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Fires are among the main drivers of forest degradation in Amazonia, causing multiple socioeconomic and environmental damages. Although human-ignited sources account for most of the fire events in Amazonia, extended droughts may magnify their occurrence and propagation. The southwestern Amazonia, a transnational region shared by Brazil, Peru, and Bolivia and known as the MAP region, has been articulating coordinated actions to prevent disasters, including fire, to reduce their negative impacts. Therefore, to understand the fire patterns in the MAP region, we investigated their main drivers and the changes in the suitability of fire occurrence for the years 2005, 2010, 2016, and 2020. We used a maximum entropy (MaxEnt) model approach based on active fire data from satellites, climatic data, and land use and land cover mapping to spatially quantify the suitability of fire occurrence and its drivers. We used the year 2015 to calibrate the models. For climatic data and active fire count, we only considered grid cells with active fire count over the third quartile. All our models had a satisfactory performance, with values of the area under the curve (AUC) above 0.75 and p < 0.05. Additionally, all models showed sensitivity rates higher than 0.8 and false positive rates below 0.25. We estimated that, on average, 38.5% of the study region had suitable conditions for fire occurrence during the study period. Most of the fire-prone areas belong to Acre, representing approximately 74% of the entire MAP region. The percentage of deforested areas, productive lands, forest edges, and high temperatures were the main drivers of fire occurrence in southwestern Amazonia, indicating the high vulnerability of fragmented landscapes extreme climatic conditions to fire occurrence. We observed that the modeling approach based on Maxint is useful for useful for evaluating the implications of climatic and anthropogenic variables on fire distribution. Furthermore, because the model can be easily employed to predict suitable and non-suitable locations for fire occurrence, it can to prevent potential impacts associated with large-scale wildfire in the future at regional levels.
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1. Introduction

Fires are an increasing cause of forest degradation in Amazonia, representing great socioeconomic and environmental damage (Faria et al., 2017). Land use change, such as deforestation for the expansion of agricultural activities and urban development, is a key driver of fire dynamics in tropical forests (Knorr et al., 2016). In addition, climate change, which can exacerbate the incidence of extreme droughts, may provide suitable conditions for magnifying fire occurrence and its propagation (Krawchuk and Moritz, 2011; Moritz et al., 2012).

Over the past 40 years, deforestation has been responsible for increasing forest fires in Amazonia, which can contribute up to 25% of total gross carbon emissions related to land use changes (Aragão et al., 2014). It has been quantified that forest fires, edge effects, and timber extraction degraded over 36 × 104 km2 of Amazonian forests between 2001 and 2018, an area that was 12% greater than the total area deforested in that period. By including extreme droughts, the degraded forest area increases from 5.5 to 38% of the remaining forest (Lapola et al., 2023). Tropical forests are an important carbon sink that assimilate large amounts of carbon through the photosynthesis process, building a stable carbon pool in their biomass (Carvalho et al., 2010). However, fire-affected forests in Amazonia can have, on average, 24.8 ± 6.9% less carbon stocks than undisturbed forests. This is because of the imbalance caused by increased tree mortality induced by fire, which generates carbon emissions that overcome forest carbon sequestration (Anderson et al., 2015; Silva et al., 2018, 2020). Moreover, fires directly impact biodiversity and ecosystem services provided by tropical forests, such as climate regulation (Flannigan et al., 2009). Finally, fires strongly impact the regional economy and the health of the population, contributing to the increased incidence of respiratory diseases (Carmo et al., 2013; Aragão et al., 2016a; Campanharo et al., 2019, 2021; Rocha and Sant'anna, 2022).

The probability of fire occurrence relates to factors that lead to the ignition, propagation, and extinction of fires (Chuvieco et al., 2014). Despite the need for fuel material (e.g., biomass) to generate fire, in high biomass regions, the influence of climate is notorious. For instance, a drier climate and low moisture content in soil and vegetation provide suitable conditions for the burning and spreading of fire over large areas of forest (Moritz et al., 2005; Krawchuk and Moritz, 2011). Thus, directional changes in climate (e.g., warmer and drier) act as driving forces to increase the probability of a fire occurring in different areas of the planet (Krawchuk et al., 2009; Moritz et al., 2012; Faria et al., 2017). Several studies have shown that extreme climate events have occurred in Amazonia, including the droughts of 2005, 2010, and 2015/2016. These droughts were strongly influenced by the anomalous warming of the Atlantic and Pacific oceans. In 2005, the positive mode of the Atlantic multidecadal oscillation (AMO) was a key determinant of the drought. In 2010 and 2015/16, the droughts were related to the occurrence of an El Niño, measured by the Multivariate ENSOUL Index (MED) combined with a positive AMS (Marengo et al., 2008; Zeng et al., 2008; Lewis et al., 2011; Aragão et al., 2018). During these extreme droughts, the number of recorded fires was higher than that in regular years, affecting large areas in Amazona (Brown et al., 2006; Lewis et al., 2011; Aragão et al., 2018; Silva et al., 2018). These events highlight the potential of climate to maximize the threat of fire on forest dynamics and the well-being of the population (Silva et al., 2018). Therefore, the increase in fires already evidenced during drought years and the probability of a drier future climate may put the efficacy of forest conservation and restoration programs planned in international agreements and policy initiatives for the coming years at risk, such as Reducing Emissions from Deforestation and forest Degradation (REDD+) and Sendai Framework for Disaster Risk Reduction 2015–2030 (UNDRR, 2015).

