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Abstract: The Amazon Basin is undergoing extensive environmental degradation as a result of
deforestation and the rising occurrence of fires. The degradation caused by fires is exacerbated by the
occurrence of anomalously dry periods in the Amazon Basin. The objectives of this study were: (i) to
quantify the extent of areas that burned between 2001 and 2019 and relate them to extreme drought
events in a 20-year time series; (ii) to identify the proportion of countries comprising the Amazon
Basin in which environmental degradation was strongly observed, relating the spatial patterns of
fires; and (iii) examine the Amazon Basin carbon balance following the occurrence of fires. To this
end, the following variables were evaluated by remote sensing between 2001 and 2019: gross primary
production, standardized precipitation index, burned areas, fire foci, and carbon emissions. During
the examined period, fires affected 23.78% of the total Amazon Basin. Brazil had the largest affected
area (220,087 fire foci, 773,360 km2 burned area, 54.7% of the total burned in the Amazon Basin),
followed by Bolivia (102,499 fire foci, 571,250 km2 burned area, 40.4%). Overall, these fires have
not only affected forests in agricultural frontier areas (76.91%), but also those in indigenous lands
(17.16%) and conservation units (5.93%), which are recognized as biodiversity conservation areas.
During the study period, the forest absorbed 1,092,037 Mg of C, but emitted 2908 Tg of C, which is
2.66-fold greater than the C absorbed, thereby compromising the role of the forest in acting as a C
sink. Our findings show that environmental degradation caused by fires is related to the occurrence
of dry periods in the Amazon Basin.

Keywords: emissions; environmental policies; climate change; environmental change; orbital sensors

1. Introduction

Regarding current climate change discussions, the Amazon is of special interest as it
is a carbon (C) sink and home to a large biodiversity of plants and animals and is being
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threatened by deforestation and fire [1–4]. Despite its environmental importance, the
Amazon has been exploited and degraded for decades as a result of the public policies
imposed by the governments of the countries that share it. The forest and animals are being
displaced by livestock, soybean plantations [5–8], land-reform projects [9], mining [10],
hydroelectric constructions [11,12], and urbanization [13]. These rapid land use and land
cover changes in the Amazon have recently been associated with an increase in greenhouse
gas (GHG) emissions, mainly due to deforestation [14], in addition to the consequence of
land use change on soil quality [15], such as declining soil organic carbon (SOC) [16,17]. In
Brazil, the current political scenario has induced an intensification of these processes as a
result of significant changes in laws, policies, and environmental regulations [18,19].

In recent years, the frequency and intensity of fires have increased worldwide, espe-
cially during dry years. Globally, fires and deforestation are the main causes of biodiversity
loss in the tropics [20–22], and the expectation is that without, a reduction in the present dis-
turbance rates, undisturbed forests will have entirely disappeared in large tropical humid
regions by 2050 [23]. In the Amazon, the use of fire is the fastest, most efficient, and least ex-
pensive way to clear a forested Amazonian agricultural frontier area and is often employed
in protected areas, such as conservation units (CUs) and indigenous lands (ILs) [19,24].
Ranchers, farmers, miners, and land grabbers all employ this practice. A recent study that
determined different types of fires that occur in the Amazon showed that deforestation
fires are fires in areas that have been previously cleared and can invade standing forests;
their drivers and positive feedbacks can lead to more fires in the region [25]. Such fires lead
to the release of a significant amount of GHGs into the atmosphere [26–28].

In the Amazon region, fires are ubiquitous at the end of the dry season (September-
October; e.g., Espinoza et al. [29]), but have often worsened in years of extreme drought
(i.e., 2005, 2010, and 2015) [30–33]. Anomalously dry years are associated with tropical
seas surface temperature anomalies [34–36]; high temperatures and low humidity provide
favorable conditions for the rapid spread of fires [37,38]. These extreme-drought events
have the potential to destabilize large areas by reducing rainfall and thereby increasing the
risk of forest death [39], which could, in turn, lead to the further intensification of regional
droughts as a result of vegetation loss [40]. A warmer and drier climate can lead to the
mortality of plant species adapted to wetter climates [4], as well as a decrease in water
recycling in the central part of the Amazon [41,42]. Researchers forecast a possibility of
doubling of the burned area south of the Brazilian Amazon in the coming decades [43].
This projection is in accordance with the scenarios proposed by the Intergovernmental
Panel on Climate Change, which are based on global numerical models [44] that indicate
increased environmental degradation in the near future. Indeed, the Amazon ecosystem
has been identified as a region with the highest vulnerability index in ecosystem function,
particularly in areas of large-scale forest degradation and fragmentation [45].

