emission 

Soil CO2 efflux is a component of carbon dynamics. PLSR models will be used to 

estimate carbon dioxide efflux [26] for the soybean class, based on the MODIS sensor re-

flectance data (Equation (15)). In addition to the MODIS surface reflectance data, the sur-

face temperature (LST) and soil moisture inputs will be based on the MOD11A1 V6.1 [50] 

and the SPL3SMP_E.006 SMAP L3 [51–53] orbital data, respectively. 

𝐹𝐶𝑂2 = 𝑀𝑠 ∙ 0.1658 + 𝑇𝑠 ∙ 0.1500 + 𝜌𝐵 ∙ 16.21 + 𝜌𝐺 ∙ 2.04 + 𝜌𝑅 ∙ (−34.34) + 𝜌𝑁𝐼𝑅 ∙ 2.08 (15) 

where: 

𝑀𝑠 is the soil moisture. 

𝑇𝑠 is the soil temperature. 

𝜌𝑁𝐼𝑅 is the near-infrared band reflectance. 

𝜌𝑅𝐸𝐷  is the red band reflectance. 

𝜌𝐵𝐿𝑈𝐸  is the blue band reflectance. 

𝜌𝐺𝑅𝐸𝐸𝑁 is the green band reflectance 

2.4. Standardized Precipitation Index 

The Standardized Precipitation Index (SPI) [54] allows a diagnosis of drought sever-

ity, where the onset and duration of the drought are perceived. Furthermore, based on an 

analysis with an appropriate time scale, it is possible to analyze the frequency of drought 

events. 

The SPI seeks to quantify the deficit or excess of rainfall on different time scales and 

will be calculated on an annual scale (SPI-12) for the study area for the years 2008 to 2023 

to identify drought events in the historical time series. The calculation (SPI) is performed 

based on the total accumulated rainfall records over 20 years, adjusted to a probability 

distribution function. The function is transformed into a normal probability distribution 

function, thus adjusting the average SPI value of a given location and period to zero. 

To determine the SPI, the Gamma distribution calculation will initially be used, 

which was defined by the probability density function (PDF—Equation (16)). 

𝑓(𝑥) =  
1

Г(𝑎)𝛽𝑎
𝑥𝑎−1𝑒

−
𝑥
𝛽 (16) 

where: 

α > 0 (α) shape parameter (dimensionless). 

β > 0 (β) scale parameter (mm). 

𝑥 > 0 (𝑥) total rainfall (mm). 

Г (α) is the Gamma function (Equation (17)). 
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Г(𝑎) =  ∫ 𝑥𝑎−1𝑒−𝑥𝑑𝑥

∞

0

 (17) 

All parameters and the gamma PDF will be adjusted to the frequency distribution of 

accumulated rainfall using remote sensing data. The parameters α and β will be calculated 

from the estimated Gamma probability density function for each of them at the scale. The 

parameters α and β will be estimated using the maximum likelihood method (MLM), 

which is the most appropriate method [55]. To find the cumulative probability (Equation 

(18)) of an observed rainfall event for the adopted scale, the parameters α and β were 

calculated. 

𝐹(𝑥) =  ∫ 𝑓(𝑥)𝑑𝑥 =  
1

Г(a)𝛽𝑎

𝑥

0

∫ 𝑥𝑎−1𝑒
−

𝑥
𝛽

𝑥

0

𝑑𝑥 (18) 

Based on the annual SPI values for the Mato Grosso Amazon, the wet and dry periods 

will be classified, in detail extremely wet (≥2.00), very wet (1.5 to 1.99), moderately wet 

(1.00 to 1.49), close to normal (0.99 to −0.99), moderately dry (−1.00 to −1.49), very dry 

(−1.50 to −1.99) and extremely dry (≤−2.00) [54]. 

Therefore, CHIRPS data will be used for precipitation estimation [56]. It is a product 

combining pentadal precipitation climatology, quasi-global geostationary TIR satellite ob-

servations from the CPC and the National Climatic Data Center (NCDC) [57], precipita-

tion fields from the NOAA Climate Forecast System (CFSv2) atmospheric model [58], and 

in situ precipitation observations [59]. In the first stage of the study, these products will 

be used due to the lack of temporal data from in situ stations and because they have been 

available since 1981 to the present, with a spatial resolution of 0.05° (±5.3 km) and 

monthly, pentadal and decadal temporal resolution for the entire globe [60]. In the second 

stage, it is expected that meteorological stations will be acquired to monitor the areas iden-

tified as dry zones. To evaluate, compare and reflect the characteristics of the spatial dis-

tribution of precipitation and SPI, the IDW-Inverse Distance Weighting data interpolation 

method will be used [61]. 