There are large uncertainties yet to be understood about how land use and land cover changes combined with long-term climate change affect fire dynamics in different political contexts, especially when fires are related to transboundary negative impacts that pose more challenges for Amazonia's fire governance and management (Pismel et al., 2023). This is particularly true for southwestern Amazonia, a region known as MAP, spanning from Madre de Dios (Peru), Acre (Brazil), and Pando (Bolivia). During regular climatic years, fire-related economic losses in Acre reached approximately 0.51% of Acre's GDP and can be as high as 7% during anomalous drought years (Campanharo et al., 2019). In 2005, the extreme dry season that affected the western Amazonian region maximized the effect of human-ignited fire over more than 300,000 hectares of standing forests. Nevertheless, it is worth noting that the effect was notably greater in the Brazilian portion, which experienced over US$50 million of direct economic losses and had more than 250,000 hectares of old-growth forests affected by fire (Brown et al., 2006). In subsequent years, the MAP region was exposed to increased deforestation rates and the emergence of a considerable increase in the burned area, particularly during the prolonged droughts of 2015/2016 (Silveira et al., 2022). Lastly, during the dry season of 2019 and 2020, an extensive fire crisis occurred, related to the sustained increase of deforestation rates, but no clear evidence of extreme droughts similar to those in 2010 and 2015/2016 were reported across Amazonia (Silveira et al., 2020). Despite a range of information on fire impact in the MAP region, further investigation is required for quantifying fire conditioning factors in the MAP region to support fire management.

Fire prediction in Amazonia based on the maximum entropy method has already been performed in different contexts by Fonseca et al. (2016, 2019); however, understanding the complex effect of landscape fragmentation combined with climatic drivers, such as water deficit, is still lacking. In a transnational context, present at the MAP region, modeling fire dynamics becomes even more challenging because, despite the environmental similarities, clear distinct political and socioeconomic vulnerabilities exist and are likely to affect fire patterns. Promoting the prediction of fire behavior and coping with the complexity of the MAP region, becomes, hence, an important governance strategy since the damage to natural and human systems is not limited to administrative and political boundaries. Moreover, transnational efforts from institutions in Brazil, Bolivia, and Peru are underway, aiming to coordinate and implement actions to prevent and mitigate fire damages (Pismel et al., 2023). Understanding the contribution of land use and extreme climate events and the effect these factors have on the risk of fire occurrence are, therefore, critical for socioeconomic and environmental planning in the MAP region.

In this study, our main goal was to investigate spatially-explicit changes in fire suitability across the MAP region for 4 years with different intensities and extent of the dry season during this century, including the years 2005, 2010, 2016, and 2020. To achieve our main goal, we aimed to predict the spatial distribution of the suitability of fire occurrence across the MAP region to answer two specific questions: (i) What is the contribution of the environmental and human forces driving the spatial distribution of fire suitability? and (ii) Has the threat of fire increased in recent years?



2. Materials and methods


2.1. Study area

The study area encompasses the transnational frontier between Madre de Dios (Peru), Acre (Brazil) and Pando (Bolivia), known as the MAP region (Figure 1). Located in the southwest flank of the Amazonia, the region is composed of approximately 91% of primary forests and hosts substantial natural resources. This region is one of the most biodiverse ecosystems in the world (Myers et al., 2000). It is represented by tropical rainforest formations composed of dense and open tropical rainforests with flooded and non-flooded areas. Additionally, the region hosts at least 30 different ethnicities of indigenous people (Mendoza et al., 2007).
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FIGURE 1
 Geographic location of the study area.


Fire occurrence has a marked intra-annual seasonality in the region. During normal meteorological years, the fire season occurs from July to September when rainfall is below 100 mm per month. However, during extreme dry years, fires can start in June and prolong until October (Aragão et al., 2008; Carvalho et al., 2021). Along with dry conditions, anomalously high temperatures above the long-term mean during the fire season maximize the risk of major fires (Anderson et al., 2018; Silva Junior et al., 2019).

Because the area is a cross-border region straddling the three countries, it is under the influence of different socioeconomic contexts and political interests. This characteristic makes the MAP region strategic for studies that focus on forest conservation and environmental change mitigation programs with transboundary implications, contemplating fire risk and assessment of its impacts. The MAP region economy is based on the extraction of wood, nuts, and livestock, mainly in the states/departments of Pando and Madre de Dios; therefore, the lack of alignment of country-specific public policies, combined with distinct political interests in this transnational region, may directly impact these activities, magnifying the advancement of deforestation and forest fire degradation (Souza et al., 2006; Marsik et al., 2011; Perz et al., 2012; Michaelsen et al., 2013). For instance, the annual total deforested area in the states/departments of Acre and Madre de Dios increased by 137 and 103%, respectively, in 2020 compared to 2012 (INPE-National Institute for Space Research, 2022a; RAISG-Amazon Network of Georeferenced Socio-Environmental Information, 2022). In the department of Pando, the annual increment of deforestation rate in 2020 was the same as that in 2012, representing more than 45,000 km2 of the newly deforested areas in 2020 alone (RAISG-Amazon Network of Georeferenced Socio-Environmental Information, 2022).



2.2. Data preparation

We used different types of input data to represent fire events and their driving forces, including active fire data, land use and land cover (LULC), and climate data. All input data are listed and described in Table 1.


