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Abstract: Tropical forests provide essential environmental services to human well-being. In the
world, Brazil has the largest continuous area of these forests. However, in the state of Maranhão, in
the eastern Amazon, only 24% of the original forest cover remains. We integrated and analyzed active
fires, burned area, land use and land cover, rainfall, and surface temperature datasets to understand
forest fragmentation and forest fire dynamics from a remote sensing approach. We found that forest
cover in the Maranhão Amazon region had a net reduction of 31,302 km2 between 1985 and 2017,
with 63% of losses occurring in forest core areas. Forest edges extent was reduced by 38%, while
the size of isolated forest patches increased by 239%. Forest fires impacted, on average, around
1031 ± 695 km2 year−1 of forest edges between 2003 and 2017, the equivalent of 60% of the total
burned forest in this period. Our results demonstrated that forest fragmentation is an important
factor controlling temporal and spatial variability of forest fires in the eastern Amazon region. Thus,
both directly and indirectly, forest fragmentation can compromise biodiversity and carbon stocks in
this Amazon region.
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1. Introduction

Tropical forests provide essential environmental services to human well-being, in-
cluding the storage of biodiversity and carbon [1–4]. The Amazon rainforest is the largest
tropical forest globally, covering almost 7 million square kilometers, and extending into
nine countries in South America (Brazil, Peru, Colombia, Venezuela, Ecuador, Bolivia,
Guyana, Suriname, and French Guiana) [5]. Brazil holds the largest continuous area of
forest in the region—around 60% of the Amazon basin [5]—distributed over nine federative
units. One of these units, the state of Maranhão, had an original old-growth forest cover
of 110,400 km2 (around 33% of the state’s territory) [6]. This region is part of the Belém
Endemism Center, where around 30 species of animals and plants are on the endangered
species list [7]. Large-scale deforestation since the mid-1960s—primarily for agriculture
and cattle ranching—has resulted in the loss of a significant portion of the original forest
cover in the Maranhão Amazon [6,8], and only around 23,967 km2 (24%) remains (up until
2019) [9]. Maranhão has the second-highest level of forest fragmentation among all states
in the Brazilian Legal Amazon, with almost 74% of the area represented in the non-core
fragmentation category [10].

Deforestation alters the spatial configuration of forest cover through fragmentation,
increasing the edge areas, and reducing the connectivity of the core remnants [11–13].
Among other negative impacts [12,14], fragmentation makes the forest more susceptible to
fire due to the edge effects [13,15,16]. Forest edges and small forest patches have suitable
conditions for the spread of fire, including a drier and hotter microclimate, abundant
availability of fuel (necromass) in the understory, and greater exposure to ignition sources,
since they are surrounded by agricultural and livestock areas [13,15,17–20].

Although the fire dynamics are well-documented in other biomes of Maranhão [21–25],
little is known about the forest fires and their relationship with forest fragmentation in the
Amazon biome of the state. Moreover, extreme droughts combined with anthropogenic
ignition sources [26], such as land management fires, deforestation fires, and arson fires,
have caused fires to spread uncontrollably through the Amazon forests [6,27–30]. This
synergy between highly fragmented forests, abundant ignition sources, and the frequent
occurrence of extreme drought can lead to forest fires that result in respiratory illness
in the population [31,32], loss of biodiversity [33], and carbon stocks [34–36] beyond
the commitment of other environmental services [37] of the Amazon Forest remnants in
Maranhão.

Thus, a better understanding of the trajectory of forest fragmentation, the dynamics
of forest fires, and their interactions is crucial for providing decision-makers with the
tools needed for the elaboration of policies and enforcement strategies aimed at managing
fire prevention and forest fragmentation in the Maranhão Amazon region. This study
contributes to such understanding by identifying the levels of forest fragmentation in the
Maranhão Amazon between 1985 and 2017, providing an explicit forest fires map in the
region between 2003 and 2017, and exploring the relationship between fragmentation and
forest fires during this period. This allows decision-makers to define priority areas for fire
management and ecosystem restoration.

2. Materials and Methods
2.1. Study Area

The Maranhão state is located in the northeast region of Brazil, has a territorial area of
329,651.495 km2, and an estimated population in 2021 of 7,153,262 inhabitants [38]. The
state straddles the transition between the Amazon and Cerrado biomes [21,22,39], with the
Amazon occupying an area of 115,139 km2, or 35% of the state’s territory (Figure 1) [40].



Fire 2022, 5, 77 3 of 17

Fire 2022, 5, x FOR PEER REVIEW 3 of 18 
 

 

Between 2007 and 2015, degraded forests in the “Mosaico Gurupi” (the region where the 

most significant proportion of the forest remnants of the Maranhão Amazon region is lo-

cated) totaled 2200 km2, or the equivalent of 14% of remaining forests in protected areas 

in the region [8]. The Arariboia Indigenous Land, for example, had 45% of its mature for-

ests degraded in this period [8]. 

 

Figure 1. Map of the study area (the Amazon biome in Maranhão state). Forest cover from the Map-

Biomas project [41]. 

2.2. Dataset 

A total of five remote sensing datasets were used in this study, including land use 

and land cover, active fires, burned areas (fire scars), rainfall, and surface temperature. 

