

[image: image1]
Determinants of Fire Impact in the Brazilian Biomes












	 
	ORIGINAL RESEARCH
published: 28 March 2022
doi: 10.3389/ffgc.2022.735017





[image: image]

Determinants of Fire Impact in the Brazilian Biomes

Ubirajara Oliveira1*, Britaldo Soares-Filho1, Mercedes Bustamante2, Leticia Gomes2, Jean P. Ometto3 and Raoni Rajão1,4

1Centro de Sensoriamento Remoto, Universidade Federal de Minas Gerais, Belo Horizonte, Brazil

2Departamento de Ecologia, Universidade de Brasilia, Brasilia, Brazil

3National Institute of Space Research (INPE), São José dos Campos, Brazil

4Departamento de Engenharia de Produção, Universidade Federal de Minas Gerais, Belo Horizonte, Brazil

Edited by:
France Gerard, UK Centre for Ecology and Hydrology (UKCEH), United Kingdom

Reviewed by:
Giuliano Maselli Locosselli, University of São Paulo, Brazil
Yan Gao, Universidad Nacional Autonoma de Mexico, Mexico

*Correspondence: Ubirajara Oliveira, ubiologia@yahoo.com.br

Specialty section: This article was submitted to Tropical Forests, a section of the journal Frontiers in Forests and Global Change

Received: 01 July 2021
Accepted: 28 January 2022
Published: 28 March 2022

Citation: Oliveira U, Soares-Filho B, Bustamante M, Gomes L, Ometto JP and Rajão R (2022) Determinants of Fire Impact in the Brazilian Biomes. Front. For. Glob. Change 5:735017. doi: 10.3389/ffgc.2022.735017

More and more, wildfires are raging in large parts of the world due to a warmer climate, more frequent and severe droughts, and continued land-use changes. In Brazil, the weakening of public environmental policies has further aggravated wildfires with widespread impacts across the country. Here, we investigated the determinants of the impact of fire in the Brazilian biomes using a dataset of burned areas between 2001 and 2019 to simulate its future impact under alternative policy and climate scenarios. We began by deriving a fire impact index using a principal component (PC) analysis comprising the variables: 1. fire intensity, 2. fire recurrence, 3. burned area size, 4. mean time interval between successive fires, and 5. predominance of fires in the dry season. We considered as High Impact Fires (HIF) those areas whose values of the first PC were above the 90th percentile. HIF occurred in the Amazon, Cerrado, and Pantanal, but not in the Atlantic Forest, Pampa, and Caatinga biomes. As the main drivers of HIF, our spatial autoregressive models (SAR) (Amazônia R2 = 0.66, Pantanal R2 = 0.86 and Cerrado R2 = 0.79) indicated the climate (Amazon, 25%, Pantanal, 53%, and Cerrado, 56%) together with land-use change (Amazon, 75%, Pantanal, 25%, and Cerrado, 38%). Most HIF occurred in native vegetation remnants (NVR) (55% in the Amazon, 86% in the Pantanal and 94% in the Cerrado), especially in places close to areas deforested over the last two decades. Only in Pantanal fuel loads (dry biomass) play a major role in HIF (22% of explanation). In the Cerrado, it only accounted for 4% of the observed variability and in the Amazon, it was not a significant factor. Over the analyzed period, HIF imposed a loss of 23%, on average, on the NDVI response of the native vegetation in the Amazon, 19% in the Cerrado and 16% in the Pantanal, thus indicating physiological stress. Simulations of future climate and land-use change pointed to a dramatic increase in HIF by 2050. Under the RCP4.5 and strong environmental governance scenario, HIF in the Cerrado would expand from the current 3% of the biome to 15%, from 7 to 8% in the Pantanal and from 0.7 to 1.2% in the Amazon. In addition, the impact of fire would intensify in 95% of the Cerrado, 97% of the Amazon and 74% of the Pantanal. Effective public and private policies will be vital to mitigate the growing threat of HIF. In this sense, our spatially explicit models can help direct prevention and firefighting programs.
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INTRODUCTION

The frequency and extent of wildfires are increasing all over the world (Li et al., 2020). Enhanced fire regimes result in more severe events that release a large amount of energy across vast areas in a short time-period, affecting both public and private lands (Pausas and Fernández-Muñoz, 2012; Li et al., 2020; Schmidt and Eloy, 2020). Such fires strongly impact ecosystem services, reducing water and soil quality, impoverishing habitats and biodiversity, and also affecting carbon cycling, the climate (Harper et al., 2018; Pellegrini et al., 2018; Brando et al., 2020) and, consequently, the resilience of terrestrial ecosystems (Pellegrini et al., 2021). Wildfires also cause substantial economic losses by damaging infrastructure, agriculture, and forestry, and compromising water resources and recreation (Mavsar et al., 2013; Carlson et al., 2018; Tedim et al., 2018; Oliveira A.S. et al., 2019). In addition, air pollution from fires poses a serious health hazard (Rappold et al., 2017; Schmidt et al., 2018; Tedim et al., 2018).