Recently, advances in remote sensing have made it possible to quantify and monitor
environmental degradation [1,14] caused by climate change [46], fires [47], changes in
gross primary production (GPP) [48], and C supply [14]. Using the wide availability of
products generated by remote orbital sensors, it is possible to study degradation in large
areas, such as the Amazon Basin, over a relatively long span of time. However, some
questions have yet to be answered about this region: is there a relationship between the
duration of dry periods and fire foci extent? What is the impact of burning on C absorption
and emissions? Can models/products generated from remote orbital sensors be used to
estimate environmental degradation? Considering these questions, the objectives of this
investigation were: (i) to quantify the extent of burned areas between 2001 and 2019 and
relate them to drought events in a 20-year time series; (ii) to identify the proportion of
countries making up the Amazon Basin that are responsible for environmental degradation
and relate them to the spatial patterns of fires; and (iii) to analyze the basin’s capacity to
absorb C produced by the occurrence of fires.
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2. Materials and Methods
2.1. Study Area

The study area is located in the Amazon Basin (Figure 1). The ecoregion is spread over
6 million km2 (2.3 million mi2), and comprises the largest rainforest on Earth, as well as the
largest river in terms of water volume. The basin spans eight countries, including Brazil,
Peru, Bolivia, Colombia, Ecuador, Venezuela, Guyana, and Suriname [49].
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Figure 1. Study area located in the Amazon Basin (South America) with fire foci from January to
August 2019 obtained from Moderate Resolution Imaging Spectroradiometer (MODIS) data. MODIS
tile centers are marked by a red circle with the corresponding reference code (Terra/Aqua [50]).

2.2. Gross Primary Production (GPP)

Among the various environmental services provided by the Amazon rainforest, the
removal of C from the atmosphere via C sequestration and storage with increasing GPP
is one of the most important [51–53]. GPP is related to the total photosynthetic uptake
of C by vegetation and plays a key role in the C balance between the atmosphere and
biosphere [54,55]. Thus, it is necessary to accurately and quantitatively estimate the tempo-
ral and spatial variations in the GPP to understand ecosystem functions and C estimates in
response to climate change [56,57].

The MOD17A2 product is a cumulative compound of GPP values based on the ef-
ficient use of solar radiation by vegetation (ε). Primary production is linearly related to
photosynthetically active absorbed radiation (APAR). APAR is the product of the incident
photosynthetically active radiation (PAR) in the visible spectral range of 0.4–0.7 µm (as-
sumed to be 45% of the total incident solar radiation) and the fraction of photosynthetically
active radiation (FPAR) absorbed by plant cover [51,58]. GPP is defined as

GPP = ε × PAR × FPAR, (1)
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where FPAR is the fraction of PAR (MJ m−2 d−1). PAR can be calculated from the total
shortwave solar radiation (SWRad; MJ m−2 d−1) as follows:

PAR = 0.45 × SWRad. (2)

One of the major challenges of using such a model is obtaining the magnitude of the
light-use efficiency (LUE), or ε, over large areas because of its dependence on environmental
factors and the vegetation itself. One way to overcome this problem is to relate ε to
its maximum value (εmax) by adding environmental contributions synthesized by the
minimum air temperature (Tmin) and the state of the water in the vegetation [59]. The ε
value (g C m−2 d−1 MJ−1) can be calculated as follows:

ε = εmax × Tminscalar × VPDscalar, (3)

where εmax (g C m−2 d−1 MJ−1) is the maximum LUE specified by the Biome Properties
Look-Up Table based on biome type, and Ts and VPDs are the attenuation scalars influenced
by the daily minimum temperature (Tmin, ◦C) and daytime vapor pressure deficit (VPDavg,
Pa), respectively [58,60].

