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Abstract: Burns are common practices in Brazil and cause major fires, especially in the Legal Ama-

zon. This study evaluated the dynamics of the fire foci in the Legal Amazon in Brazil and their 

consequences on environmental degradation, particularly in the transformation of the forest into 

pasture, in livestock and agriculture areas, mining activities and urbanization. The fire foci data 

were obtained from the reference satellites of the BDQueimadas of the CPTEC/INPE for the period 

June 1998–May 2022. The data obtained were subjected to descriptive and exploratory statistical 

analysis, followed by a comparison with the PRODES data during 2004–2021, the DETER data 

(2016–2019) and the ENSO phases during the ONI index for the study area. Biophysical parameters 

were used in the assessment of environmental degradation. The results showed that El Niño’s years 

of activity and the years of extreme droughts (2005, 2010 and 2015) stand out with respect to signif-

icant increase in fire foci. Moreover, the significant numbers of fire foci indices during August, Sep-

tember, October and November were recorded as 23.28%, 30.91%, 15.64% and 10.34%, respectively, 
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and these were even more intensified by the El Niño episodes. Biophysical parameters maps showed 

the variability of the fire foci, mainly in the south and west part of the Amazon basin referring to 

the Arc of Deforestation. Similarly, the states of Mato Grosso, Pará and Amazonas had the highest 

alerts from PRODES and DETER, and in the case of DETER, primarily mining and deforestation 

(94.3%) increased the environmental degradation. The use of burns for agriculture and livestock, 

followed by mining and wood extraction, caused the degradation of the Amazon biome. 

Keywords: wildfire; environmental satellites; amazon biome; agricultural activities; biophysical  

parameters 

 

1. Introduction 

In connection with human activities, forest fires have been occurring for thousands 

of years. Globally, due to the devastation they cause in different regions of the planet, they 

are considered major disturbances [1], whose average burned area reached 363.41 × 106 

ha between 2015 and 2019 [2]. Largely related to deforestation, land management [3] and 

climate change [4], most fires are caused by humans, and are associated with the role that 

fire plays as a tool management for new land uses [5], where the conversion of forest areas, 

mainly through deforestation, drives other human activities: expansion of frontiers for 

agriculture and pasture and the increase in urbanization. In this sense, fires act as catalysts 

for changes in the terrestrial ecosystem [6]. 

With the combination of high temperatures, low relative humidity and strong winds, 

which in general cause fires, ideal conditions are created for their propagation [7,8]. The 

increase between hot days and dry seasons, followed by shorter and/or longer dry sea-

sons, contains lower or higher probability of vegetation flammability [9]. The increase in 

pressure from human activities is one of the main factors that amplifies the consequences 

of fire actions, increasing the global average duration of fire events [10], where climate 

warming conditions become indicators that favor the creation of areas more prone to fire 

and increase its impacts [11]. Extending on a global, regional and local scale, the conse-

quences of fires are a significant concern worldwide, which incorporates in an integrated 

way the various environmental, socioeconomic and social aspect, causing different im-

pacts: on climate and air quality; on water quality, economic losses and human casualties 

[12–19]; and on human health [20], among others. 

Burned forests and forest fires in the Legal Amazon cause profound changes in the 

landscape of the natural forest, and such practices aim to transform areas for agriculture, 

intensive livestock, logging and, currently, mining [21–23]. Forest fires in the Legal Ama-

zon result in increased air pollution and worsening of local and regional air quality. In 

addition, there are interferences in the patterns of the humidity corridor that will feed the 

watersheds, and such remote effects have been felt in recent decades in the southeast, 

south and central-west regions of Brazil [17–20]. In the Amazon, most fires occur between 

July and November—the dry season [21], a period in which the risks of reduced ground-

water and surface moisture are high [22]. In addition, climate variability potentiates the 

relationship between drought and fires worldwide, influenced by the Atlantic Multide-

cadal Oscillation (AMO), the El Niño-Southern Oscillation (ENSO) and the Pacific Deca-

dal Oscillation (PDO) [23]. 

The complex consequences caused by forest fires reveal the essential need for con-

stant mapping/management of the potential for their occurrence and impacts on short-, 

medium- and long-time scales [6], a process whose application of resources aiming at fore-

casting of associated hazards and their emissions is essential. Although wider areas pose 

obstacles in their mapping, mainly due to cloud cover, making early detection and evalu-

ation of their effects in these territories difficult, the location and extent of fires, burned 

areas and their emissions have been determined from satellite products [24]. 
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Considering the scales and characteristics of fires, different methods and satellite 

technologies have been promising in detecting their sources and evaluating their impacts 

[8]. Fire foci are used to assess fires in South America (SA) and across the planet from data 

from orbital platforms [15,16]. In large areas, satellites with low spatial resolution and 

high temporal resolution (AQUA, NOAA, TERRA, etc.) are the main source of data on 

these phenomena [8–15]. The integration of sensors with data of high spatial resolution 

and low temporal resolution (for example, GOES-16) already allows, even in remote re-

gions, the faster detection of fires, a relevant factor in the monitoring and evaluation of 

emissions, aiming at safety actions, prevention, planning and emergency to the negative 

effects caused [25,26]. 