TABLE 1 Input data.
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We used daily active fire data from September 2015 to indicate the presence of fire activity for each grid cell in the region. For this study, we combined active fire data detected by all available satellite sensors from the Center for Weather Forecast and Climate Studies—CPTEC of the Brazilian National Institute for Space Research—INPE (available at http://www.inpe.br/queimadas) to obtain the most complete coverage of active fires since cloud cover is high in the region, and it may contribute considerably to fire occurrence underestimation. The satellites used in this study passed over the study area at different times of the day, and they had different revisit periods over the same area (Anderson et al., 2017), which improved the information on the persistence of the fire event in the landscape through time. In this sense, the use of several sensors with different revisit periods and spatial resolution guarantees a better characterization of fire events spatially and over time without introducing bias.

From LULC and climatic data, we calculated 10 different metrics to represent direct or indirect predictor variables of fire (Figure 2). These predictor variables were selected according to criteria described in the Section 2.3, and they were used to provide a wide range of indicators of suitable conditions for fire occurrence. The details are presented below.
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FIGURE 2
 Spatial distribution of land use and climate predictor variables. “Productive Land”: percentage of productive areas, “Core”: core area, “Deforestation”: annual percentage of deforested area, “Edge”: forest edge area, “MCWD (Sep)”: MCWD index for the month of September, “Dry Days (Sep)”: number of consecutive days with precipitation below 1 mm of September, “Prec. (JJA)”: total precipitation of June, July, and August, “Tmax (Sep)”: maximum temperature of September, “Tmed (JJA)”: average temperature of June, July, and August, “VPD (Sep)”: vapor pressure deficit of September.


The LULC data were used as a measure of human-induced drivers, and they were collected from MapBiomas Amazonia Project Collection 3.0 (available at https://amazonia.mapbiomas.org/). As LULC-related variables, we included (i) the annual percentage of deforestation, calculated by considering the yearly transition areas of forest or flooded forest to farming, urban infrastructure, other non-vegetated areas, mining, or grassland; (ii) the annual percentage of agricultural land, calculated by considering all productive LULC classes such as farming and a mosaic of agriculture and pasture, grassland, and mining; (iii) the annual percentage of the forested core area; and (iv) the annual percentage of forest edges, bothcalculated by using the Morphological Spatial Pattern Analysis (MSPA) tool implemented in the open-access software GUIDOS toolbox from the European Commission's Joint Research Center (Soille and Vogt, 2009). In this study, we considered the innermost area of a forest fragment as the core area, and the forest edges perimeter was defined as 300 m (Laurance et al., 2018).

Climatic-related metrics were used as a measure of water and temperature stress in forests. In this study, we included (v) the total precipitation of June, July, and August; (vi) the mean temperature of June, July, and August; (vii) the maximum temperature of September (peak of fire season), obtained from the European Center for Medium-Range Weather Forecasts—Copernicus Climate Change Service—ECMWF (available at https://cds.climate.copernicus.eu/); (viii) the number of days with precipitation of <1 mm, obtained from the Brazilian Center for Early Warning and Monitoring for Natural Disasters—CAMDEN (Rozante et al., 2010); (ix) the maximum cumulative water deficit (MAC) of September; and (x) the vapor pressure deficit (VPD) of September.

Variables that represent a period of extended droughts such as total precipitation of June, July, and August, the mean temperature of June, July, and August, and the number of days with precipitation of <1 mm are expected to better represent the condition of the vegetation in a water stress state, which can cause tree mortality (Phillips et al., 2009) and favors the propagation of fire due to the accumulation of dry fuel material (Silvério et al., 2022). Silva Junior et al. (2019) have demonstrated that extended drought periods cause an increase in fire occurrences. Also, Anderson et al. (2018) have shown that the vulnerability of forests to drought has increased.

The climate ECMWF products used in this study were obtained from ERA5 atmospheric reanalysis data of the global climate. Reanalysis combines data from climate models with observations from multiple satellite data sources around the globe to estimate a continuous and consistent grid of the surface temperature to a height of 2 m and monthly total precipitation (Hersbach et al., 2021). These products are available from 1979 onwards with a spatial resolution of 0.25°. Generally, using reanalysis data allows us to overcome the temporal and spatial non-representativeness of conventional meteorological stations or lack of data due to high cloud cover when only satellite data are used for tropical forest regions. In addition, temperature and precipitation data derived from ECMWF products have good agreement with local meteorological stations for the Amazonia region, diverging on average by approximately 68 mm and 1.1°C, respectively (Gatti et al., 2021).

The MCWD metric was calculated by following the method adopted by Aragão et al. (2007), which relates the amount of evapotranspiration and total precipitation to generate an indicator of water deficit in the vegetation. Here, we used the total monthly precipitation and assumed 100 mm as the monthly average evapotranspiration for Amazonian forests (Von Randow et al., 2004; Maeda et al., 2017; Silva Júnior et al., 2017). Also, we used VPD as an indicator of atmospheric humidity since it relates indirectly to the amount of water vapor in the environment given the temperature (Murray, 1967). To calculate VPD, we used daily air temperature and dew point data collected from the Copernicus Climate Change Service—ECMWF. Both MCWD and VPD have previously shown great influence on Amazonian conditions for fire occurrence (Silvestrini et al., 2011; Ribeiro et al., 2022; Silveira et al., 2022).