Fires, especially those affecting large areas, are in general triggered by human activity under extreme weather conditions. High temperatures and little rainfall, hence low humidity, favor the spread of wildfire fires (Aragão et al., 2008; Matthews et al., 2012; Ganteaume et al., 2013; Chergui et al., 2018; Cullen et al., 2021). The availability of fuel loads (dry biomass) also influences the rate of burning (Matthews et al., 2012; Oliveira U. et al., 2021). While frequently burned areas have lower biomass (i.e., reduced fuel loads), the residual biomass becomes more susceptible to ignition due to lower humidity (Fernandes et al., 2014). Anthropogenic ignition sources are the primary cause of fires (Bowman et al., 2013; Ganteaume and Syphard, 2018), since natural sources, mainly lightning, are less frequent and damaging (Ganteaume and Syphard, 2018). In fact, human action, deliberately or not, accounts for 90% of the ignition sources of large fires (Ganteaume et al., 2013). Fire is also commonly associated with land-use change, given that it is a tool for deforestation and pasture renovation or clearing (Morton et al., 2008). Usually, a fire starts in agricultural or peri-urban areas before spreading to forests and shrublands (Morton et al., 2008). Thus, proximity to agricultural land, roads, villages and urban areas influences forest fire occurrence, especially when managing agricultural areas with fire is a cultural aspect (Carmel et al., 2009; Ganteaume et al., 2013; de Oliveira et al., 2019).

Brazil holds the highest frequency of fire in South America (Li et al., 2020). Among the Brazilian biomes, the Cerrado is the only one whose ecosystems have evolved associated with fire, which plays an important role as an ecological process (Simon and Pennington, 2012; Schmidt and Eloy, 2020). However, large fires have historically devastated vast areas, not only in the Cerrado, but also in the Amazon (Campanharo et al., 2019; Schmidt and Eloy, 2020) and in the Pantanal (Libonati et al., 2020). These three biomes recorded large fires during the dry seasons of 2019 and 2020, although for the Amazon, those dry seasons were not as exceptional as in the droughts of 2005, 2010, and 2015 (Libonati et al., 2020; Schmidt and Eloy, 2020). In 2019, for the first time on record, the smoke from the forest fires in the Amazon reached São Paulo, the largest city in South America, more than 2.7 thousand kilometers to the southeast of the burned regions. And in 2020, one third of the Pantanal biome was burned (Libonati et al., 2020; Schmidt and Eloy, 2020).

In Brazil, large annual fire episodes are historically associated with high rates of deforestation (Schmidt and Eloy, 2020; Silva et al., 2021). Therefore, more important than direct human and environmental factors, these events result from poor or weakened environmental governance. Despite the large fires of 2019 and 2020 associated with higher deforestation rates in the Amazon (Lizundia-Loiola et al., 2020; Schmidt and Eloy, 2020; Silva et al., 2021), the Brazilian government has not instituted any additional public policy to fight forest fires. On the contrary, the 2021 budget proposed for the Ministry of Environment is the lowest on record in the past 21 years. Quite alarming, one of the most substantial cuts went to environmental enforcement and firefighting (Londoño and Casado, 2019), whose federal government funding reduced from BRL 194 million in 2019 to BRL 175 million in 2020 and should be only BRL 127 million in 2021 (Mengassi, 2021). This current logic goes against fire suppression or control policies applied in other countries to reduce the risk of wildfires (Schmidt et al., 2018; Oliveira A.S. et al., 2021). Before the budget cuts, Brazil had shown positive results in reducing burned areas on public and private lands, even with budget expenditures well below those of the Global North countries (Oliveira A.S. et al., 2021). Yet extreme fires are expected to become more prevalent due to climate change (Adams, 2013; Fernandes et al., 2014; Brando et al., 2020). Specifically in Brazil, the weakening of environmental public policies (Abessa et al., 2019), hence rising deforestation rates, tend to further exacerbate wildfire episodes in the next years. In this respect, mapping the history of fire occurrence to understand its driving factors and impacts is essential for guiding regional mitigation programs. For example, environmental factors, such as rain or lack thereof, temperature, fuel loads, wind, and topography, are determinants of fire risk and dynamics (Bowman et al., 2013, 2014). The synergy of these factors with ignition sources from land-use and land practices enables us, as a result, not only to model the risk of fires but also their spatial dynamics (Soares-Filho et al., 2012; Brando et al., 2020).

Here, we investigated the trends in fire events between 2001 and 2019 in the Brazilian biomes, firstly to characterize their impacts, and then to assess the spatial determinants that influence their occurrence and impact. In turn, these results were used as input for modeling the future risk of high impact fires under alternative policy and greenhouse gas emissions scenarios. Our study thus contributes to designing comprehensive fire mitigation strategies for both private and, hopefully, public programs, should the promotion of environmental policies return to the country’s political agenda.