2.5. Statistics 

To identify trends throughout the time series (2008–2023) of each variable, Pettitt’s 

test will be used. This nonparametric test allows us to confirm the stationarity of the his-

torical series, that is, except for random fluctuations, the observations are invariant with 

respect to the chronology of their occurrences. The test will use two samples X1,..., Xt and 

Xt + 1,...., XT which will belong to the same population. Ut,T statistics count the number of 

times a member of the 1st sample is greater than a member of the 2nd sample (Equation 

(19)). 

𝑈𝑡,𝑇 = 𝑈𝑡−1,𝑇 + ∑ 𝑠𝑔𝑛(𝑋𝑖 − 𝑋𝑗)

𝑇

𝑗=1

           for 𝑡 =  2, . . . , 𝑇 (19) 

where: 

sgn (x) = 1 when x > 0. 

sgn (x) = 0 when x = 0. 

sgn (x) = −1 when x < 0. 

Ut,T is calculated for values 1 < t < T, and the Pettitt test statistic k(t) is given by (Equa-

tion (20)): 

𝑘(𝑡) = 𝑀𝐴𝑋1≪𝑡≪𝑇|𝑈𝑡,𝑇| (20) 
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Using Pettitt’s test, the point at which a sudden change in a time series is found, and 

the significance of this change (p) is given by (Equation (21)): 

𝑝 ≅ 2𝑒𝑥𝑝 {
−6𝑘(𝑡)2

(𝑇3 + 𝑇2)
} (21) 

The point of abrupt change is t where the maximum of k(t) occurs. The critical values 

of K are given by (Equation (22)): 

𝐾𝑐𝑟𝑖𝑡 = ±√
−ln (

𝑝
2

)(𝑇3 + 𝑇2)

6
 (22) 

To analyze the trend of the time series of variables, the Mann–Kendall test was ap-

plied (Eq. 23 – 25). 

𝑍𝑀𝐾 =
𝑆 − 1

√𝑉𝑎𝑟(𝑆)
, 𝑤ℎ𝑒𝑛 𝑆 > 0 (23) 

𝑍𝑀𝐾 = 0, 𝑤ℎ𝑒𝑛 𝑆 = 0 (24) 

𝑍𝑀𝐾 =
𝑆 + 1

√𝑉𝑎𝑟(𝑆)
, 𝑤ℎ𝑒𝑛 𝑆 < 0 (25) 

where: 

𝑍𝑀𝐾 is the Z-index of the Mann–Kendall test. 

𝑆 is the “score” statistic. 

𝑉𝑎𝑟(𝑆) is the variance of statistic S. 

2.6. Analysis of Hot and Cold Spots 

The “undulating clusters” parameter is used to evaluate the spatial arrangement of 

the analyzed spatial variable resources. In this case, the values converted from raster to 

vector values of the variables CO2Flux, GPP, SPI, areas with soybeans, pastures, forests 

and deforestation will be selected. The number in the selected field was used to determine 

the clustering, and then, the tool was used to dimension the hot and cold spot areas. For 

this, the Getis-Ord Gi* statistics were calculated (Equation 26) [62] for each feature in the 

dataset. The resulting z-score and p-value will be calculated, and information will be ob-

tained where there are spatially clustered data with high or low values. From the “Find 

High Incidence Values” tool, favorable patterns were calculated based on the characteris-

tics of the input data and will automatically apply false discovery rate (FDR) corrections, 

analyzing each feature in the context of neighboring data. 