In this study, the Moderate Resolution Imaging Spectroradiometer (MODIS) GPP
version 5.0, as well as the Google Earth Engine platform, were used for the period of
1 January 2001–22 September 2019. The pixel values with reference to the MODIS image
digital numbers were converted into biophysical values (kg C m−2) via multiplication
with a scale factor (0.0001) [58]. Zhao et al. [58] showed that MODIS/GPP data correlated
well with the GPP records of 12 flow towers (in situ) in North America, showing that
MOD17A2 is a reliable data source for this variable. Meanwhile, the GPP values were
transformed from the accumulated eight-day values to daily values for the entire extension
of the Amazon Basin, and consequently, all the uses that comprise it. To calculate the C
absorption for the entire study area, each pixel and its GPP value were calculated for each
year of the study period (kg C m−2 year−1).

2.3. Rainfall and Standardized Precipitation Index (SPI)

For precipitation and SPI analysis, we used the CHIRPS dataset [61], developed by
the United States Geological Survey and the Climate Hazards Group of the University of
California, Santa Barbara. This dataset combines pentadal precipitation climatology, near-
global geostationary thermal infrared satellite observations from the Climate Prediction
Center (CPC) and National Climatic Data Center [62], rainfall fields from the atmospheric
model of the NOAA Climate Forecast System (CFSv2) [63], and in situ rainfall observa-
tions [64,65]. In this study, CHIRPS is used as there is a lack of temporal data from in situ
stations throughout the Amazon Basin, and because of their availability from 1981 to the
present at a spatial resolution of 0.05◦ (~5.3 km) at daily, pentads and monthly temporal
resolutions for the near-globe.

The standardized precipitation index (SPI) was developed by McKee et al. [66] to
quantify the deficit or excess rainfall at different time scales. To identify drought events in
the time series, the results for this study were calculated on an annual scale (SPI-12) from
2001 to 2019. The SPI was calculated from the total cumulative rainfall over the 20-year
period and then adjusted to a probability distribution function (PDF), which is transformed
into a normal probability distribution function to change the average SPI value of a given
location and period to zero [67,68].

To determine the SPI, a Gamma distribution defined by the PDF was initially used:

f (x) =
1

Γ(a)βa xa−1e−
x
β (4)

where α (>0; dimensionless) is the shape parameter, β (>0; mm) is the scale parameter, x
(>0; mm) is the total rainfall, and Г (α) is the Gamma function: Γ(a) =

∫ ∞
0 xa−1e−xdx.
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All the parameters and the PDF Gamma were adjusted for the rainfall cumulative
frequency distribution based on CHIRPS annual data. We calculated the α and β parameters
of the PDF Gamma for each year. The maximum-likelihood method was used to estimate
the α and β values [67,68]. Parameters α and β were calculated to identify the cumulative
probability of an observed rain event for the adopted scale using the following:

F(x) =
∫ x

0
f (x)dx =

1
Γ(a)βa

∫ x

0
xa−1e−

x
β dx (5)

The annual SPI values were classified into wet and dry periods, as was done by
McKEE et al. [66]. CHIRPS data were then used to quantify and apply statistical tests to the
monthly and annual scales. To identify GPP anomalies as a function of the SPI, the data
were adapted to equations used by Sazib et al. [69] (Equation (6)):

GPPa =
XGPP − µGPP

σGPP
, SPIa =

XSPI − µSPI
σSPI

, (6)

where XGPP is the GPP value, µSM is the average GPP value, and σGPP is the standard
deviation of GPP. The GPP values are estimated from the full data recording of the satellite
observation period within the time series selected in this study. The same conditions apply
for SPI.

2.4. Burned Areas

Fire detection was performed using a contextual algorithm [70] that exploits the strong
emission of mid-infrared radiation from fires [71,72]. The algorithm examines each pixel of
the MODIS swath and ultimately categorizes each pixel into the following classes: missing
data, cloud, water, non-fire, fire, or unknown.

The Terra and Aqua combined MCD64A1 Version 6 Burned Area data product is a
monthly, globally gridded 500 m product containing per-pixel burned-area data and quality
information. The MCD64A1 burned-area mapping approach employs 500 m MODIS
Surface Reflectance imagery coupled with 1 km MODIS active fire observations. The
algorithm uses a burn-sensitive vegetation index (VI) to create dynamic thresholds that
can be applied to the composite data. This VI is derived from MODIS shortwave infrared
atmospherically corrected surface-reflectance bands 5 and 7 with a measure of temporal
texture (i.e., ρ5 − ρ7/ρ5 + ρ7). The algorithm identifies the date of burn for the 500 m grid
cells within each individual MODIS tile. The date is encoded in a single data layer as the
ordinal day of the calendar year during which the burn occurred, with values assigned to
unburned land pixels and additional special values reserved for missing data and water
grid cells [73,74].