In SA and Brazil, the National Institute for Space Research (INPE), through the Burn-

ing Database System (BDQueimadas), provides real-time data on fire foci and fire risk, 

based on data recorded by environmental satellites [15,27]. Through the Amazon Defor-

estation Calculation Program (PRODES) and the Real Time Deforestation Detection Sys-

tem (DETER), monitoring is carried out, evaluating the annual rate of shallow deforesta-

tion in the Brazilian Amazon [28]. The PRODES project monitors clear-cut deforestation 

via satellite in the Legal Amazon [28]. The DETER system is used to support inspections, 

where alerts are issued fortnightly and forwarded to the Brazilian Institute for the Envi-

ronment and Renewable Natural Resources (IBAMA) and the Environment secretariats of 

the states that make up the biome. These systems make it possible to distinguish between 

the moment of occurrence and the moment of problem detection [29]. 

Several studies on the subject of fires have been carried out in the Amazon. However, 

few relate in integrated way deforestation, fires via environmental reference satellites, ge-

oenvironmental and sociodemographic data. Therefore, the objective of the study is to 

evaluate the dynamics of fire foci obtained through environmental satellites in the Ama-

zon and their consequences on environmental degradation, mainly in the transformation 

of the forest into pasture, in livestock and agriculture areas, mining activities and urbani-

zation. 

2. Materials and Methods 

2.1. Study Area 

The study region encompasses the Legal Amazon, whose area of 5,015,067,749 km2 

comprises approximately 59% of the Brazilian territory and includes eight states: Acre 

(AC), Amapá (AP), Amazonas (AM), Mato Grosso (MT), Pará (PA), Rondônia (RO), Ro-

raima (RR), Tocantins (TO) and part of the state of Maranhão (MA) (west of the 44° W 

meridian), which total a population of 29.6 million inhabitants [30], and for a total of 3 of 

the 5 Brazilian regions (north, northeast, and midwest) (Figure 1). The Legal Amazon re-

gion has three subclimates according to the Köppen–Geiger climate classification—“Af”, 

“Am” and “Aw” [31]—an air temperature range between 21 and 42 °C (minimum and 

maximum, respectively), and an annual average of 28 °C. Additionally, it is characterized 

by having relatively high humidity throughout the year, which favors the formation of 

vegetation cover. 
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Figure 1. Location of the Brazilian Legal Amazon (a); elevation from the 30 m SRTM (Shuttle Radar 

Topography Mission); (b); Köppen–Geiger climate classification (c); and air temperature 2 m based 

on the 2001–2021 average (d). 

2.2. Fire Foci 

The fire foci time series data used in this study included records from June 1998 to 

May 2022 and from the reference satellites of the Burning Database (BDQueimadas) of the 

Center for Weather Forecasting and Climate Studies/National Institute for Space Research 

(CPTEC/INPE), available online at the following electronic address: http://quei-

madas.dgi.inpe.br/queimadas/portal-static/estatisticas_estados/ (accessed on 4 June 2022) 

[28]. 

2.3. Applied Statistic 

In the study, descriptive, exploratory and multivariate statistics were applied to the 

time series of fire foci and to socioeconomic and demographic data. Descriptive statistics 

include the mean, median, maximum, minimum, standard deviation (SD), percentage (%) 

and coefficient of variation (CV, %). Exploratory statistics were based on the boxplot. All 

statistical procedures were performed using Microsoft Excel and ORIGIN Pro software 

version 8.6 [32]. 

A principal component analysis (PCA) was applied to identify which variables (e.g., 

land-use/land-cover (LULC) and PRODES) have the greatest influence on the fire foci and 

dynamics of vegetation and land use and occupation from 1998 to 2019. This method al-

lows for a reduction in the data set in orthogonal and noncorrelated variables, which can 

help clarifying most of the total variation within the data [33–35]. We used the Kaiser cri-

terion, which assigns eigenvalues above 1.0 for better reliability of the principal compo-

nents generated [36]. Finally, a Pearson correlation analysis was performed to identify the 

variables with the highest correlation [37]. All analyzes were performed using the R soft-

ware [38]. 

2.4. Deforestation Monitoring Data (PRODES and DETER) 

PRODES comprised the time series of annual deforestation data from 1998 to 2019 

and was obtained using the INPE platform. Available online: 

(http://www.dpi.inpe.br/prodesdigital) (accessed on 4 June 2022). The DETER resource 

included data from 2016 to 2019 and was collected from the INPE platform. Available 
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online: (http://terrabrasilis.dpi.inpe.br/app/map/alerts) (accessed on 4 June 2022). In this 

study, the data from both PRODES and DETER were compared with the fire foci data. 

2.5. Biophysical Parameters 

The study used reflectance data from the MODIS sensor (Terra–MOD09A1 and 

Aqua–MYD09A1, version 6) with temporally representative cloudless images. Product re-

flectance data from the MODIS sensor (Terra–MOD09A1 and Aqua–MYD09A1, version 

6) library with temporally representative cloud-free images were used in the study. The 

MODIS images were automatically processed by means of the Google Earth Engine (GEE) 

digital cloud platform. Available online: (https://earthengine.google.com/) (accessed on 4 

June 2022). GEE is a library with multiple functions of mathematical analysis and compu-

tational modeling and machine learning operations. 