MATERIALS AND METHODS


Estimating the Impact of Fire

Mapping the occurrence of burned areas helps to determine the historical impact of fires. In general, the most affected areas have a history of (1) more intense and (2) recurrent fires, (3) larger burned areas per event, (4) short time interval between successive fires, and (5) predominance of fires in the dry season (Van Wilgen et al., 2000; Keeley, 2009; Neto et al., 2010; Ryan and Williams, 2010; de Araújo et al., 2012; Pereira et al., 2014; Enright et al., 2015; Prichard et al., 2017; Gomes et al., 2020b). Because these aspects are intrinsically related to the impact of fire, we developed an exploratory analysis using as input a dataset of burned areas between 2001 and 2019 from the Moderate Resolution Imaging Spectroradiometer (MODIS).1 The MODIS monthly composite images, at 500-m spatial resolution, record the area and the date of burning. We used 3,192 images for forming the country mosaic comprising 228 monthly observations. Our methodology consists of the following steps:


1)For each monthly image, we assigned to the pixels of each spatially and temporally contiguous burned area a unique identifier. We then measured each burned area size assigning to all of its pixels the respective area value in hectares. This procedure was repeated for all images to result in a mean area value for each pixel.

2)The previous procedure also enabled us to calculate the frequency, time interval between successive fires, and the season in which the burning occurred.

3)To estimate the mean time interval between successive fires, we assigned to each pixel of a specific burned area, a day value from 1, for first of January 2001, to 6,938 for December 31st of 2019. We then calculated the mean time interval between successive fires for each pixel of burned area.

4)To estimate the prevalence of fires in the dry season, each pixel of a specific burned area received a value for the day of the year (1--366). We then calculated the average day for recurrent fires on the same pixel. To associate the average occurrence day with the dry season, we used the CHELSA monthly average rainfall maps2 (Karger et al., 2020) to establish the driest month and then the middle day of that month (15th day), which was set to 1. As a result, values from 1 to 183 represent the time distance between the driest month’s middle day and the fire occurrence. Thus, the closer the time of burning is to the middle of the dry season, the lower is the value assigned to the pixel.

5)Finally, to estimate fire intensity, we derived the delta Normalized Burn Ratio (dNBR) (Roy et al., 2006) using the MODIS product MOD09A1, version 6. This MODIS product provides an estimate of the surface spectral reflectance corrected for atmospheric conditions, such as gases, aerosols, and Rayleigh scattering. The composite MODIS image at 500 m spatial resolution comprises 8 days of acquisition for cloud removal. Our dataset encompasses 12,222 images covering 873 days of observation. We calculated the dNBR using the image immediately available prior to the date of the burning together with the image just after its occurrence. We then subtracted from values of the former dNBR image the ones of the latter to calculate the burning intensity per unit of burned area.

6)The aforementioned five dimensions were then summarized using a Principal Component (PC) analysis. The first PC accounted for 90% of the data variation, positively correlating with fire intensity, burned area size and number of recurrent events (i.e., frequency), and negatively correlating with mean time interval, and time distance from the dry season. For the analyses described below, we identified the pixels of the first PC with values above the 90th percentile as High Impact Fires (HIF). This limit is arbitrarily set as a way to facilitate the interpretation of results.





Impact of Fire on Vegetation

Fires can impact native vegetation causing physiological stress (fall of leaves and burnt branches and trunk) or even the death of individuals. To estimate this impact, we derived the Normalized Difference Vegetation Index (NDVI) using our dataset of MODIS product MOD09A1, as described above. NDVI indicates the vegetation’s photosynthetic activity and leaf density (Gamon et al., 1995) as a proxy for its physiological health.

To evaluate whether the native vegetation underwent physiological stress either due to burning in general or HIF, we compared monthly mean NDVI of these areas with those of control areas, in which no fire occurred over the study period (2001–2019) within 50 × 50 km quadrants. This analysis is performed separately for each quadrant to ensure that similar geographic conditions are met and only for native vegetation remnants (NVR), which were extracted from the land-use maps of MapBiomas collection 5 (Souza et al., 2020). We used as samples only the quadrants where all the three conditions were found (never burned, burned at least once and HIF). In each grid cell, we computed the mean NDVI difference by subtracting the monthly mean values of NDVI in burned and HIF areas from those of non-burned areas. Finally, we calculated the monthly means for each biome by averaging the quadrants’ values.



Spatial Determinants of Fire Impact

Four major factors determine the impact of fire, i.e., (1) land use and land-use change (LUCC), (2) fuel loads, (3) natural ignition sources, and (4) climate (Bowman et al., 2013). To analyze the influence of these factors in determining the impact of fire, we used the first PC as the dependent variable into a Spatial Autoregressive Model (SAR) (Drukker et al., 2013). SAR includes the effect of the geographic neighborhood in order to remove the spatial dependence between observations, a common problem posed by geographic data. For the SAR method, we used a weighted 8-cell neighborhood matrix as proposed by Tiefelsdorf et al. (1999). To test the relative importance of variables representing the four major factors, we applied a Jackknife test (Efron and Stein, 1981). In order to isolate the effect of individual variables, this test compares the R2 of the full model (with all variables) with those of models with only a subset of variables.