2.3. Data analysis and model calibration

To calibrate the fire suitability model, we chose September as the reference period of fire occurrence because it is the peak of the fire season in southwestern Amazonia, extending from July to October (Carvalho et al., 2021), and more than 50% of yearly fire occurrence takes place then (Supplementary Figure 1). The third quartile of the distribution of active fire counting per 0.25° grid cell was used as a threshold to indicate the presence of samples for fire occurrence across the region. The year 2015 was chosen for the model calibration based on previous analysis of precipitation and temperature anomalies carried out from 2003 to 2020 (Supplementary Figure 2). In September 2015, both precipitation and temperature anomalies were severe across all three regions (Madre de Dios, Acre, and Pando), unlike other analyzed years when such events were not concomitantly severe or occurred with greater intensity in just one of the regions. Thus, September 2015 better represented the greatest range of values across the entire MAP region to allow a more comprehensive characterization of the amplitude of conditions that could lead to fires in each of the regions.

Initially, we resampled all data to a 0.25° spatial resolution using a regular grid. For each grid cell, we calculated the mean value of the climatic variables and the proportion of area covered by each of the LULC categories. Next, we calculated Pearson's correlation coefficient to test the statistical strength of the linear association between the variables by combining two different approaches. First, the coefficients between all predictor variables and fires were calculated to select the most correlated. For this, we used a threshold higher than 0.8 from Pearson's linear coefficient (Parisien and Moritz, 2009). Then, by analysing only the independent variables, new coefficients were calculated to select the predictor variables to verify whether these variables were associated with each other. All variables that presented coefficients lesser than 0.8 were marked as lacking correlation between the variables and thus removed. The variables that were finally considered in this analysis are presented in Table 1.

To model the spatial fire suitability distribution, we used MaxEnt software version 3.4.1. The algorithm has been commonly used for species distribution and habitat modeling, and it is based on the probabilistic inference method to estimate the maximum entropy distribution from incomplete datasets (Phillips et al., 2006, 2017). The method has been successfully applied to estimate the occurrence of fires in the landscape (Parisien and Moritz, 2009; Fonseca et al., 2016) and the aboveground biomass distribution (Saatchi et al., 2011; Ferreira et al., 2023).

The calibrated models were produced by using 70% of the sample subset, and the bootstrap resampling technique with 100 replicates and 1,000 iterations, generating an average estimate of the probability values between 0 and 1. Subsequently, the calibrated model was projected to the four different drought years, 2005, 2010, 2016, and 2020, considering the human and environmental conditions, to generate one continuous surface of spatially explicit fire suitability distribution for each year. We chose these years because they presented the greatest extent of rainfall anomalies in Amazonia, according to Silveira et al. (2022), in the last two decades. Model validation was performed using the remaining 30% of the samples not used to calibrate the model.

Finally, the results were evaluated according to the area under the curve (AUC) adjustment index, which reflects the model's performance in correctly classifying an area compared to a random classification from background points (Phillips et al., 2006). In this study, models with an AUC >0.7 were considered to have a satisfactory performance (Phillips et al., 2006; Elith et al., 2011). Furthermore, we performed a visual assessment of active fire occurrence across-grid to compare the real events of fire and the potential areas for fire occurrence.




3. Results

In September of the years 2005, 2010, 2016, and 2020, a total of approximately 75,400 active fires were detected, of which 37.5% were detected in 2005 alone. Moreover, in September 2020, the monthly active fire counting was the highest since 2010, considering the studied period and highlighting that 2005, 2010, and 2016 were major drought years in Amazonia. On average, Acre alone had witnessed almost three-quarters (73.9%) of active fire detected throughout the years in the MAP region, followed by Pando with 15.5% and Madre de Dios with 10.7%. In 2020, although Acre still held the record for the highest number of active fires (72%), the configuration changed for Madre de Dios and Pando, representing 15 and 13% of total active fires, respectively.

The results showed that, between 148 to 163 grid cells, representing ca. 31 ± 1.17% of the MAP region, had 25 or more fire counts, defined based on the third quartile used for calibrating the model. The patterns found followed the historical geography of fire occurrence in this region (Perz et al., 2012; Baraloto et al., 2015). Fires were concentrated in the most anthropized regions, in the northwest, extending along the northern borders, reaching the northeast flank and central east portions of the study area. This pattern is clear by analysing the third quartile distribution map for fire occurrence and its corresponding model of fire-prone grid cells (Figure 3).
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FIGURE 3
 Distribution of grid cells for the month of September with 25 or more hot pixels (A–D), “n” represents the grid-cell count) for 2005, 2010, 2016, and 2020, and their corresponding model of risk of fire occurrence (E–H). The boxplot (I) shows the distribution of probability for fire occurrence in grid cells with and without the presence of 25 or more hot pixels, where the horizontal lines that split the box in two are the median value of each distribution, the lower and upper horizontal lines of the box are the 25th percentile and 75th percentile, and the vertical lines are the minimum and maximum range of the distribution. The probability values ranged from 0 to 1, with 1 representing the most fire-prone area and 0 the least fire-prone area.