The Normalized Difference Vegetation Index (NDVI) was generated using the near 

infrared (NIR) (0.851–0.879 μm) and red (0.636–0.673 μm) bands (Equation (1)). Com-

monly, the NDVI can take values between 1 and +1; the higher the NDVI value, the more 

“green/healthy” the vegetation is. On the other hand, the lower the NDVI values, the 

lower the photosynthetically activity of the species; in addition, values from −1 to 0 rep-

resent water cups [39]. 

NDVI =
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 (1) 

The surface albedo was calculated as a function of the multispectral reflectance 

bands, using weight coefficients suggested by Tasumi et al. [40]. The coefficients for the 

MODIS sensor are determined based on solar radiation at the surface, specifically for use 

in operational energy balance applications, representing each of the seven MODIS bands. 

Each weight coefficient is acquired by the ratio between the specific solar constant of the 

multispectral band and the sum of all bands of the reflectance product. These values are 

calibrated for different types of land cover and land use associated with each of the mul-

tispectral reflectance bands [41,42]. The surface albedo is estimated from the product of 

the MODIS sensor, which is the spectral reflectance of the surface, according to Equation 

(2) [43]. 

αsup = 0.215 × r1 + 0.215 × r2 + 0.242 × r3 + 0.129 × r4 + 0.101 × r5 + 0.062 × r6 + 0.036 × sup7 (2) 

wherein, α sup—surface albedo; numerical values—weight coefficients referring to each 

multispectral band of the MODIS sensor product (e.g., Tasumi et al. [40]); r1, r2, r3, r4, r5, r6 

and r7—correspond to the multispectral bands of the reflectance product. 

The leaf area index (LAI, m2.m−2) is estimated as a function of soil-adjusted vegetation 

index (SAVI), functioning as an indicator of the amount of plant biomass and other char-

acteristics of the plant cover, such as moisture conditions; see Equation (3) [43,44]. 

LAI = 
−ln (

0.69 − SAVI
0.59 )

0.91
 (3) 

In the procedure for estimating the biophysical parameter of the surface temperature, 

correction/calibration factors and multiplier and additional compensation factors are ap-

plied referring to the MODIS sensor product, daytime temperature of the Earth’s surface. 

Available online: (https://modis.gsfc.nasa.gov/data/dataprod/mod11.php) (accessed on 5 

June 2022). The surface temperature product is estimated from the emissivity (thermal) 

bands 31 and 32, which, in turn, are estimated from the mathematical modeling as a func-

tion of the types of land cover and land use, pixel by pixel of the MODIS image [43,44]. 

The L3 processing level offers spatially resampled products, variables in uniform grids at 

various spatial and temporal resolutions. 

The actual evapotranspiration (ETa) product is based on the Penman–Monteith equa-

tion [45,46], with the principle of inserting daily meteorological reanalysis data associated 

with the dynamics of vegetation properties, albedo and cover from the ground, from 
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MODIS remote sensing data products [47]. For all images, the multiplier factor referring 

to the product of the MODIS sensor of real evapotranspiration (ET). Available online: 

(https://modis.gsfc.nasa.gov/data/dataprod/mod16.php) applies (accessed on 5 June 

2022). 

The product of the ETa of the MODIS sensor (Terra–MOD16A2 and Aqua–MYD16A2, 

version 6) provides the sum of the ETa in a period composed by pixel by pixel values 

referring to 8 days. The ETa layer has geophysical data starting in 2001 to the present 

[43,48]. 

2.6. ENSO Data 

In this study, information on the occurrence of El Niño-Southern Oscillation (ENSO) 

was obtained from the database of the National Oceanic and Atmospheric Administra-

tion/Climate Prediction Center-NOAA/CPC [49]. The years of El Niño, La Niña and Neu-

tral during 1998–2022 were classified as hot (red) and cold (blue), based on a limit of ± 0.5 

°C of the sea surface temperature (SST) of the Equatorial Pacific in the El Niño 3.4 region, 

available at: http://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/en-

soyears.shtml (accessed on 5 June 2022). In addition, the ENSO phases were evaluated 

based on the Oceanic Niño Index (ONI) [49]. 

2.7. Burned Areas Via Fire MapBiomas 

The burned area in the Brazilian Legal Amazon is characterized for the years 2004, 

2005, 2007, 2010, 2015 and 2019, based on fire scar estimates performed by MapBiomas, 

which has processed over 150 thousand images generated by Landsat 5, 7 and 8/OLI sat-

ellites from 1985 to 2020. The MapBiomas platform, with the help of artificial intelligence, 

analyzed the burned area in each 30 × 30 m pixel of the more than 8.5 million square kilo-

meters of Brazilian territory over the 36 years between 1985 and 2020, regardless of LULC 

[50]. 