Selected Variables

The SAR method uses only continuous variables as input. Therefore, for representing land-use variables, we converted, whenever needed, categorical variables into chorological representation (i.e., a distance map from a cartographic category or discrete feature), selecting the following ones: (1) distance to urban areas, (2) distance to rural areas, (3) distance to deforestation for agricultural use between 2001 and 2019, (4) distance to deforestation for urban use between 2001 and 2019, (5) distance to protected areas, and (6) density of heads of cattle. Variables 1–5 are derived annually from time-series maps of MapBiomas collection 5. Protected areas come from maps.csr.ufmg.br and annual density of heads of cattle is obtained by dividing the number of heads of cattle from Pesquisa Pecuária Municipal (IBGE, 2019) by the respective municipality’s pasture area obtained from MapBiomas.

We built fuel load maps (percentage of dry biomass) using the method by Oliveira U. et al. (2021), which derives the dry biomass content using a combination of infrared and red spectral bands. To do so, we used as input our dataset of MODIS MOD09A1. We then computed all map values for the entire 2001–2019 period to end up with the mean value for each pixel of NVR.

Since the only natural ignition source in Brazil is lightning, as volcanoes are absent and meteors are very rare (Ganteaume and Syphard, 2018), we used a gridded dataset of lighting density from NASA’s Lightning Climatology Collection3 to derive the mean lighting density for the study period.

For representing the climate, we selected within the 2001–2019 study period the mean annual temperature, the maximum annual temperature, the mean annual rainfall and the mean rainfall of the driest month from the CHELSA high-spatial resolution database (see text footnote 2) (Karger et al., 2020).

Among the Brazilian biomes, the Cerrado is the only one in which fire is intrinsic to its ecosystems (Simon and Pennington, 2012). Given that fires caused by natural phenomena, such as lighting, occur mostly in the rainy season, we developed specifically for this biome distinct SAR models for both the rainy and dry season by separating the climate, ignition source and fuel loads variables into their respective seasonal means.



Simulating Land-Use Change and Climate Change Scenarios

The SAR model allows identifying the influence of each individual factor that determines the impact of fire. However, it is not necessarily the best prediction tool. Other modeling methods, using heuristics or statistical techniques, can yield higher predictive power. On the other hand, some of those methods, namely the ones that use artificial intelligence algorithms, do not explicitly discriminate the contribution of each variable to the model explanation. Thus, together with the SAR, we tested additional four predictive models: Generalized Linear Model (GLM), Generalized Additive Model (GAM), Support Vector Machine (SVM), and Random Forest (RF).

We used the variables indicated as statistically significant by the SAR method (see section “Results”) as input for the four additional methods. Given that the SAR model has detected a strong spatial dependence between observations (see Rho values in section “Results”), we also included as predictive variables the latitude and longitude as a means to solve autocorrelation. As for the dependent variable representing the impact of fire, we randomly sampled 10,000 values within each biome from the map of the first PC.

To test which method would be the best predictive model, we compared the maps from the methods (SAR, GLM, SVM, and RF) with the map of the first PC using Pearson’s correlation. As the RF method yielded the highest correlation with observed data (first PC) (see section “Results”), we used this method to predict the impact of fire under climate change and LUCC scenarios by 2050.

For doing so, we used climate data from the HadGEM2-ES and MIROC5 models under the RCP4.5 and RCP8.5 greenhouse gas emission scenarios, because these projections are closer to the historical trend without more stringent mitigation measures (Chou et al., 2014). We downloaded these data from CHELSA.4 For LUCC scenarios, we used the projections of the Otimizagro model (Soares-Filho et al., 2016; Rochedo et al., 2018) under the Weak Environmental Governance (WEG) and Strong Environmental Governance scenarios (SEG). Projection of heads of cattle comes from Batista et al. (2019). Only fuel loads and lighting density were kept constant. To test the relative influence of the climate and LUCC variables for scenario modeling, we applied the Jackknife test (Efron and Stein, 1981), using as a measure of fitness the correlation between the first PC map and the full model vs. the equivalent correlation values from the models without a particular variable. We developed scenarios modeling for the Amazon, Cerrado and Pantanal only, since the SAR models for the other biomes were not statistically significant. All analyses were performed using the BioDinamica plugin (Oliveira U. et al., 2019) of Dinamica EGO software (Soares-Filho et al., 2013).




RESULTS


Mapping the Impact of Fire

By far, the Cerrado is the biome that experienced the largest fire events with areas that burned at least once totaling 72 million ha over the study period. The Amazon comes in second with fire occurring in 38 million ha. In relative terms, the Pantanal biome holds the largest percentage of burned area (45%), followed by the Cerrado (34%), the Amazon (9.0%), Atlantic Forest (8.2%), Caatinga (5.6%), and Pampa (1.8%) (Figure 1). Of these areas, 16.5% were characterized as HIF (first PC values above the 90th percentile) in the Pantanal, 8.8% in the Cerrado, and 6.3% in the Amazon, while HIF did not occur in other biomes (Figure 1). Most of the burned areas were located in NVR in the Pantanal (85%), Cerrado (66%), Caatinga (79%), and almost half in the Amazon (47%). Conversely, only 11% of burned areas occurred in NVR of the Atlantic Forest and 22% of the Pampa (Figure 1). For HIF, most areas were located in NVR, 86% in Pantanal, 94% in Cerrado, and 55% in the Amazon.
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FIGURE 1. Fire impact derived from the first PC. Bar graphs indicate the proportion of burned areas and HIF in native vegetation remnants (NVR) and in relation to the biome’s area.