𝐺𝑖∗(d)=
∑ 𝑊𝑖𝑗(𝑑)𝑥𝑗

𝑛
𝑗=1

∑ 𝑥𝑗
𝑛
𝑗=1

  (26) 

3. Results 

3.1. Soil CO2 Efflux Application 

Based on the soybean areas mapped for the 2020–21 to 2022–23 crop years, the soil 

carbon efflux (FCO2) model with the best adherence, represented the actual variability of 

soybean crops in the study area (HYS + LYS without carbon), which also determined the 

source of the input data (MODIS sensor system) for acquisition [26]. Also noteworthy in 

this regard are the spatial and spectral resolutions that are most suitable for this purpose 

(Fig. 3). 
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Figure 3. Orbital model of FCO2 [μmol m−2 s−1] over soybean areas from 2020–21 to 2022-23 crop 

years. The FCO2 model for soybean areas decouples the soil carbon flow to the atmosphere from the 

total carbon cycle and its contribution to climatic outcomes. 

The biophysical values estimated with the FCO2 model are feasible, and the statistical 

tests presented below reaffirm this determination. It should be noted that the model was 

applied only within the boundaries of soybean areas, and therefore, the areas of each crop 

year were conditioning factors for the application of the model. 

3.2. Carbon and Drought Temporal Analysis 

GPP, CO2Flux and SPI Through Crop Years 

The spatial analysis of carbon orbital products (GPP and CO2Flux) and the drought 

severity index during harvests showed few changes, but with conclusions related to the 

dynamics of area conversion. Based on PRODES data, presented in the context of drought 

severity, it reveals that the pattern of anthropized areas advancing on the native Amazon 

rainforest has an impact in the short term (Figures 4 and 5). 

 

Figure 4. CO2Flux [μmol m−2 s−1] over soybean areas from 2020–21 to 2022-23 crop years. The orbital 

estimation soil-atmospheric carbon flow depends on vegetation spectral models and is closely re-

lated to land use. 
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Figure 5. Annual cumulated GPP [kg C m−2] over Mato Grosso Amazon from 2020–21 to 2022-23 

crop years. The light-use efficiency by photosynthetically active vegetation expresses the carbon 

uptake, and then, the soil carbon pool. 

To analyze the severity of drought on the crops under study, the index related to this 

condition (SPI) was calculated over the interval of the crops analyzed, still based on an-

nual temporality (SPI-12), that is, the years 2020 to 2023. The result of the spatialized SPI 

(Figure 6) is notably related to precipitation and macroclimatic dynamics. Years with 

higher rainfall impact severity, and the cyclical nature of climatic events such as El Niño 

are related to the effect of drought. What this result reveals is the small or zero contribu-

tion of agricultural expansion, i.e., as a vector of effect on the climate, towards an increase 

in the drought index. 

 

Figure 6. Standardized Precipitation Index (SPI) over Mato Grosso Amazon from 2020 to 2023. The 

spatialization of drought is based on the precipitation time series, considering the temporal perio-

dicity; here, it was considered the annual index (SPI-12), i.e., the cumulated precipitation of each 

year was considered in modeling drought. 

3.3. Temporal Trends of Orbital Carbon and Drought (2008–2023) 

Results indicate distinct patterns in the variables analyzed (Table 1). For the SPI 

(Standardized Precipitation Index—Figure 6), the Mann–Kendall test did not reveal a sig-

nificant trend (S = 16, p = 0.4995). The Pettitt test (U = 32) pointed to a potentially significant 

abrupt change, possibly associated with changes in precipitation regimes. Even though, 

the p-value for SPI is far from significant. 

Table 1. Pettitt and Mann–Kendall tests for CO2Flux, GPP and SPI temporality from 2008 to 2023. 

 CO2Flux GPP SPI 

Pettitt 

U statistics −44 −32 32 

Critical value (α = 0.05) 62.4 62.4 62.4 

Change point 2013 (index 5) 2019 (index 11) 2011 (index 3) 

p-value 0.0693 0.2437 0.2437 

Mann–Kendall 

S statistics −20 −10 16 
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S variance 493.33 493.33 493.33 

Z statistics −0.8554 −0.4052 0.6753 

p-value 0.3923 0.6853 0.4995 

Significance at 5%. 

Finally, CO2Flux showed marginal stability (S = −20, p = 0.0693—Table 1), with values 

becoming more negative over time in the perspective of time series (Figure 7). The Pettitt 

test (U = 17) did not indicate an abrupt change, which does not translate the global per-

spective of land use dynamics, as it comes to changes in vegetation or soil management. 