Fire data in annual, monthly and cumulative maps, and statistics for any period be-

tween 1985 and 2020, are available at the following link. Available online: (https://plata-

forma.brasil.mapbiomas.org/) (accessed on 4-10 June 2022) [50]. The platform also in-

cludes fire frequency data, indicating the areas most affected in the last 36 years. The res-

olution is 30 m, with an indication of the type of cover and use of the land that burned, 

allowing territorial and land divisions by biome, state, municipality, watershed, conser-

vation unit, indigenous land, settlements and areas with Rural Environmental Registry 

(RER). 

3. Results 

3.1. Statistical Analysis 

Orbital monitoring in the Legal Amazon (141,130.8 ± 68,423.05 foci) recorded a total 

of 3,528,270 foci from June/1998 to May/2022. According to Figure 2a, the largest annual 

records of fire foci occurred in 2002 (6.18%), 2003 (6.30%), 2004 (7.81%), 2005 (7.48%), 2007 

(7.47%) and 2010 (6.12%) (see Table 1). These years cover 41.36% of fire foci in the time 

series. The years that were above the media correspond to the range from 2002 to 2010. 



Sustainability 2022, 14, 9419 7 of 23 
 

 



Sustainability 2022, 14, 9419 8 of 23 
 

 

 

Figure 2. Total and average of fire foci in the Legal Amazon (a), monthly boxplot of fire foci (b), 

total and percentage of monthly fire foci (c) and annual boxplot of fire foci (d). Colors highlighted 

in red in the boxplot correspond to years of severe drought. 

Table 1. Results of the descriptive statistics applied to annual fire foci in the Legal Amazon during 

1998–2022 and the phases of ENSO (El Niño/La Niña and Neutral), according to the classification of 

region 3.4 based on the ONI index (Oceanic Niño Index). 

Year Mean SD Median CV (%) Percent (%) Maximum Minimum Total ENSO(Phases) 

1998 10,491.56 11,342.56 4178 97.8 2.48 29,680 2620 94,424 El Niño/La Niña 

1999 6774.57 9704.94 2091.5 141.9 2.50 29,133 116 94,844 La Niña 

2000 5403 5923.03 3310 116.2 1.87 16,813 123 75,642 Neutral 

2001 7921.36 8795.90 4402 116.9 2.76 25,897 228 110,899 La Niña 

2002 18264 20,780.96 10,014 122.5 6.18 64,827 720 255,696 El Niño 

2003 18,529.88 17,849.76 14,866 104.4 6.30 63,683 1556 259,418 El Niño 

2004 23,248.65 24,789.02 18,139 116.6 7.81 91,745 958 325,481 El Niño 

2005 20,803.50 27,086.68 7767 132.5 7.48 85,108 967 291,249 El Niño 

2006 14,723.23 17,541.12 9218 128.8 4.99 60,858 897 206,126 El Niño 

2007 20,517.15 29,929.55 6736.5 146.7 7.47 101,816 1254 287,240 El Niño/La Niña 

2008 11,387.93 12,297.75 6873 117.3 3.81 34,735 637 159,431 La Niña 

2009 9267.50 9613.56 5826.5 115.0 2.87 25,876 510 129,745 El Niño 

2010 16,943.43 24,314.60 6329 145.8 6.12 77,294 1413 237,208 El Niño/La Niña 

2011 7131.78 8043.18 3888 129.7 2.26 28,347 350 99,845 La Niña 

2012 11,206.56 12,996.70 6087 123.1 3.87 40,325 576 156,892 Neutral 

2013 7266.86 6945.95 6736 106.3 2.41 24,511 579 101,736 Neutral 
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2014 10,156.65 10,175.45 7435 110.1 3.40 29,861 585 142,193 El Niño 

2015 12,720.43 12,834.81 9236.5 113.2 4.15 40,452 858 178,086 El Niño 

2016 10,220.79 9237.17 5516 95.7 3.52 28,295 2049 143,091 El Niño 

2017 12,404.79 15,105.63 8545 131.3 4.23 55,994 522 173,667 La Niña 

2018 7337.29 8371.83 3106 118.7 2.56 31,140 828 102,722 La Niña 

2019 10,238.86 11,670.91 4572 119.3 3.57 39,176 1675 143,344 Neutral 

2020 12,565.25 16,584.53 4466 132.0 4.27 50,631 1556 150,783 La Niña 

2021 8517.50 10,912.55 3679.5 128.1 2.90 35,808 911 102,210 La Niña 

2022 1494.80 1161.13 847 77.7 0.21 3489 776 7474 La Niña 

Figure 2b exhibits the monthly variation of fire foci via boxplot. There is a high vari-

ability of fire foci from July to November, and the highest interquartile ranges (IQR) were 

in August and September, corresponding to the dry season of the Legal Amazon. Figure 

2c exhibits on the monthly scale that July (6.79%), August (23.73%), September (30.76%), 

October (15.66%), November (10.00%) and December (4.59%) exhibited the greatest rec-

ords of fire foci. The lowest values of fire foci in the Legal Amazon were found in both the 

initial and the final recorded years over the studied period (see Figure 2d). It is worth 

mentioning the inclusion of the previously mentioned environmental satellites in 

BDQueimadas from 1998 to present. 