The projected suitability areas for fire occurrence (Figures 3E–H) showed a satisfactory model performance (AUC > 0.7 and p <0.05) for all maximum entropy-calibrated models in the MAP region. The mean value of the AUC test and its standard deviation was 0.78 ± 0.02. All projected models showed consistency with the distribution of fire count in each studied year, except for 2020 when it predicted fires in a larger area compared to other years (Figure 3I). For all years, grid cells containing 25 or more fire counts consistently had median suitability values above 0.50, while grid cells with <25 fire counts had median suitability values below 0.10 (Figures 3A–D). This pattern clearly shows the separation between high-risk areas, associated with fire incidence larger than 25 fire counts, and the low-risk areas, associated with <25 fire counts, or no fire identified in that specific month. The analysis of the boxplot (Figure 3I) also showed the largest variation of suitability values in grid cells with <25 fire counts for the 2020 model. Fire-prone areas detected by the 2020 model had a lower number of fires than expected. This indicates that, for this specific year, another variable not considered by the model forced the reduction of fire, even with a suitable condition for its occurrence. Additionally, we noticed a significant increase in the suitability values over time in cells with fire presence (r2 = 0.9 and p < 0.05), with a median value of 0.54 in 2005 and 0.88 in 2020 (Figure 3I).

Generally, the predicted areas with a higher risk of fire were found next to the main highways of Madre de Dios (Interoceanic Highway/Iñapari-Mazuko), Acre (BR-364/Rio Branco-Cruzeiro do Sul and BR-317/Assis Brasil-Boca do Acre), and Pando (RN-13/Porvenir-Puerto Rico, RN-16/Porvenir-Chivé, and RN-18/Zofra-Nareuda). Conversely, the lower-risk areas were found in the least fragmented areas of each state or department, as expected (Figure 1).

The relative importance of each predictive variable is shown in Figure 4. The results indicated a contrasting variability between the human and climatic variables' importance. The percentage area within the grid cell of deforestation, productive land, and forest edge were the variables with the highest gain; therefore, they contained the most useful information to explain the fire occurrence in the MAP region compared to the other variables used to generate all four models. On average, all human-influenced predictive variables (productive land, core area, deforestation, and edge) showed higher relative importance to the models when compared to the climatic variables. Among the climatic variables, the mean temperature of June, July, and August and the maximum temperature of September explain the most fire occurrence in the studied region. Contrary to expectations, the MCWD presented the smallest AUC value (0.52); hence, this variable contributes the least to the predictive models.
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FIGURE 4
 Relative importance based on the AUC test of each predictive variable for the fire probability models in 2005, 2010, 2016, and 2020. “Productive Land”: percentage of productive areas, “Core”: core area, “Deforestation”: annual percentage of deforested area, “Edge”: forest edge area, “MCWD (Sep)”: MCWD index for the month of September, “Dry Days (Sep)”: number of consecutive days with precipitation below 1 mm of September, “Prec. (JJA)”: total precipitation of June, July, and August, “Tmax (Sep)”: maximum temperature of September, “Tmed (JJA)”: average temperature of June, July, and August, “VPD (Sep)”: vapor pressure deficit of September.


The threshold analysis showed that the false positive rate (FPR) decreases as the threshold increases (Figure 5). Also, the sensitivity of the model decreases as the threshold increases. The chosen thresholds to maximize the sensitivity and maintain the low false positive rate were 0.45 ± 0.08 (Supplementary Figure 3). Based on this configuration, all models showed sensitivity higher than 0.8 and FPR lower than 0.25.
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FIGURE 5
 Threshold analysis of maximum entropy models for fire occurrence in 2005, 2010, 2016, and 2020.


The proposed maximum entropy models showed areas with great human and climatic suitability for the occurrence of fire, although there may be no record of active fires in some of these locations (Figure 3). One possible explanation is the absence of drivers leading to fire ignition. Figure 6A shows the contrasting percentage of areas with real fire occurrence and areas with fire-prone conditions. For example, even though fire occurrence was detected in 31.2% of the studied area on average, the region showed environmental and human suitability for fire occurrence in approximately 38.5% of its territory for all years on average. From that area, the Acre region alone contributed to ca. 75% of fire-prone areas found all over the MAP region, followed by Pando with ca. 19%, and Madre de Dios with 6.5%. In 2005 and 2010, our respective models estimated ca. 33% of fire-prone areas, a similar percentage for real occurrence (33.1 and 31.5% respectively). Additionally, we noticed that the total fire-prone area increased from 36.9% in 2016 to 51.5% in 2020 across the studied region. In fact, Madre de Dios and Pando presented the largest fire-prone area in 2020 compared to the other modeled years (6.7 and 9.9% respectively). Additionally, Figure 6B shows the percentage of grid cells with fire suitability >0 that overlap with actual fires. On average, our models estimated fire suitability in 96 ± 3% of actual fires in Acre, 73 ± 14% in Madre de Dios, and 75 ± 20% in Pando.
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FIGURE 6
 Comparison between models and actual fires. (A) Percentage of fire-prone areas and fire records in the MAP region. (B) Percentage of grid cells with fire risk that overlaps actual fires.


In this study, we noted that the risk of fire is directly related to the intensity of human activity (Figure 4) even though climatic variables also play an important role in occurrence by accentuating the effects of human actions. Accordingly, Figure 7 shows the response curves of fire conditions for each of the predictor variables related to the calibrated models for 2015. Therefore, fire-prone areas are expected to increase as the agricultural activity, the percentage of deforested area, and the percentage of forest edge increases and the core area decreases. Nevertheless, the increase in temperature, vapor pressure deficit, and maximum accumulated water deficit could maximize suitable conditions for fire occurrence over the entire studied area. In addition, Figure 7 shows that the risk of fire is expected to decrease as the total precipitation of June, July, and August tends to increase.
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FIGURE 7
 Response curve of each predictor variable.