Mapping was used to relate the recording date of the satellite’s passage to the nearest
record for individual grid cells. The date was then encoded in a single layer of output data
in terms of Julian days on which burning occurred (interval 1–366); 0 was assigned to “no
burn” pixels and additional special values were assigned to missing data and water grid
cells. We sought to calculate the burned areas for the Amazon Basin (1–365 Julian days)
from 2001 to 2019 (for 2019, we used data until 1 September 2019). Subsequently, the data
were vectorized and the areas were quantified in km2 (extracted by country, ILs, and CUs
located in the Amazon Basin). We then aggregated the data from Julian days to quarters,
called Q1, Q2, Q3, and Q4, which correspond to the first, second, third, and fourth quarters,
respectively.

2.5. Fire Foci and Emissions

Fire foci data were calculated using the MODIS sensor product MCD14DL (TERRA/
AQUA). Near real-time (NRT) MODIS Thermal Anomalies/Fire locations—Collection 6 were
processed by NASA’s Land, Atmosphere Near real-time Capability for EOS Fire Information
for Resource Management System (FIRMS), using swath products (MOD14/MYD14) instead
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of the tiled MOD14A1 and MYD14A1 products. The thermal anomalies/active fires represent
the center of a 1 km pixel that was flagged by the MODIS MOD14/MYD14 Fire and Thermal
Anomalies algorithm [70] as containing at least one fire. This is the most basic fire product, in
which active fires and other thermal anomalies, such as volcanoes, are identified. Data were
directly downloaded from a FIRMS [50] shapefile format. The FIRMS Fire Map allows the
interactive browsing of the full archive of global active fire detections obtained from MODIS
and Visible Infrared Imaging Radiometer Suite (VIIRS). NRT fire data are available within
approximately 3 h of satellite overpass, and imagery is available within 4–5 h.

C emission data were verified and extracted using the fourth version of the Global
Fire Emissions Database (GFED4s), as described in Van der Werf et al. [75]. The GFED4s
provides C data via the contribution of different types of fire in order to calculate gas traces
using emission factors [76]. All the contributing datasets are based on burned areas driven
by small fires. The spatial resolution of global files is 0.25◦, and the different fields have
720 rows and 1440 columns. Emission data have monthly temporal resolution, but it are also
provided as a day cycle based on Mu et al. [77]. The emissions group consists of a 12-month
dataset (01, 02. . ., 12), of calculated C with units of g C m−2 month−1. Biosphere flows
contain monthly net primary production, heterotrophic respiration, and fire emissions, all
of which have the unit g C m−2 month −1.

2.6. Statistical Data Analysis

Data were subjected to a linear regression analysis, wherein the fire foci (counts) was
considered to be a dependent variable and the other evaluated variables (emissions, GPP,
and SPI) were considered to be independent variables. We also performed a multiple linear
regression model in which C emission was the main dependent variable and the other
variables were considered to be independent.

Pearson correlations between pairs of variables were estimated and expressed in
two ways: a heatmap and Pearson correlation network. The heatmap demonstrates the
similarity between the variables and between the years, whereas the correlation network
graphically expresses the functional relationship between the estimates of these correlations.
Overall, the proximity between nodes (traces) was proportional to the absolute value of the
correlation between such nodes. The thicknesses of the edges were controlled by applying a
cut-off value of 0.60, causing only |rij| ≥ 0.60 to have highlighted edges. Moreover, positive
correlations were highlighted in green, while negative correlations were represented in red.
This analysis used the package “qgraph” of the R software.

Subsequently, to identify trends along the time series (2001–2019) of each variable, a
Mann–Kendall test was performed. This nonparametric test confirmed the stationarity of
the historical series. Specifically, with the exception of random fluctuations, the observa-
tions were determined to be invariant with respect to the chronology of their occurrences.
Finally, the data were submitted to a Pettitt’s test [78], which identifies the point at which a
sudden change occurs in the mean of a time series. This analysis used the package “trend”
of the R software [79].