In the Cerrado, roughly 66% of the land designated as protected area (PA), including conservation units and indigenous territories (Soares-Filho et al., 2010), were burned at least once over the study period, which is equivalent to 6.3% of the burned areas in this biome. Also 29% of HIF occurred within Cerrado’s PAs. We found similar values for the Pantanal, where half of PAs’ expanses burned at least once (4.3% of total burned areas), with 29% of HIF occurring within PAs. Whereas for the Amazon, only 2.5% of PAs’ territory was burned at least once (1.7% of burned areas). HIF was not frequent in the Amazon PAs either, representing only 7.1% of HIF areas. For the Atlantic Forest, Caatinga and Pampa, burned areas within PAs are equivalent to less than 10% of the total burned area (support information S1 and S2). In the Atlantic Forest, 9.7% of the PAs’ territory was burned, in the Caatinga 8.5%, and in the Pampa 9.5%.

The first PC adequately represented the impact of the fire, as it correlated positively with average size of burned areas (r = 0.96), number of fires (r = 0.52), fire intensity (r = 0.49), fires in the dry season (r = 0.29), and negatively with the mean time between successive fires (r = −0.39) (Supplementary Tables 1, 2). Only the first PC was statistically significant, representing 98% of the overall data variation (Figure 1). The highest mean values of the first PC, indicating the impact of the fire, were observed in the Pantanal (479), followed by Cerrado (307), Amazon (198), Caatinga (28), Atlantic Forest (14), and Pampa (6) (Figure 1 and Supplementary Tables 3, 4). As for HIF, pixels with the highest means values are located in the Cerrado (2.638), Amazon (2.594), and Pantanal (2.151). The other biomes did not show HIF (support information S1).

Regular burned areas (moderate or lower impact fire, hereafter named simply burned areas) in the Cerrado showed an average fire recurrence of 2.83 times over the 19 years of the study period, while for HIF, recurrence reached 6.77 times. Mean time between successive fires was 9.93 and 3.29 years for HIF. HIF mostly occurred in September, the end of the dry season. Burned area size averaged 302 ha and 2.6 thousand ha for HIF. In HIF areas, fire intensity was three times greater, on average, than those of burned areas (dNBR = 1.92E-03 and 5.95E-04, respectively).

Similar to the Cerrado, fire recurrence in the Pantanal averaged 2.53 times over the study period, rising to 4.91 times in HIF areas. The mean time between successive fires was 10.82 years in general, reducing to 5.05 years in HIF. Again, HIF mostly occurred in the first half of September. In turn, burned areas size averaged 470 ha and 2.1 thousand ha for HIF. In the HIF areas, fire intensity was twice as high as in burned areas (dNBR = 5.39E-04 and 1.18E-03, respectively). Over the study period, areas that burned at least once totaled 7.2 million ha; only in 2020, wildfires raged across one third of the Pantanal.

For the Amazon, burned areas showed a recurrence of 1.98 and 3.99 years for HIF. Mean time between successive fires was 12.3 years, reducing to 5.3 years in HIF. As for the other former biomes, HIF mostly occurred in the first half of September. Burned area size averaged 193 ha and 2.6 thousand ha for HIF, the largest of all biomes. Fire intensity in HIF was almost three times greater, on average, than those of burned areas (dNBR = 1.04E-03 and 3.73E-04, respectively).

Regarding biomes where HIF did not occur, the Atlantic Forest recorded, on average, 1.69 recurrent fires and 13.5 years as the mean time between successive fires. Burnings also concentrated in the first half of September, averaging in size 9.3 ha, a much smaller value than of those biomes where HIF occurred. In this biome, most burnings concentrated in agricultural areas, mostly pastures, along the ecotone with the Cerrado. In turn, fire intensity (dNBR) reached, on average, 2.26E-04. Over the study period, areas that burned at least once totaled 9.8 million ha in the Atlantic Forest. The Caatinga presented mean of 1.47 years of fire recurrence with mean time interval between successive fires of 14.9 years. Burned areas in this biome consists of patches of 24 ha, on average, with mean fire intensity of 2.03E-04 dNBR, occurring mainly during the first half of October and along the ecotone with Cerrado. Areas that burned at least once in the Caatinga totaled 4.7 million ha over the study period. Finally, the Pampa is the biome with the smallest fire occurrence. In this biome, fires recurred only 1.02 times with mean time interval between successive fires of 18.1 years and burned area size of only 2.3 ha, with dNBR of 4.55E-05, with burnings concentrating in the first half of October. Only about 0.37 million ha of burned areas occurred in this biome over the study period.