In Figure 8, we provide an annual overview of each variable used as predictors in our study for the three states of the MAP region. The time-series information along with the relative importance of each predictor variable (Figure 4) helps us to understand how all drivers influence the fire occurrence patterns through time and space throughout the period. From Figure 4 we can derive that deforestation, productive land, and forest edge have the highest relative importance to the models; therefore, an increase in these events would result in higher chances of fire occurrence. In fact, we reported an increase in the percentage of deforestation and forest edges for Acre in the last few years, a closely related magnitude for Madre de Dios, and a decrease for Pando. A similar increase-decrease pattern related to the percentage of productive land was reported for all three states. The year 2020 presented the driest September among all years regarding MCWD even though the total precipitation for June, July, and August did not differ greatly from other years. Moreover, 2020 presented the highest values for maximum temperature in September and the vapor pressure deficit for all three states was as high as the other years.
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FIGURE 8
 Distribution of human and climatic drivers for fire occurrence in the MAP region for 2005, 2010, 2015, 2016, and 2020. The colored points represent the median value of each MAP region distribution, and the vertical lines are the minimum and maximum range of the distribution.




4. Discussion


4.1. Fire drivers and impacts

In this study, we have investigated the changes in suitability for fire occurrence in southwestern Amazonia for the years 2005, 2010, 2016, and 2020 by proposing a maximum entropy model based on 2015 data. The method has demonstrated a good performance in the studied region by presenting mean AUC values of >0.7 and p-values of <0.05 for all models. Similar results have been documented by other authors (Devisscher et al., 2016; Kim et al., 2019). Based on the visual assessment of the active fire occurrence, we found additional evidence that our models were able to simulate the spatial patterns distribution of fire-prone areas in most of the years, which were concentrated near human settlements and along the major roads (Baraloto et al., 2015; Nascimento et al., 2021). Additionally, our results for the threshold analysis agree with the findings of Fonseca et al. (2016, 2017) for the Brazilian Amazonia, although we have used a different set of metrics.

Our models have advanced our understanding of how the synergy of human and climatic driving factors can affect fire dynamics in Amazonia, supporting decision-makers in the development of new strategies for the management of fire risk, including the use of model results to put in place preventive measures for tropical forest protection. Unlike other studies based on the maxent method to investigate fire dynamics in Amazonia (Fonseca et al., 2016, 2019), our study considered forest fragmentation metrics such as forest edges and core area as fire predictor variables. Forest edges are intimately related to patterns of fire occurrence in tropical forests since fires tend to occur more frequently next to edges due to proximity to human occupancy and microclimate stress such as desiccation (Armenteras et al., 2013, 2017; Silva-Junior et al., 2022). On the other hand, core areas act as an indicator of vulnerability to fire because they are sensitive regions to environmental disturbances and therefore need to be preserved (Vedovato et al., 2016).

We found that anthropic drivers such as deforestation, productive land, and percentage of forest edge contribute the most to explaining the fire distribution in the MAP region. Similarly, recent deforestation and proximity to human settlements were pointed as variables increasing fire occurrence in the Bolivian region by Devisscher et al. (2016). Furthermore, our results are in accordance with several other studies that have modeled fire risk dynamics for Amazonia positively associated with human activities (Andela et al., 2017; Silveira et al., 2020; Silva-Junior et al., 2022).

Even though climatic drivers have not been pointed out as the main drivers by our models, climate is an important factor to understand fire distribution in Amazonia (Le Page et al., 2017), and it may explain up to one-quarter of fire distribution modeling in the Brazilian portion of Amazonia (Oliveira et al., 2022). The study region has important interannual climate differences and effects from the major droughts were localized (da Silva et al., 2018); therefore, generalized emphazise analyses on the effect of climate on fire occurrence can mask the real importance of such drivers. Accordingly, our models showed a great contribution of mean and maximum temperature among the climatic variables, where, in 2020, the average maximum temperature for September was two to four degrees higher than in other years, showing worrying signs for the future. Amazonia is sensitive to high temperatures and reduced precipitation levels, and recurrent extreme droughts events negatively impact forest resilience by decreasing and changing the photosynthetic capacity, increasing tree mortality, and reducing tree growth rates (Anderson et al., 2018; Panisset et al., 2018). At this point, the exposure to extreme dry events is expected to aggravate considerably the risk of fire spread due to the amount of dry woody material. Silva Junior et al. (2019) demonstrated that the 2010 and 2015/2016 droughts caused an anomalous increase in fire occurrence, emitting together 0.47 Pg CO2.

Even though climatic conditions can increase forest flammability (Anderson et al., 2015, 2022; Silva Junior et al., 2019), we demonstrated that fire distribution and the increase of suitability for fire occurrence in Amazonia are mostly related to the increase of human presence such as the intensification of land use changes. With that in mind, it is important to note that deforestation rates have been increasing in the MAP region for the past 10 years (INPE-National Institute for Space Research, 2022a; RAISG-Amazon Network of Georeferenced Socio-Environmental Information, 2022), raising concerns for future trends of increased fire.