3. Results

In the spatial analysis of the GPP, the absorption of C by the Amazon Basin over
the last 19 years was evaluated (Figure 2). The time series of C absorption/pixel ranged
from 0.050 kg C m−2 year−1 to 0.103 kg C m−2 year−1. During this series, there were
highlights for the years 2009 (0.05 kg C m−2 year −1), 2016 (0.10 kg C m−2 year−1), and
2018 (0.08 kg C m−2 year−1). Spatially, the lowest identified GPP values found around
the Amazon were mainly in the south (S), southeast (SE), southwest (SW), west (W), and
northwest (NW) regions. Conversely, the highest GPP values occurred in the central region,
especially at the beginning of the time series. However, after 2011, there was a significant
increase in GPP values in the SE region of the Amazon.
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Figure 2. Measurement of each annual pixel for the gross primary productivity (GPP, kg C m−2

year−1) variable of the Amazon Basin between 2001 and 2019. Red dots indicate the occurrence of El
Niño (see Figure S2). Notice that the color scales vary slightly from year to year.

The rainfall time series showed that the S, SW, and W regions consistently had rainfall
below 1000 mm year−1, which is lower than the climatological average recorded in the
Amazon (2200 mm), as occurred in the NW region (see Figure S1). Note that in 2005, 2010,
and 2015, there was a reduction in rainfall, especially in 2015, when the rainfall was less
than 1640 mm. The values for these drought years were considered the most severe of this
century [36,38]. Furthermore, a significant decrease in rainfall occurred in Bolivia and the
Arc of Deforestation, which covers eastern and southern Pará. This decrease was followed
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by that in the states of Mato Grosso, Rondônia, and Acre in the Brazilian Amazon, which
experienced rainfall below 1360 mm. In extreme cases, these values were less than 520 mm
and were characterized by severe drought events.

The spatial analysis of the annual SPI (Figure 3) revealed that the entire Amazon
received average rainfall at the beginning of the time series until mid-2008, with a pre-
dominance in the near-normal category. However, some regions experienced variations
in wet and dry conditions in the moderate and severe–moderate categories. From 2009
onwards, the high variability of wet and dry regimes in the extreme categories occurred
throughout the Amazon, especially in 2010, and 2015, coinciding with years of El Niño
influence. One exception occurred in 2005, in which the variability was not related to El
Niño, but to sea surface temperature (SST) anomalies in the north tropical Atlantic [80].
Moreover, the regions in the extremely wet category, as defined by the SPI, correspond to
the regions previously identified by the GPP (Figure 2) and rainfall maps (Figure S1).

After analyzing the annual SPI (Figure 3, quantified in Table S1), the occurrences of
the annual burned area of the Amazon were evaluated and divided into quarters (Figure 4).
During the years evaluated, the burned area ranged from 10,140 km2 to 29,336 km2

(Table S2). The most burned areas occurred in 2002, 2004, 2005, 2007, 2009, and 2010;
the largest burned areas identified in the time series corresponded to 2005 (109,341.10 km2),
2009 (109,422.00 km2), and 2010 (51,687.36 km2). The S, SE, and E regions exhibited higher
fire occurrences than the other regions. In addition, Q3 (critical burn point) had higher fire
occurrences, as compared with the other quarters.

The fire foci from 2001 to 2019 were concentrated in an area of 1,413,402 km2, which
corresponds to 23.78% of the entire Amazon Basin. Of this, 310,363.86 km2 exists in
ILs (Table S3), which corresponds to 17.16% of the total IL area in the Amazon Basin
(1,807,639.74 km2). Meanwhile, CUs had a total burned area of 59,962.55 km2 (Table S4),
accounting for 5.93% of their total area (1,010,569.55 km2). In absolute numbers, Brazil
had the largest affected area (220,087 fire foci, 773,360 km2 burned area, 54.7% of the
total burned in the Amazon Basin, followed by Bolivia (102,499 fire foci, 571,250 km2

burned area, 40.4%), which was significant compared to other countries that make up
the Amazon Basin (Figure 4). These high values were justified by the fact that Brazil and
Bolivia comprise approximately 75% of the entire Amazon Basin. In relative numbers
(Tables S3 and S4), Venezuela and Ecuador had their ILs most affected by the fires, while
Suriname and Colombia experienced the largest effects in their CUs (Figure 5).