Impact of Fire on Vegetation

NVR in HIF areas, compared with NVR that never burned, showed a striking reduction in photosynthetic activity and leaf density (as measured using the NDVI; Gamon et al., 1995), indicating physiological stress due to recurrent fires (Figure 2). HIF in the Amazon showed the largest reduction (23.2%), followed by HIF areas in Cerrado (18.5%) and Pantanal (16.3%). NDVI reduction in the NVR of the Atlantic Forest reached 14.2%. For typically non-forest vegetation biomes, NDVI in burned NVR in the Pampa presented the largest reduction of 11.3%, while those of Cerrado and Pantanal had reductions of 8.6 and 8.5%, respectively (Figure 2).
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FIGURE 2. Photosynthetic activity (NDVI) in areas that burned at least once. The graphs show the monthly mean NDVI between 2001 and 2019 for nun-burned areas, burned areas and HIF along with the respective reductions from the first.




Factors That Determine the Impact of Fire

The SAR model provided a good explanation for the determinants of fire impact in the Pantanal, Cerrado and Amazon biomes. Values of Rho, above 0.78, indicated a strong spatial component, which is consistent with the way fire spreads. Models for the Atlantic Forest, Pampa and Caatinga biomes did not yield statistically significant results, probably due to the smaller and more random occurrence of fires in these biomes.

For the Pantanal, the SAR model (R2 = 0.81 and Rho = 0.91) indicated that climate explained 53% of the model variability, with mean annual temperature and mean annual precipitation accounting for 31 and 22%, respectively. LUCC accounted for 25% of model explanation. Significant variables were distance to PA (12%), distance to NVR (10%), distance to agricultural areas (1%) and density of heads of cattle (1%). In turn, fuel loads accounted for 22% and natural ignition by lightning was not statistically significant (Supplementary Tables 5–7).

SAR model also yielded a good fit for the Cerrado (R2 = 0.72 and Rho = 0.88). Again, climate was the predominant factor accounting for 56% of the model explanation. Mean annual temperature and mean annual precipitation, the only statistically significant variables, accounted for 37 and 19%, respectively. LUCC variables explained the remaining 38%. In the Cerrado, distance to PAs consisted of the main land-use factor driving fire impact, accounting for 13% of model explanation. Conversely to the Amazon, PAs in the Cerrado were strongly associated with fire occurrence. Other statistically significant LUCC variables were density of heads of cattle (7%), distance to deforestation for urban use (7%), distance to deforestation for agricultural use (5%), distance to urban areas (2%), distance to NVR (2%) and distance to agricultural areas (1%). In turn, fuel loads accounted for 4% of model explanation and natural ignition by lightning the remaining 2%.

The two SAR models specifically for the dry and rainy seasons yielded lower fit than that of the year-round model. Whereas the dry season model still presented a satisfactory fit (R2 = 0.50 and Rho = 0.72), including the same variables of those of the year-round model, save natural ignition by lightning, the one for the rainy season was not statistically significant (R2 = 0.07, Rho = 0.31), which may indicate that fires occur randomly in this season (Supplementary Tables 5–7).

For the Amazon, the respective SAR model did not perform so well as those for the previous biomes, but still with a satisfactory fitness (R2 = 0.49 and Rho = 0.78). LUCC accounted for 75% of the model explanation. Again, distance to PA was the primary factor (61%), but conversely to the Cerrado PAs, Amazon PAs showed a strong refractory effect to fire. Density of heads of cattle (13%) and distance to NVR (1%) complemented the LUCC explanation. For climate, only the mean maximum temperature was significant, representing 25% of the model explanation.

The SAR model performed poorly for the Atlantic Forest (R2 = 0.05, Rho = 0.24), Caatinga (R2 = 0.09, Rho = 0.10) and Pampa (R2 = 0.02, Rho = 0.13). As a result, it was not possible to infer the determinants of the impact of fire in these biomes.



Simulating Land-Use Change and Climate Change Scenarios

The Random Forest (RF) method yielded the highest predictive power for estimating the impact of fire, scoring, on average, 70% higher than the second-best algorithm (Supplementary Table 8). The best forecast was for the Pantanal (R2 = 0.86), and then Cerrado (R2 = 0.79) and Amazon (R2 = 0.66), as measured using the spearman’s correlation with the first PC map. The other biomes were not modeled, given the poor performance of SAR.