Table 1 presents the statistical results of the annual fire foci within the Legal Amazon. 

The largest SD from the annual averages of fire foci occurred in 2002, 2003, 2004, 2005, 

2007 and 2010, corresponding to the highest percentages recordings (Figure 2c). Again, 

both years cited were influenced by the performance of El Niño and El Niño/La Niña (see 

Table 1), with emphasis on the total fire foci for the respective years. 

The percentages of the fire foci over the studied period were less than 10%, while 

2004 demonstrated one of the highest records of fire foci in comparison to the other years 

(Table 1). PROARCO (Programa de Prevenção e Controle as Queimadas e aos Incêndios 

Florestais no Arco do Desflorestamento) and IBAMA data showed that the NOAA-12 sat-

ellite detected 116,574 fire foci until September in the region, which represents a 19% 

growth compared to the same previous period. It is important to highlight the influence 

of El Niño in the biannual cycle (2003/2004) and the deforestation records, carried out by 

the PRODES/INPE system (2020), and in that same period in the Legal Amazon, in which 

the highest rate of deforestation occurred in the respective years, with the loss of 25,396 

km2 and 27,772 km2 of forest in 2003 and 2004, respectively. The El Niño event, together 

with the deforestation, contributes to the increase in medians in the time series of fire foci. 

The CVs obtained in the time series were greater than 100%; the exceptions were the 

years 1998 (initial), 2016 and 2022 (final). We highlight the years 1999 (141.9%), 2005 

(132.5%), 2007 (146.7%), 2010 (145.8%), 2017 (131.3) and 2020 (132.0) as having the highest 

CVs and high data variability. The highlighted years varied between the El Niño and La 

Niña cycles (Table 1). However, under El Niño episodes, for example, the rainfall regime 

can decrease by up to 50%. Thus, increasing the likelihood of forest fires (Table 1), it is 

more than 10% likely that the forest area is flammable during very dry years, such as 2005 

and 2010. 

3.2. Biophysical Parameters 

Based on the results of statistics applied to the time series of fire foci, the years 2004, 

2005, 2007, 2010, 2015 and 2019 were chosen for the analysis of the biophysical parameters 

of the Legal Amazon. The LAI in the Legal Amazon varied between the central, northern 

(N) and mainly south (S) and southwest (SW) regions with higher values. Generally, 

higher values of LAI in the Amazon are associated with the dry season. 

As one can observe from Figure 3, the land surface temperature was high (>40 °C) in 

all years evaluated, highlighting the S and SW regions of the Amazon, mainly the impacts 

of the three megadroughts (2005, 2010, and 2015), together with the N of states of RR. The 
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drought in 2015 led to extreme warming and soil moisture deficits in some regions, which 

is attributed to a very strong El Niño. 
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Figure 3. Albedo, LAI (m2.m−2) and land surface temperature (LST, °C) Legal Amazon for 2004, 2005, 

2007, 2010, 2015 and 2019, respectively. 

The change from forest to the deforested area is characterized by the spatial dynamics 

of ETa, with emphasis again on the S and SW regions of the Legal Amazon and the N of 

states of RO, such as soil temperature (Figure 4). The decrease in ETa in the years evaluated 

and, in the regions, mentioned above is due to the performance of the El Niño or El 

Niño/La Niña cycle. The fire foci in the evaluated period were higher in the years 2004, 

2005 and 2007. This is due to the reference satellite of the time (NOAA 12) that used the 

MODIS sensor; on the contrary, the fire foci were lower in the years 2010, 2015 and 2019 

with the changes to the AQUA and TERRA orbital platforms and the NBR sensor. 
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Figure 4. ETa (mm.day−1), fire foci and NDVI Legal Amazon for 2004, 2005, 2007, 2010, 2015 and 

2019, respectively. 

3.3. Fire Foci Versus Deforestation (PRODES/DETER) 

The records obtained via PRODES for 1998–2019 indicated a deforested area of 

279,942 km2 in the Legal Amazon, with a total of 3,274,260 fire foci records. Therefore, the 

PRODES system alone is insufficient to prevent, inspect and combat deforestation. Hence, 

INPE implemented the DETER system in 2004. According to INPE, areas of deforestation 

and degradation warning included 2072.03 km2 in June 2019 (Table 2). 

Table 2. Comparison of Deforestation Alert Rates in the DETER and PRODES Systems during 2015–

2019. 

Period DETER PRODES Variation (%) 

2015–2016 5377 km2 7893 km2 46.79% 

2016–2017 4639 km2 6947 km2 49.75% 

2017–2018 4571 km2 7536 km2 64.86% 

2018–2019 6844 km2 9762 km2 42.63% 

Table 2 shows the DETER system alert areas (deforestation and degradation) in the 

Legal Amazon in June 2019. The largest extensions of deforestation were displayed in the 

State of MT, with a cumulative deforested area of 153.55 km2 and a cumulative area of 

1025.58 km2 of deforestation and degradation areas. Next was the State of PA with a total 

of 446.56 km2 of deforested areas and a total of 577.25 km2 of deforested and degraded 

area, followed by the State of Amazonas with a total of 193.28 km2 and 228.44 km2 of the 

area of deforested and both deforested and degraded areas, respectively. The states con-

sisting of the smallest areas for deforestation alerts by means of the DETER systems were 

AP (0.3 km2) and TO (0.15 km2). 