The variables analyzed in this study, such as emissions (C released into the atmo-
sphere), rainfall, SPI, and GPP, were subjected to a linear regression analysis, in which fire
foci was the independent variable (Figure 6). The results showed that there was a positive
and significant linear relationship (p-value < 0.01) between C emissions and fire foci. The
coefficient of agreement obtained with the model explained 80% of the C emission variation.
This strong relationship was confirmed by the heatmap (Figure S2), correlation network
(Figure S3), and multiple regression, wherein C emission was the dependent variable, and
the others were explanatory (Table S5). The results of this analysis show that C emissions
are significantly affected by heat sources only when all variables are analyzed.

It is also important to highlight the negative and significant linear relationship between
the SPI and fire foci (p-value = 0.01). In particular, the SPI negatively affected C emissions
(Figure S3). The results of the annual SPI, correlated with the studied years and analyzed
via a Pearson cluster correlation (Figure S2), reveal that there is no gradual drought trend
for the region as the annual SPI values randomly varied from year to year. However, in
years in which El Niño (ENSO hot phase) occurred, there was a tendency for positive
annual SPI values. The correlation analysis between GPP and SPI anomalies is important
for determining the impact of changes in C absorption and emissions in correlation to
drought index variation. Note that negative SPI anomaly values indicate that favorable
conditions for C uptake are below average, while positive values indicate high C absorption
(Figure S4). The highest GPP values, obtained as a function of the SPI, occurred in 2016.
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primary productivity (GPP); and (c) fire foci (counts), followed by the coefficients of agreement (R2),
Pearson (r) values, and p-values.

The average GPP in the Amazon Basin revealed that the average absorption of C/pixel
during the study period was 0.0751 kg C m−2 year−1 (Figure 7a), with areas surrounding the
Amazon showing significantly smaller values (<0.04 kg C m−2 year−1). Regarding average
rainfall, a water deficit existed in areas where deforestation occurred, including the Bolivian
Amazon Basin and northern Roraima (Brazil) (Figure S1). The accumulated annual SPI
values indicated extreme droughts (<−2.5) in some regions of the Amazon Basin belonging
to Brazil, Bolivia, Peru, and Colombia (Figure 7b). In some regions of the Amazon Basin,
such as that of Bolivia, low rainfall and a high occurrence of fires are reflected in terms
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of severe drought rates. The accumulated heat hotspots clearly show the intensification
of burning in the last two annual quarters (July–December), mainly in the Brazilian and
Bolivian Amazon areas (Figure 7c), which collectively represent approximately 95% (Table 1)
of the areas where fires occurred between 2001 and 2019.
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Figure 7. General representation of the Amazon Basin during the period 2001–2019, including
(a) the study period average gross primary productivity (GPP, kg C m−2); (b) the sum of each year’s
standardized precipitation index (SPI); and (c) the sum of the burned areas (quarters, Q1–Q4). Exact
values of the variables mentioned for the Amazon Basin are listed in Table S1.

Table 1. Trend analysis (p-value) applied to annual time series fire foci, rainfall, standardized
precipitation index (SPI), emissions, and gross primary production (GPP).

Variable Pettitt’s Test Man–Kendall Test

Fire foci 0.2342 0.1773
Rainfall 0.2078 0.5291

SPI 0.0588 0.1476
Emissions 0.5756 0.4002

GPP 0.0688 0.2948

However, according to the Pettitt’s and Man–Kendall tests (Table 1), no trend in the
time series (p-value > 0.05) was observed for the evaluated variables in the entire Amazon
Basin (fire foci, rainfall, SPI, emissions, and GPP). The lack of a robust trend is partially
due to the relatively short time series for trend detection, which should be reassessed in
the future.

4. Discussion

The analysis of GPP results indicate that the average C absorption of the forest is
neutral, and the C absorption/pixel was 0.0751 kg C m−2 year−1 during the study period.
However, the occurrence of fires has seriously compromised the C balance. Specifically,
during the study period, the forest absorbed 1,092,037 Mg of C, but emitted 2908 Tg of
C, which is 2.66 times greater than the C absorbed, thereby compromising the role of
the forest in acting as a C sink (Figure S1 and Table S5). Deforestation and forest fires are
primarily responsible for the high CO2 emission rates in the Amazon [14]. However, climate
variability has also contributed to changes in C balance [81]. During the severe droughts of
2005, 2010, and 2015 (due to El Niño or warm Atlantic SST conditions), C absorption tended
to decrease as a result of a water deficit, thereby reducing the photosynthetic rate [55,82,83].
Severe droughts lead to increased tree mortality, biomass losses, and a temporary cessation
to the C sink in the Amazon [45,84,85].