In Amazonia, deforestation of either primary or secondary forests is often associated with the clearing of new areas for agricultural and cattle ranching expansion (Aragão et al., 2016b; Heinrich et al., 2021). Along with these activities, the use of fire is a common practice adopted in the Amazonia region for preparing (renovation or clearing) the land for crop plantation or pasture management (Morton et al., 2008; Pivello, 2011; Silveira et al., 2022). In some countries such as Brazil, fire usage goes against national regulations, except for subsistence purposes, which intensifies the risk of accidental and uncontrolled fires escaping into the forest. In the case of Bolivia, since 2013, eight national laws enabled the expansion of the agricultural and livestock production frontier. Among these, Law 1171 has enabled the use of fire to clear land for agriculture and livestock purposes with fire use permits lasting up to 3 and 5 years (Villalobos, 2020). Effects can be more extreme in highly fragmented and degraded landscapes where the vegetation is exposed to extensive edge effects, leading to decreased core areas and increased tree mortality rates (Laurance et al., 2018; Silva-Junior et al., 2022). As a result, the great amount of fuel (dry biomass) at edges becomes available and exposed to drier climatic conditions such as relatively low humidity and high temperatures, providing fitting conditions for fire to spread. From 2016 to 2019 more than 550,000 ha were burned in already deforested areas in Acre, with 33% occurring in 2019 (da Silva et al., 2021).

Fires have a devastating effect on non-adapted tropical ecosystems such as Amazonian forests, putting the integrity of the ecosystem services provided (e.g., carbon cycling, soil quality, and biodiversity loss) at risk. For instance, tree mortality or physiological stress caused by the reduction of photosynthetic activity are just some of the consequences of recurrent fires on vegetation (Phillips et al., 2015; Hood et al., 2018; Oliveira et al., 2022). Additionally, frequent recurrence of fires directly affects the resilience of the ecosystem, increasing vulnerabilities to new fires as they are likely to burn again due to lower humidity on the accumulated fuel load (Pellegrini et al., 2018). According to da Silva et al. (2021), at least 40% of the total area affected by fires in Acre burned more than once between 2016 and 2019.

In addition to environmental damage, large fires cause great economic losses by compromising public health (Ahrens and Evarts, 2020; Campanharo et al., 2021), contaminating water resources, damaging infrastructure (Diaz, 2012), and decreasing inputs and outputs of commodities (De Mendonça et al., 2004). Our results emphazise that, with the expansion of productive lands and increased deforestation, the population within the MAP region will be exposed to higher fire risk areas, hence worsening air quality and its consequences. Moreover, the economic losses may slow down or even rewind investments in fire prevention and mitigation, which are crucial in our current climate change scenario.



4.2. The increasing threat of fire

We found the greatest disparity between the models and the observed fires for 2020 by predicting larger areas with suitable conditions for fire occurrence. This indicates that even though there were conditions for fires to occur, other factors not addressed in this study (e.g., ignition sources or physical barriers), may have prevented some of them from occurring or taking up larger proportions. There are many challenges in modeling fire dynamics systems, such as embodying all the physical and chemical processes necessary for perfect model performance. Thus, some estimates are expected to fall short occasionally, and uncertainties will exist. Still, the model was assertive in estimating more fires in 2020 compared to the last decade. In fact, the year 2020 presented the greatest number of active fires in the region since 2010, surpassing the fire amount detected during the 2015/2016 drought (INPE-National Institute for Space Research, 2022b).

At the state and/or department level, Acre registered the largest number of fires and fire-prone areas followed by Pando and then Madre de Dios in 2020. One possible explanation for the model's overestimation might be related to the combined set of contrasting conditions found across the MAP region in 2020, such as the increasing rates of deforestation, a high percentage of agricultural activities, high temperatures, and low water deficit indices. In addition, the alarming scenario for 2020 was maximized by the regulations that stimulate the use of fire to expand the agricultural frontier such as in the case of Pando.

All three MAP regions presented spatially higher risk of fires in 2020. Nonetheless, the suitability of fire occurrence in Madre de Dios in 2020 was the highest among the studied years and most different from the actually registered fires. In this case, it is likely assigned to deforestation rates, which leads to more fragmented areas, hence creating ideal conditions for fires, as already discussed. Since the construction and paving of the Interoceanic Highway in 2010, illegal human activities such as deforestation and gold mining have been increasing in the region (Anzualdo et al., 2022). Although the primary goal of the paving of the Interoceanic Highway was to incorporate the MAP region into the global economy, it also has enabled the exploitation of primary forests by providing access to previously isolated areas and increasing deforestation (Baraloto et al., 2015). Because the majority of the Madre de Dios territory is composed of forest, this scenario raises a worrying concern for the risk of future uncontrolled fires escaping into adjacent forested areas in the region, thus jeopardizing the integrity of the ecosystem.

In general, the alarming rates of increasing deforestation in southwestern Amazonia in recent years might be related to the history of political and socio-economic instability in Brazil, Bolivia, and Peru. For the last few years, these countries have experienced poor or weakened environmental governance, leading to non-compliance with regulatory measures, thus aggravating the widespread fire risk factors. Associated with deforestation, fire in pasture represents another important aspect to be considered as an increasing threat because beef production and the converted pasture area in Amazonia have increased sharply by 184 and 235%, respectively (França et al., 2021). In the state of Acre alone, approximately 55–65% of fires occurred in consolidated pasture areas between 2016 and 2019 (da Silva et al., 2021).