The data obtained in the period between 2017 and 2018 showed that deforestation in 

the Legal Amazon increased once more, with a growth of 13.7%. DETER recorded a de-

forestation rate of 64.86%, and PRODES registered a deforested area of 7536 km2. During 

2016–2017, the DETER deforestation rate was 49.75% for an area of deforestation of 6947 

km2. According to INPE, PRODES pointed out an area of 6947 km2 of shallow cut in the 

period during August 2016–July 2017 (Table 3). 
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Table 3. DETER Alert Areas (km2) for Deforestation and Degradation Deforestation in June 2019. 

States 
DETER Alert Areas 

(Deforestation and Degradation-km2) 

DETER Deforestation 

Alert Areas 

(km2) 

Acre 11.67 11.03 

Amapá 0.15 0.15 

Amazonas 228.44 193.28 

Maranhão 8.01 8.01 

Mato Grosso 1025.58 153.55 

Pará 577.25 446.56 

Rondônia 99.41 99.41 

Roraima 7.92 7.92 

Tocantins 0.3 0.3 

TOTAL 2072.03 920.21 

Figure 5a shows the categories identified by DETER in the Legal Amazon during the 

period 2016–2019: mining (74.29%) and deforestation (20.01%) categories were the highest 

in total and frequency. In the dispersion diagram (Figure 5b), the determination coefficient 

(R2) explains an accuracy of 19% and the Pearson correlation coefficient (r) is showing 44% 

correlation between BDQueimadas versus PRODES data (Figure 5b). Thus, 56% of the 

variability is due to other factors such as climatic, anthropic and errors within the omis-

sion and commission of fire foci data, which are common in BDQueimadas CPTEC/INPE. 

The remaining 56% shows high variability in the dynamics of hotspots in the Legal Ama-

zon, which can be properly explained by the aforementioned factors, since the interactions 

between them cause forest fires in the region. 
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Figure 5. Categories identified by DETER in the Legal Amazon during the period 2016–2019 (a) and 

dispersion diagram between BDQueimadas versus PRODES (b). 

Figure 6 presents the PCA of the analyzed variables in the study. The cumulative 

total change of principal components 1 and 2 (PC1 and PC2) was 49.74%. According to the 

Kaiser criterion [35], the eigenvalues of the first three components (PC1, PC2 and PC3) 

were greater than 1 (2.29, 2.18 and 1.20, respectively) and may be used for the generation 

of the biplot graph. However, the biplot graph was constructed only according to PC1 and 

PC2 since PC3 presented a total variance of just 13.36% (Supplementary Table S1), while 

PC1 and PC2 displayed a greater load of information as their explained variance was 

25.47% and 24.27%, respectively. 

 

Figure 6. Principal component analysis (a) and Pearson’s correlation (b) as a function of the years 

1998–2019 for land use and occupation variables, fire foci and PRODES observations for the Legal 
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Amazon. Note: * and ** indicate significance at 0.05 and 0.01 levels, respectively (Pearson’s correla-

tion coefficient). 

The formation of two distinct groups was observed (Figure 6a). Group 1 (G1) was 

formed by the forest, fire and mining areas, while group 2 (G2) included the livestock, 

pasture, agriculture and temporary crops areas. The relations conferred within G1 can be 

explained by the tendency for the expansion of fires due to the expansion of mining areas, 

which in turn will directly affect the Amazon rainforest, directly resulting in the responses 

captured by PRODES. The connection within G2 is common since, with the expansion of 

livestock, there will be a consecutive expansion of grazing areas, as well as agriculture 

and an increase in temporary crops; since deforestation is entering pasture areas, there is 

also the insertion of agriculture as well as temporary crops, based on rotational cropping 

techniques. Correlating the groups, it is noteworthy that as livestock and agriculture ex-

pand, inversely proportional to this, there is a significant reduction in forest areas (Figure 

6a-6b). In addition, a reduction in forest areas reflects the increase in fire foci (Figure 6a-

6b). 

3.4. Dynamics of the Total Annual Burned Area 

Figure 7 shows the fire scars for the Legal Amazon (Figure 7A) and the area per hec-

tare burned for the years 2004, 2005, 2007, 2010, 2015 and 2019 (Figure 7B). It was found 

that in the years 2004, 2005 and 2007, the total area burned in the Legal Amazon was over 

10 million hectares, which is higher than the average (8.7 million) of the total years ana-

lyzed [43], with a concentration of burned areas in the eastern sector of the Legal Amazon 

(Figure 7A). Corroborating the above results, the NDVI values (Figure 4) were close to 0 

for the year’s corresponding to the highest incidences of burned areas in the Amazon bi-

ome. The higher incidences of LST in Figure 3 in the corresponding burned areas also 

exhibit clear evidence of high fire foci. 
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Figure 7. Burned area scars in the Brazilian Legal Amazon (A); burned area (ha) for the years 2004, 

2005, 2007, 2010, 2015 and 2019 (B). 