The Amazon contains vast reserves of C but can experience major changes in rainfall
patterns, mainly because of the influence of large-scale phenomena (ENSO, SST anomalies,
and moisture transport anomalies; e.g., Marengo and Espinoza [38], Espinoza et al. [29],
Towner et al. [36], Funatsu et al. [86]) which affect C dynamics [81]. Herein, the results
obtained for the El Niño drought period, such as in 2009 when the annual absorption rate of



Remote Sens. 2022, 14, 338 13 of 19

C/pixel was 0.050 kg C m−2 year−1, showed no significant differences with those obtained
for the La Niña drought period (cold phase of ENSO). Therefore, the results of the GPP
analysis revealed that the performance of C uptake by the Amazon Basin during the study
period was neutral, meaning that the sequestration of C through the forest was zero as
the mean C uptake/pixel matched 0.0751 kg C m−2 year−1. Nevertheless, as this study
period is short, we cannot claim, based on our data, that the Amazon Basin is entering a
drought period and is moving rapidly toward its “tipping point”. However, we can state
that this forest is no longer acting as a C sink and that it is currently a net source of GHG
emissions, which contribute to global warming, as a result of anthropic actions, for example,
the replacement of original land cover for crops and livestock, and opening highways [87].

According to Baccini et al. [88], the death of trees in the eastern and southern Amazon
implies that C absorption is neutral. Our results are consistent with these findings, but also
highlight a key difference. As GPP decreases with seasonal decrease in water availability,
this causes negative impacts on C absorption [2,89]. Meanwhile, fires impact the global
and local ecosystems via vegetation effects (loss of biomass), contributing to the release of
accumulated C stocks [90,91].

Although natural variability explains forest burning, this study found that burning
occurred in quarters where vegetation was green and humid during the rainy season
(especially in quarters Q1 and Q2), indicating the strong presence of anthropic action in the
Amazon region. In particular, the fire foci in the Q1 and Q2 quarters occurred from January
to June, a period during which natural fires do not occur in this type of vegetation as well
as in the two months of drought equivalent to the period of August–October [92,93].

The moderately negative Pearson correlations obtained between the SPI and emissions
and those obtained between the SPI and fire foci (Figures S2 and S3) indicate that dry
periods increase the likelihood of forest burning. High C emissions (989–504 Tg C year−1)
occurred in the region in 2015 and were associated with extreme fire events.

As shown in Figure S2, in 2015, a strong El Niño event occurred, which is consistent
with the findings of Alencar et al. [94], Santos et al. [95], and Yan et al. [55]. Note that fire
incidence is associated with SST anomalies, especially the warm phase of ENSO [21,33,55].
In recent decades, some studies have reported a high frequency of droughts and extreme
rainfall in some Amazonian areas [38,82,86,92,96,97]. Some periods of extreme drought in
1997 and 1998 were related to the occurrence of El Niño events [98], as well as the drought
recorded in 2010, which was related to El Niño events from previous years [99]. Gutiérrez-
Vélez et al. [100] found that drought severity had the greatest influence on the occurrence of
fires. Changes in the duration of the dry season, increase in dry days and delayed onset of
the dry season were observed in the southern Amazon and Bolivia [29,86,101], all of which
have the potential to intensify fires conditions. These areas are largely coincident with the
“deforestation arc”, wherein the largest land use conversions have occurred [21,87].

Brazil, which contains the largest portion of the Amazon Forest in its territory, set
emission reduction targets as part of the Paris Agreement during the 21st Conference of
the Parties in 2015. Despite some initial success, deforestation rates have since increased,
especially in 2019, which exhibited an increase of 43.93% (10,123.17 km2) compared with
2018 [102]. Although Bolivia also ratified the Paris Agreement, it burned the equivalent of
79.63% of its Amazon Basin area. These countries must adopt stricter policies to contain
deforestation and fire foci in order to fulfill their Paris Agreement commitments.