The future of the MAP region may be at risk in the face of increasing human pressures and ongoing climate change. Fu et al. (2013) warned of the increased probability of more prolonged drought events in the southwest region of Amazonia, where the MAP region is located. It is possibly already experiencing changes in the regional climate. However, if global warming above 1.5°C materializes, the effects on the fire regime could be catastrophic, with serious regional and global implications (Mckay et al., 2022).

Although our model overestimated the fire risk throughout the studied region in 2020, the outcomes should not be taken with less credit. In fact, our estimates for 2020 are a warning to the authorities about the potential fire hazard of the landscape, and domestic policies based on international commitments must be put in place and effectively implemented, especially in Brazil. The strengthening of environmental policies to combat deforestation and firefighting is necessary so that the increased risk of fires evidenced in this study will not be aggravated in the future.



4.3. Policy implications for fire threat

Specifically in Brazil and Bolivia, aggressive economic policies have been adopted, not to mention the increased number of statements made by some authorities to discredit the role of environmental agencies in complying with environmental regulations. This type of economic approach, when implemented without sustainable planning, maximizes the existent environmental threats by reducing the restrictions of environmental regulations and turning a blind eye to illegal exploitation and deforestation increasing rates (Abessa et al., 2019; Londoño and Casado, 2019; Villalobos, 2020).

It is known that fires directly impact the economy of the region, yet almost no effort is taken to enhance the budget available by the federal governments for the control and management of fire in the Brazilian Legal Amazonia, which represents on average only 1% of the entire budget intended for the Brazilian Ministry of the Environment (Morello et al., 2020). On the contrary, the Brazilian environment ministry budget has been constantly reduced since 2019. In addition to a 10% reduction in the budget for environmental inspection and firefighting programs compared to 2019, which accounted for more than BRL 20 million reduction, 2020 gathered the lowest number of environmental fines since 2012, when the Brazilian environmental regulation for the protection and conservation of natural terrestrial ecosystems was updated (Menegassi, 2021). As a result of the environmental regulation dismantling over the past few years, deforestation and forest degradation in private and public lands have been rapidly increasing (Mataveli et al., 2021). It is important to highlight that the increase in deforestation in the state of Acre accounted for 10.5K km2 in 2020 alone, a 40% increase compared to 2016 (INPE-National Institute for Space Research, 2022a).

Similarly, Bolivia and Peru have experienced the weakening of environmental governance as well as Brazil by tax pardoning and reducing financial resources (Bolivia, 2013, 2019; Perú, 2020). The major consequences of political issues take place at national and regional levels, deflagrating institutional vulnerabilities. According to Pismel et al. (2023), the MAP region has different levels of governance vulnerabilities, however, most of them are concentrated in limited inspections influenced by the deregulation of public policies and environmental legislation and reduced technical staff. Another politically related aspect pointed out by the authors was regarding constant staff turnover, which could jeopardize the investments and communication between stakeholders, scientific institutions, and public organizations.

Nevertheless, predatory development policy and lack of governance may be considered important drivers of forest degradation in the MAP region, mainly in recent years. In the case of Pando, the increase in wildfires and deforestation have a strong impact on non-timber species such as Brazil nuts (Bertholletia excelsa), a species that has contributed positively to the local economy for centuries. Almost all of Brazil nut production comes from Pando and contributes to approximately 2% of the non-traditional export products of Bolivia. Additionally, the increase in extreme climatic events (e.g., droughts, and flooding), fire, and hurricane-force winds are threats to Pando forests (Quiroz-Claros et al., 2017). Noteably, Bolivia has very low fines to penalize burning (0.20 US$ per ha), which are insufficient to discourage forest burning (Cauthin, 2022).

The lack of effectiveness with which environmental issues have been conducted in these three countries, given the weakening of environmental policies, builds a concerning high-risk scenario for wildfires in the future. Therefore, the establishment of new fire risk management strategies should be based on science rather than political interests.




5. Final consideration

Our study provided important insights about fire drivers on a human-modified landscape during years with different drought intensities and extents. For instance, our results have confirmed that anthropic activities are directly related to fire dynamics in Amazonia and can increase fire occurrence even in non-extreme drought years. Even though climate is an important variable to explain and magnify fire distribution, our models demonstrated that increasing deforestation and agricultural activities also increase the risk of fire in the MAP region. Therefore, controlling human activities is currently necessary to avoid future scenarios of forest degradation and the worsening of socioeconomic problems driven by extreme fire events in the MAP region.

We showed that the modeling approach based on maximum entropy has the potential to be a useful tool for evaluating the implications of climatic and anthropogenic variables on fire distribution. Furthermore, because the model can be easily employed to predict vulnerable and resilient locations for fire occurrence, it can help anticipatory planning to prevent potential impacts associated with large wildfires in the future at regional levels.

Finally, it is important to highlight that our models have limitations like many others because they do not fully represent the complexity of forces that fire events are driven by, which turns it into a very challenging task. Thus, to improve fire risk assessments and reduce the modeling uncertainties, we strongly suggest that future studies integrate political aspects as part of their set of predictive variables. Different political interests may influence socio-economic activities, resulting in different patterns of deforestation and agricultural productivity, leading to different patterns of fire distribution.
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