The annual values of the total burned areas of the Legal Amazon have a satisfactory 

coefficient of determination (Figure 7B), indicative of the veracity of the data; they also 

present an error (RMSE, root mean squared error) close to 0 accentuated in the area (ha) 

burned for the years evaluated. This occurs as a result of the occupation of the burned 

areas by agricultural activity, with emphasis on livestock, in which, with the expansion of 

the burned areas and the same being later occupied by agriculture, it opens borders for 

the expansion of new burned areas, as well as for an increase in the frequency of fire. 

4. Discussion 

The years highlighted in the time series correspond to El Niño episodes, for example, 

moderate El Niño (2001–2002 cycle), weak El Niño (2007) and especially the extreme 

droughts that occurred in 2005, 2010 and 2015 in the Amazon [51–53]. The years that were 

above the average also correspond to changes in the orbital sensors for detecting hotspots, 

for example, at the beginning of the time series AVHRR (Advanced Very High-Resolution 

Radiometer) was used; from 2002 MODIS was used until mid-2012 [15,18,27]. As for the 

outliers between June and December, such outliers correspond to the Amazon, since most 
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fires occur between July and November—the dry season [21], a period in which the risks 

of reduced groundwater and surface moisture are high [22]. 

This highest percentage is directly related to the time of year where the highest 

amount of forest fires and burns occur, corresponding to the dry season [21,51]. It is well 

known that August, September and October resemble the critical period of fire incidence 

not merely within the Amazon region but in Brazil in general [15,54,55], mainly during 

the ENSO phases episodes (El Niño and/or La Niña), which highly effect the frequency, 

duration and quantity of rainfall in the south and west of the Amazon basin [52,53,56]. 

During the wet season, however, the effect is the opposite, and a significant decrease in 

fire foci is observed, especially from January to May, where rain amounts are increased, 

moisturizing the forest, making the soil relatively humid, which makes it difficult for the 

fire to spread. Fires occur every year, with a significant increase during the dry season 

[9,15], particularly during 2005, 2010 and 2015, since several severe droughts resulted in 

an exponential increase in forest fires in the Legal Amazon [23,52,54,55]. The ENSO phases 

are responsible for the variability for rainfall [23,52], which can make the forest dry and 

consequently prone to fire hazard, comparing to the wet season. In general, droughts in 

the Amazon are associated with El Niño and the warming of the north tropical Atlantic 

[51,54,55]. 

According to Ambiente Brasil [57], the Amazon had the highest record of fire foci in 

2004, followed by the highest growth rate of illegal activity (e.g., logging) compared to 

2003. El Niño and La Niña episodes influence both the monthly and the annual distribu-

tion, in addition to rainfall records and air temperature in the Legal Amazon [58,59]. Ac-

cording to Marengo et al. [56], in February 2010, there was a significant reduction in rain-

fall in southern Amazonia compared to previous years. Between March and May 2010, 

there was a decrease in the El Niño event in the Pacific, followed by an increase in the area 

and magnitude of the SST, with values of 1–2 °C above the typical value in the tropical 

North Atlantic. This configuration of the Atlantic Ocean contributed to a drought pattern 

in March 2010. Previously, in 2005, one of the most severe and prolonged droughts of the 

century occurred, but the impact of the 2010 drought was greater [51,52] and is considered 

the most severe drought in the Amazon of this century [47,53], being called a mega-

drought [60]. The influences of the ENSO phases (El Niño/La Niña) cause significant 

changes in both the dry and rainy seasons, thus interfering with the typical duration of 

the season in the Legal Amazon [23,52,54,55,61]. According to Nepstad et al. [14], the Am-

azon rainforest is inflammable during years of usual rainfall. 

The year 2019 was the year of the fire crisis in Brazil [62]. As a result, the albedo 

values ranged from 0 to 0.45 in the Legal Amazon, highlighting the northwest region 

(NW) and corresponding to the end of the Arc of Deforestation [54,63,64] and the border 

with the states of MA and TO that are part of the agricultural consortium MATOPIBA 

[54,64,65], with higher albedo values in the period, especially in 2019, which in turn was 

highlighted by deforestation and, consequently, the increase in fire foci in the study re-

gion. 

In this case, there were El Niño events that intensified the dry season in the region 

[59,60]. There were interannual differences in the spatial distribution of LAI due to the 

ENSO climate variability mode [66], but anthropogenic changes cannot be ruled out 

[10,54]. During the 2015/2016 drought in the Amazon, there was a 49.8% reduction in pho-

tosynthesis that caused a water deficit [57] and an increase in forest fires [54]. 

A highlight for the La Niña years with the highest record of fire foci, burned area and 

carbon emissions in the Amazon was identified by Barbosa et al. [65]. Anthropogenic pro-

cesses, for example, deforestation, agricultural activities and the use of fire to clean areas, 

start large fires in the Legal Amazon [16,54]. Nevertheless, regardless of the variability of 

the records of fire foci, the areas remain concentrated in the Arc of Deforestation [61,65] 

and on the border of the MATOPIBA agricultural consortium [64]. 