The results obtained were also similar for Bolivia, showing that rainfall in its region
was not similar to that in other more forested basin areas (Figure S1). This also suggests that
decreasing rainfall affects local climates via a feedback process, in which less forest area
causes less rain and less rainfall leads to less forest area [40]. In addition, land use change
in these areas causes landscape fragmentation by increasing the flammability of forests,
which makes them more susceptible to fires than dense forests [94], and substantially alters
the region’s albedo, itself an important variable that controls climate processes [87].

Our results show that, currently, the incidence of fire foci is the largest threat to the
Amazon landscape, already affected by various types of forest disturbance [103]. Between
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2001 and 2019, the total burned areas in the Amazon Basin corresponded to 23.78% of
its total area. These fires not only affected forests in agricultural frontier areas (76.91%),
but also those of ILs (17.16%) and CUs (5.93%), which are recognized as biodiversity
conservation areas. Furthermore, nearly four-fifths (79.63%) of the Bolivian Amazon Basin
area was affected by fire foci; the corresponding values for Guyana and Brazil were 29.58%
and 20.77%, respectively. These values are compelling considering the fact that the Amazon
rainforest has lost an estimated 20% of its vegetation cover in the last five centuries [104].
These findings demonstrate that fires have advanced beyond deforestation areas and
invaded the areas employed as reserves in private properties, such as ILs and CUs, which
should be safeguarding the Amazon’s natural heritage [8].

5. Conclusions

Our findings show that environmental degradation caused by fires is related to the
occurrence of dry periods in the Amazon Basin. However, it remains unclear how much
degradation from burning the forest can withstand before reaching a point of no return.
Although this research did not evaluate the degradation caused by anthropogenic factors
such as changes in land use and occupation, fires are directly related to C emissions.
Countries that contain some of the Amazon Basin in their territory, especially Brazil, need
to assess the cost–benefit ratio of allowing their forested areas to be continuously deforested
and burned to open up new agricultural areas [6–8]. Numerical simulations show that
the more agriculture expands into the forest, the less productive it will become [105,106]
and excessive GHG emissions can cause changes in atmospheric composition that will
cause a decline in rainfall in the eastern Amazon [102,105–110]. A decline in rainfall will
compromise the well-being of millions of people living in southern and southeastern
Brazil [38] who depend on this rainfall to produce food and energy.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/rs14020338/s1, Table S1: Annual values of the variables investigated in the Amazon basin
calculated from orbital products, highlighted in red for the years of occurrence of El Niño. Data
related to the annual average of all pixels for the whole basin for the variable rainfall (mm year−1)
and Standardized Precipitation Index (SPI), performing the sum of the values every 12 months. The
variables Gross Primary Productivity (GPP, kg C m−2 year−1) and Fire Foci (counts) were added
for the basin in each year studied; while the variable Emissions (Tg C year−1) was added each year
for the areas where fires occurred within the Amazon Basin; Table S2: Size of areas, number of
polygons (NP), and relative percentage of each country with fires within the Amazon Basin; Table
S3: Size of areas, number of polygons (NP), and relative percentage with fires within indigenous
lands (ILs) that are in the countries inserted in Amazon Basin; Table S4: Size of areas, number of
polygons (NP), and relative percentage with fires within conservation units (CU’s) that are in the
countries inserted in Amazon Basin; Table S5: Multiple regression models for the emissions as a
function of the fire foci, rainfall, SPI, and gross primary production (GPP). *: significant by F-test;
Figure S1: Measurement of annual rainfall (mm year−1) of the study area between the years 2001 and
2019; Figure S2: Pearson-cluster correlation (red dots indicate that there were El Niño events in the
year (between 2010 and 2015). Dark red dots indicate that there were sea surface temperature (SST)
anomalies in the north tropical Atlantic (2005); Figure S3: Network Pearson correlation between the
variables. Positive correlations were linked by green dashes, while negative correlations were linked
by red dashes. The thickness of the trace is proportional to the magnitude of the correlation; Figure
S4: Time series (2001–2019) of the anomaly variation between the Standardized Precipitation Index
(SPI) calculated from long-time rainfall and the sum of Gross Primary Production (GPP) values for
the Amazon basin, indicating its standard deviation and outliers (red dots).
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