The two modeled scenarios differed slightly regarding the impact of fire by 2050. In the RCP4.5-MIROC5 and strong environmental governance scenario, 95% of the Cerrado region would present some increase in the impact of fire. Regions mostly affected would be the west of Cerrado, especially along the ecotones with the Amazon and Pantanal (Figure 3). Although the south of Cerrado would be less affected (Figure 3), there would be an expressive increase in the impact of fire in higher elevations, such as the national parks of Serra do Cipó and Serra da Canastra (Figure 3). HIF in the Cerrado would expand from the current 3% of the biome’s area to 15% by 2050, a fourfold increase (Figure 3). For the Amazon, roughly 97% of the biome would show some increase in the impact of fire. Eastern and southeastern Amazon would be most affected, especially along the ecotone with the Cerrado. In this biome, HIF would expand from 0.7 to 1.2% by 2050, totaling a 67% increase. In the Pantanal, 74% of the biome would present some increase in the impact of fire (Figure 3). Areas that would be most affected concentrate along the ecotone with the Cerrado and in the south portion of the biome (Figure 3). HIF would expand from 7 to 8% by 2050 (Figure 3). Under the RCP8.5-MIROC5 and WEG, fire impact would increase in 97% of the Cerrado, in 98% of the Amazon, and in 93% of the Pantanal. In Cerrado, HIF would expand to 18% of the biome by 2050, a fivefold increase. In the Amazon HIF would expand to 1.6% of the region, and in the Pantanal to virtually 23% of the biome. Results from intermediate scenarios and HadGEM2-ES model are presented in Supplementary Tables 9, 10.
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FIGURE 3. Fire impact from the Random Forest (RF) model for the present, left column and in middle column forecast by 2050 for the RCP4.5-MIROC5 and strong environmental governance. Figures in the third column depict the change in the impact of fire under this scenario. The numbers in red indicate the percentage of the biome with HIF today and in the future, and the numbers in black the percentage of biome that would have an increase in the impact of fire.





DISCUSSION AND CONCLUSION

In the Cerrado and Pantanal, the climate is the major determinant of fire impact, while anthropogenic factors prevail in the Amazon. Nevertheless, the interplay between both determinants is key in driving the impact of fire. In the former two biomes, most of the burned areas located in NVR, and in the Amazon almost half of them. In addition, in all three biomes, HIF was strongly associated with NVR, which influenced the impact of fire. Historically, fire activity strongly correlates with deforestation rates in the Amazon (Supplementary Figure 1), as the recent spike of 2019/2020 following the highest annual deforestation rates in the decade. Roughly 55% of burned areas in this biome occurred on private properties, thus indicating that fire is a common tool for deforestation (Supplementary Figures 1, 2). In this respect, the use of fire for converting forests into pasturelands or clearing pastures is indirectly indicated by the association with density of heads of cattle in the respective SAR model. The SAR models for the Cerrado and Pantanal also indicated an association of fire impact with deforestation or land-use intensity as pointed out by distances to types of deforestation and agricultural areas, along with density heads of cattle. In fact, gross deforestation rates in the Cerrado are second only to those of the Amazon and are on the rise in three biomes (PRODES, 2020; Souza et al., 2020). In turn, only in the Cerrado natural ignition by lightning was a statistically significant factor, though quite marginal.

Regarding the database of burned areas from MODIS that we used in our analyses, one could argue that they underestimate burned areas in forest biomes, because of understory fires. To verify this claim, we compared our database with the dataset of Morton et al. (2013) for Southern Amazon to find that, on average, MODIS dataset estimated 8% more burned areas than did Morton and colleagues using hybrid image composites of Landsat, AIRS and MODIS.

Today, half of the remaining Amazon Forest is within PAs, yet fire only occurred in 3.4% of PA’s territories, representing 1.7% of the biome’s burned areas. Thus, despite insufficient enforcement (Pelicice and Castello, 2021), Amazon PAs still play a major role in avoiding deforestation and fires as well, even under the country’s current situation of deteriorating public environmental policies. In this respect, it is worth mentioning the role of the ARPA (Amazon Region Protected Areas) Program in supporting many conservation units in the Amazon (Soares-Filho et al., 2010) as well as ICMBio’s (The Chico Mendes Institute for Biodiversity Conservation) brigades (Oliveira A.S. et al., 2021) and the PrevFogo (The National Center to Prevent and Combat Forest fires) program (Ibama, 2020) that prevent and fight fires in conservation units and indigenous lands, respectively.

Conversely, about 60 and 50% of PAs were burned in the Cerrado and Pantanal, respectively, at least once over the study period. Also, almost 60% of HIF occurrences fell within Cerrado’s PAs and 17% within those of Pantanal. There is, therefore, a strong positive association between fire and PAs in both biomes, because either those areas are mostly covered with NVR, and in some cases natural grasslands used for grazing (e.g., Park of Ilha do Bananal), or due to land conflicts. In 2020, large wildfires that burned one third of the Pantanal started on a few specific ranches in the region (Mega, 2020). These fires, accidently or not, then escaped to NVR, affecting as a result some important PAs in the region that burned almost completely, such as Parque Nacional do Pantanal Matogrossense and Terra Indígena Kadiwéu. As for the Cerrado, recurrent wildfires affect several of its conservation units almost every year (Oliveira U. et al., 2021). The source of a large part of those fires may be attributed to retaliation by prior and current inholdings not yet financially compensated for land expropriation, as the recent cases that occurred in the national parks of Chapada dos Veadeiros and Serra da Canastra (Röper, 2000; Rodrigues et al., 2018).