There was a sharp increase in albedo values in the eastern portion of the Legal Ama-

zon, which corroborates the lower values of LAI. In view of this, it is evident that the lower 
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proportionality in LAI values is characterized as exposed soil surfaces, coming mainly 

from deforested areas. These are better captured and exposed by the albedo, which is a 

sensitive index to the Earth’s surface reflectance. Darker surfaces such as water and forests 

have a much lower albedo, and, consequently, more incident solar radiation is absorbed 

[67–72]. However, in our study, it was observed that the highest albedo values were di-

rectly related to exposed soil, while lower albedo values were directly related to the Am-

azon forest (Figure 3), as this is a more intense active agent in the absorption of water in 

Amazon biome. 

As for the LST values, there was an increase in temperature from 2004 to 2019, with 

emphasis on the year 2015, which had the highest temperature records in the eastern and 

northern sectors of the Legal Amazon, an effect resulting from the El Niño phenomenon 

for the year. Corroborating the results of this study, Oliveira-Júnior et al. [54] and Jardim 

et al. [35] point out that the effects of the 2015 El Niño strongly worsened the northern 

region of the Legal Amazon with reduced rainfall in the eastern and northern portions of 

the Amazon rainforest. This type of phenomenon provides some cyclical droughts for the 

forest region and increases the problems with fires. In the Brazilian northeast (NEB) there 

is an incidence of severe droughts, mainly in the Brazilian semiarid region [35,54]. In ad-

dition, it is also noted that the regions with the highest incidence of temperature, respec-

tively, result from a higher incidence of albedo. Moreover, there are many modeling stud-

ies in the form of spatial and temporal analyses of environmental effects with satellite and 

ground data [73–85]. 

According to Barbosa et al. [65], there is a direct relationship between the increase in 

burns and the increase in deforestation since the deforested area becomes an easy target 

for fire, being an open area [14,16], and once burned, the likelihood of reemerging fires 

increases considerably in the Amazon biome [53]. Interestingly, both states have the larg-

est territorial extensions and the highest population density. CPTEC/INPE [28,86–88] pub-

lished that drought in the Amazon biome region reduces humidity and favors fire spread, 

along with having the strong correlation between fires and deforestation. 

It is worth mentioning that even though deforestation in the Amazon began in the 

1970s, it was only in the 1990s that deforestation was acknowledged as a central factor in 

environmental degradation. These findings corroborate the results by Silva et al. [33], who 

studied the degradation of the Caatinga biome from 1998 to 2018 and observed that the 

expansion of livestock provided the expansion of pasture areas as well as agriculture and 

temporary crops. Corroborating the results of this research, Oliveira-Júnior et al. [54], who 

evaluated the hotspot scenarios in SA, point out in their results that in the eastern sector 

of the Amazon biome, there is a greater concentration of fire foci, characterized by greater 

degraded areas. 

5. Conclusions 

The study indicates that the variability of the fire foci in the Amazon biome is directly 

linked to the anthropogenic activities, the economic interests and climatic patterns, mainly 

during the dry season (August–November), with rainfalls, and during ENSO (El Niño/La 

Niña) episodes, with increased frequency in burns and fires during the years of El Niño 

occurrence, which is responsible for 30% of the fire foci in the studied period. The binomial 

dry seasons in El Niño phase provides extreme and/or prolonged drought events, thus 

contributing to the forest burning and fires in the Amazon biome. Therefore, the orbital 

monitoring of fire foci and deforestation via environmental satellites is a fundamental 

management tool in combating the degradation of the Amazon biome, together with en-

vironmental legislation. 

The years in which La Niña operates presented the lowest number of fire foci per unit 

area, which is the opposite situation from the years of El Niño, which demonstrate a sig-

nificant increase in the number of fire foci per unit area. The southern Amazon region, the 

border states, and the eastern Amazon biome (Arc of Deforestation) presented the highest 

density of fire foci in the Amazon biome. The states of Mato Grosso, Pará and Amazonas 
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had the highest alerts from the PRODES and DETER systems, and in the case of DETER, 

mining and deforestation categories (94.3%) stand out compared to the others during 

2016–2019. We also observed changes in the behavior of NDVI and ETa due to the occur-

rence of forest fires. 

The use of burning for profitable activities, agriculture and livestock, followed by 

mining, has significantly caused environmental degradation in the Amazon rainforest. 

Importantly, the BDQueimadas, the PRODES and the DETER systems are crucial tools in 

environmental research and monitoring, forest management and anticipating actions to 

combat deforestation and forest fires in the Amazon biome. Therefore, in future works we 

will apply more methods for monitoring other humid forests in the world. 

The limitations of the study are summarized in data from fire reports, followed by 

continuous data on agricultural production and the recommendations and the use of cli-

mate models that are based on the new directions and scenarios proposed by the last IPCC 

report. 

Supplementary Materials: The following supporting information can be downloaded at: 
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