The combination of higher moisture (reflected in the form of SPI) and lower productivity 

(GPP — Figure 7) suggests that other factors, such as plant composition or ecosystem dy-

namics, may be influencing the carbon balance. These findings highlight the complexity 

of climate–vegetation–carbon interactions, especially in tropical ecosystems. 

 

Figure 7. Averages of CO2Flux [μmol m−2 s−1], annual cumulated GPP [kg C m−2], and Standardized 

Precipitation Index (SPI) for Mato Grosso Amazon from 2008 to 2023. 

3.4. Hot and Cold Spots 

Based on Getis-Ord Gi* statistics (Equation (25)), areas with higher amplitudes of the 

CO2Flux, GPP, and SPI-12 variables were spatially highlighted. Using the “Find High In-

cidence Values” tool, patterns of higher and lower intensity were calculated for these car-

bon and orbital acquisition drought variables. For the orbital carbon variables, i.e., 
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CO2Flux (Figure 8) and GPP (Figure 9), some correlation is expected and reinforced by 

this approach. In addition, there is a notable correlation between both orbital carbon var-

iables and the agricultural cultivation area, while on the other hand, they are not closely 

related to recent deforestation, based on PRODES deforestation data. The correlation be-

tween CO2Flux and GPP goes beyond this simple correlation of variables and contributes 

to the premise, which is continuously being investigated [25], where the dynamics be-

tween atmospheric and soil carbon stocks depend on land use. 

 

Figure 8. Annual average carbon dioxide flux (CO2Flux) hot and cold spots for Mato Grosso Ama-

zon from 2020 to 2023. 

 

Figure 9. Annual average gross primary production (GPP) hot and cold spots for Mato Grosso Am-

azon from 2020 to 2023. 

The cluster analysis of the drought index reveals a spatial effect on areas with changes 

in land cover. Following the method used to analyze the annual drought severity index 

for the crop years under analysis (2020 to 2023), it is possible to note the significance and 
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impact that soybean areas have on the determination of dry zones (Figure 10). Throughout 

the crop years studied, the north-central regions of the state of Mato Grosso (and the 

southern limit of the Amazon biome) and the far north region retained their hotspot char-

acteristics, which, in the first example, suggests the prolonged effect of agricultural occu-

pation on precipitation, as well as suggesting that areas undergoing expansion also deter-

mine the effect of drought. 

 

Figure 10. Annual Standardized Precipitation Index (SPI) hot and cold spots for Mato Grosso Am-

azon from 2020 to 2023. Hot spots of drought (in red) match the main soybean cultivation areas, in 

the north-central region of Mato Grosso. 

The potential correlation between severe land use change dynamics and future ef-

fects is still apparent. For example, near the edge of the Pantanal, a hotspot area was iden-

tified after severe deforestation events, based on the use of fire for this process, which 

occurred in the previous year. The other areas that transition between dry and non-dry 

zoning are boundaries between large areas that remain dry or wet. 

4. Discussion 

Land use dynamics and their impact on carbon and water cycles are associated with 

the ecosystem structure established by each type of occupation. Commonly, the expansion 

of arable land is associated with deforestation, which in context means a decrease in evap-

otranspiration and soil organic carbon (SOC) stocks [63]. Despite this, the southern Ama-

zon has a more complex dynamic of anthropization and agricultural productivity, where 

degraded pastureland is being replaced by soybean and corn fields, which increases biotic 

and soil carbon stocks. Consequently, evapotranspiration [64,65] and other related varia-

bles (soil microbiology, organic carbon, moisture, and temperature) are positively altered 

[66–68]. 

The spatialization of climate diagnostics for carbon and water cycles, and geographic 

diagnostics for dynamic land use, guides conclusions about the importance of the south-

ern Amazon. The region’s ecosystem services and the spatial intersection with the agri-

cultural frontier of a country economically structured around agriculture, in addition to 

being the fourth largest agricultural producer in the world [69] converge environment and 

economy, highlighting the environmental commitment of the productive sector. This is an 
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anthropization process of a biodiversity hotspot on the planet, with the greatest potential 

for bioprospecting and the development of technologies from Brazilian biomes [70–72]. 