Frequent recurrence of fires can create positive feedback, as areas that burn repeatedly are more prone to new fires (Hoffmann et al., 2020). Furthermore, fires in the Cerrado and Pantanal have a propagation rate much faster than that of fires in forest biomes like the Amazon and Atlantic Forest (Gomes et al., 2020a). In non-forest biomes, fires often associate with fuel loads accumulation (Franke et al., 2018). However, our results show that burned areas present extremely variable fuel loads (SI). This indicates that, if managing fuel loads, as a form of preventive measure, effectively curb fires on a local scale (Hoffmann et al., 2020), it does not suffice to tame severe wildfires, since their primary cause is anthropogenic ignition sources. Thus, local management of fuel loads must be a component of a comprehensive fire mitigation program aimed at preventing fire through better land-use practices, but also through effective law enforcement.

The lower occurrence of fires in the Atlantic Forest may be due to its highly fragmented NVR, and hence large areas already converted into pastures and agricultural lands (Fonseca, 1985). Nevertheless, the Atlantic Forest biome comprises the most developed and urbanized regions of the country, where law enforcement has traditionally been more effective (Lembi et al., 2020). If, in the past, fire was used to deforest and clear pastures, nowadays, this use has virtually vanished from most of this biome’s landscapes. As for the Caatinga and Pampa, agricultural and livestock production in these biomes seldom uses fire for pastures renovation or deforestation, oppositely to what happens in the Amazon, Cerrado and Pantanal (Pivello, 2011).

Fires induce either plant mortality or physiological stress on individuals that manage to sprout after burning (Phillips et al., 2015; Hood et al., 2018). Recurrent and highly intensive fires proportionally affect a wider range of species more severely (Phillips et al., 2015; Hood et al., 2018). Whereas savannas or shrublands (e.g., Cerrado and Pantanal) consist of vegetation more resilient to fire (Simon and Pennington, 2012), the impact of fire on vegetation is greater on forest species (e.g., the Amazon and Atlantic Forest). However, even the Cerrado vegetation, which developed a series of morphophysiological adaptations to fire (Simon and Pennington, 2012), was strongly affected, resulting in a 19% reduction of the NDVI in HIF areas compared to areas that never burned. Also, there was a significant reduction in NDVI in burned areas (Figure 2). This reduction indicates that the vegetation in these locations is not fully recovering after a fire event, i.e., it is not being able to produce leaves and photosynthetic compounds at their maximum potential (Gamon et al., 1995). Lower NDVI might also indicate that some sensitive plants may become scarcer or go extinct as fire regimes intensify (Machida et al., 2021). This calls for research on the impact of fire on biodiversity and associated ecosystem services, such as river and rainfall regulation, soil conservation, carbon stocks, and provision of non-timber and timber products. This is especially important given that fires affect mainly NVR in the Amazon, Cerrado and Pantanal, whose highly biodiverse ecosystems are amongst the most endangered of the world (Reid, 1998; Myers et al., 2000).

Given that climate and LUCC are major determinants of fire impact, our results indicate that wildfires are likely to become more common and intense over the next three decades, with commensurate impacts, especially in the Amazon, Cerrado, and Pantanal biomes. Thus, firefighting will soon become more complex and costly. Current public and private investments in firefighting and prevention in Brazil are at the order of US$3.10 and US$15.89 ha–1yr–1, respectively, which are much smaller than those of the countries of the Global North. Although both investments have proven to pay off (Oliveira A.S. et al., 2021), as climate and deforestation further interact to reduce rainfall (Leite-Filho et al., 2021), much larger investments will be needed. Such an ensued environmental crisis is already unfolding, as indicated by the 2020 wildfires in the Pantanal and in the Amazon (Mega, 2020), the lower rainfall recorded over the agribusiness main production regions (Sena et al., 2012; Jimenez et al., 2018; Leite-Filho et al., 2021), as well as the country’s hydraulic emergency of 2021 (Mano and Samora, 2021). Indeed, the dismantling of environmental public policies tend to further aggravate Brazil’s environmental predicament, reinforcing as a result a vicious cycle of continued deforestation, enhanced and expanded HIF (Aragão et al., 2018), hence more forest degradation and droughts (Nepstad et al., 2008; Soares-Filho et al., 2012), biodiversity loss (Kelly et al., 2020), heath issues (Butt et al., 2020), greenhouse gas emissions, and global climate change (Burton et al., 2021).

While the need for urgent global actions to reduce greenhouse gas emissions remain vital to prevent escalating wildfires, mapping the regional impacts of fire may contribute to design effective policies to tackle this critical environmental issue. In view of the budget cuts in the federal government funding for environmental enforcement and fire mitigation programs, efforts by the private sector and subnational governments that fill this gap will become increasingly pivotal. In this respect, it is worth mentioning two initiatives: the successful fire mitigation program of Aliança da Terra that carries out prevention and firefighting campaigns both on public and private lands (Oliveira A.S., 2021), and the innovative fire-spread risk and monitoring systems of the FIP-Cerrado (Forest Investment Program)5 developed by the Federal University of Minas Gerais and INPE (National Institute for Space Research). Those initiatives demonstrate that the resilience of the Brazilian civil society, together with the prowess of its scientific community, is today the major instrument to counteract the political threats against the country’s rich socioenvironmental heritage (Rajão et al., 2020; Andrade et al., 2021; Caetano, 2021; Vale et al., 2021).
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