The relation (and, to a certain extent, dependence) between soybean productivity and 

drought highlights the need to keep the forest standing, to maintain the high productive 

capacity of this commodity. In a context where the largest soybean producer has an econ-

omy based on its export, conservation and development of productive capacity and in-

creasing global exports are fundamental to meeting the Brazilian economic needs itself 

and the consumers' food security [73–75]. 

The value of Brazilian environmental concern policies as the soy moratorium [76], is 

foundational to restraining the deforestation for agricultural activities [3]. The spatializa-

tion of SPI (Figure 10) raises the limitation of the climatic influence of such a device, where 

previous land use dynamics of anthropization and natural climatic processes, such as El 

Niño, are prevailing on drought, and anything else that comes with it [36]. More than 

placing legal mechanisms for environmental concerns, it is necessary to define tools that 

effectively stop deforestation [77]. 

The results about drought (Figure 6), allied to the region Köppen–Geiger classifica-

tions (“Am”—monsoon climate, and “Aw/As”—tropical climate with dry season) ex-

presses how anthropization affects the water cycles. In the region, extremely dry regions 

suffer the most from shortening of the rainy season, with more intense rainfall events 

[78,79]. Our results are based on remote sensing techniques, and the geochemical cycles 

models provide some estimated metrics, even though the spatialization of data, the data 

temporality, and the geoprocessing techniques in our methods, allied to an adequate sta-

tistical approach, ground the reliability of such findings. 

The climate regulation of native forests, in terms of evapotranspiration, is related to 

land use [80]. Somehow, very large areas of cultivation mean massive losses of forest and 

the high evapotranspiration capacity it provides [81]. Given the estimated expansion of 

soybean cultivation into forest and pasture areas, consideration should be given to adopt-

ing farming systems that conserve more forests. In addition to this technical increase in 

commodity productivity, this also means conservation of species, natural capital, and 

other ecosystem services provided by the forest [82–85]. Beyond making use of unproduc-

tive areas, strategic planning and the agricultural production chain regulation are shaping 

the agricultural industry, where productivity and carbon absorption must be improved to 

positively impact the regional climate. 

5. Conclusions 

Remote sensing reaffirms the Amazon preservation importance for Brazil’s agricul-

tural sector. Economic and environmental synthesis outlooks reinforce attention to man-

aging the biome’s resources. Combined methodologies based on orbital data and clima-

tology form the technical diagnosis for ecological treatment, necessary to adapt relations 

of humans and nature. The extreme hydrological cycle mainly affects the regional climate 

in the southern Amazon, but it also affects soybean productivity and the economic conse-

quences of this lower productivity. 

From a technical standpoint, spatial analysis will obviously be optimized with accu-

rate models for biogeochemical agents. Regionalized analysis is highly dependent on land 

use, and therefore, we estimate that increasing the spatial resolution of products for rain-

fall (or drought) and carbon dioxide will also allow for more refined diagnoses. However, 

future results should be very similar, as the effects of anthropization on the climate are 

felt and observed globally. Economic planning and resource management embrace Ama-

zon’s soybean production. Even with formal planning and policies, further scientific pro-

gress on climate research, agricultural technology breakthroughs and natural resources 
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knowledge may lead to a sustainable economy, environmental commitment and food safe 

prospective. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

SPI Standardized Precipitation Index 

CO2 Carbon dioxide 

PCEI Perpendicular Crop Enhancement Index 

PVI Perpendicular Vegetation Index 

NIR Near-infrared 

NDFI Normalized Difference Fraction Index 

LSU Linear Spectral Unmixing 

MSE Mean Squared Error 

GV Green vegetation 

NPV Non-photosynthetic vegetation 

GVshade Shade-normalized GV fraction 

GPP Gross Primary Production 

APAR Absorbed photosynthetically active radiation 

PAR Photosynthetically active radiation 

FPAR Fraction of photosynthetically active radiation absorbed by the vegetation cover 

VPD Water vapor pressure deficit 

NDVI Normalized difference vegetation index 

PRI Photochemical reflectance index 

sPRI Scaled photochemical reflectance index 

FCO2 Soil carbon dioxide efflux 

PDF Probability Density Function 

MLM Maximum likelihood method 

IDW Inverse Distance Weighting 

FDR False discovery rate 

SOC Soil organic carbon 
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