2.2.1. Land Use and Land Cover Data 

Land use and land cover data were obtained from the MapBiomas Project [41], Col-

lection 3. Annual maps were retrieved for the period between 1985 and 2017. This dataset 

was obtained by classifying Landsat satellite images with 30-m spatial resolution [42,43], 

using a theoretical algorithm implemented in a planetary-scale geospatial analysis cloud 

platform [44]. The data have an overall accuracy of 94.80%, allocation disagreement with 

2.80%, and area disagreement with 2.40% [45,46]. 

2.2.2. Active Fires Data 

To understand the forest fire activity in our study area, we used the 

VNP14IMGTDL_NRT product. As the VNP14IMGTDL_NRT product started in 2012, ac-

tive fire data from the NASA VIIRS were obtained for the 2012–2017 period. This product 

is generated from information provided by the VIIRS (Visible Infrared Imaging Radiom-

eter Suite) sensor onboard the NASA/NOAA satellite Suomi National Orbiting Polar Part-

nership (Suomi NPP) and the JPSS Series satellite NOAA-20 [47,48]. These data have a 
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Of the remaining old-growth forest cover (24,700 km2) inside Maranhão’s Amazon
region in 2016, around 70% exists in Conservation Units and Indigenous Lands, 10% in
agrarian reform settlements, and another 20% scattered on private rural properties [6].
Between 2007 and 2015, degraded forests in the “Mosaico Gurupi” (the region where the
most significant proportion of the forest remnants of the Maranhão Amazon region is
located) totaled 2200 km2, or the equivalent of 14% of remaining forests in protected areas
in the region [8]. The Arariboia Indigenous Land, for example, had 45% of its mature forests
degraded in this period [8].

2.2. Dataset

A total of five remote sensing datasets were used in this study, including land use and
land cover, active fires, burned areas (fire scars), rainfall, and surface temperature.

2.2.1. Land Use and Land Cover Data

Land use and land cover data were obtained from the MapBiomas Project [41], Collec-
tion 3. Annual maps were retrieved for the period between 1985 and 2017. This dataset
was obtained by classifying Landsat satellite images with 30-m spatial resolution [42,43],
using a theoretical algorithm implemented in a planetary-scale geospatial analysis cloud
platform [44]. The data have an overall accuracy of 94.80%, allocation disagreement with
2.80%, and area disagreement with 2.40% [45,46].

2.2.2. Active Fires Data

To understand the forest fire activity in our study area, we used the VNP14IMGTDL_NRT
product. As the VNP14IMGTDL_NRT product started in 2012, active fire data from the
NASA VIIRS were obtained for the 2012–2017 period. This product is generated from infor-
mation provided by the VIIRS (Visible Infrared Imaging Radiometer Suite) sensor onboard
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the NASA/NOAA satellite Suomi National Orbiting Polar Partnership (Suomi NPP) and
the JPSS Series satellite NOAA-20 [47,48]. These data have a nominal spatial resolution of
375 m. The VIIRS active fire data provide a more significant response to fires in relatively
small areas and improved performance in nighttime detection [47,49]. Consequently, these
data are suitable for supporting fire management and scientific applications that require
improved detection fidelity [47,49]. In addition, these data are a proxy for the fire activity
on the land surface.

2.2.3. Burned Areas Data

To understand the area (extent) impacted by forest fires in our study area, we used
the MODIS MCD64A1 product. Monthly burned areas data, or fire scars, were obtained
for the 2003–2017 period from the MODIS MCD64A1 product, Collection 6 [50]. The
mapping approach of this product employs the contextual analysis of MODIS sensor
surface reflectance images in 500 m nominal spatial resolution, plus detections of active
fires data with 1 km spatial resolution, also derived from the MODIS sensor [51]. Global
and local validations (for the Amazon and Cerrado biomes) showed a suitable performance
for this product [52–56].

2.2.4. Rainfall Precipitation Data

Monthly rainfall data for the 2012–2017 period (the same period as active fires data)
were obtained from the Climate Hazards Group InfraRed Precipitation with Station data
(CHIRPS), with 0.05◦ of spatial resolution [57]. The CHIRPS rainfall dataset integrates
satellite imagery with rain gauge station data to create a time series in a regular pixel
grid [57]. In the Brazilian Amazon, validations have shown that the product explains
around 73% of the rainfall measured in the field by rain gauges, with a root mean square
error below 15 mm month−1 [58].

2.2.5. Land Surface Temperature Data

Monthly surface temperature data were obtained for the 2012–2017 period (the same
period as active fires data) using the MODIS MOD11C3 product, Collection 6, available with
a spatial resolution of 0.05◦. The resulting monthly dataset was derived by compositing
and averaging the daily temperature values from the corresponding month of the MODIS
MOD11C1 product [59]. The calibration of the product is periodic and performed through
data collected in the field, as well as studies of surface radiance [59].

2.3. Data Processing and Analysis
2.3.1. Forest Fragmentation Analysis

We first reclassified the original MapBiomas land use and land cover maps to the
binary maps. Then, we consider the class “Forest Formation” (including old- and second-
growth forests) as a forest cover in our analyses. Therefore, we assigned the value 1 for
forest pixels, and 0 for other land cover pixels.

Then, the binary maps were classified using the Morphological Segmentation of
Binary Patterns—MSPA algorithm [60], implemented using GUIDOS, a free software
toolbox dedicated to quantitative analysis of digital landscape images (Available online:
https://forest.jrc.ec.europa.eu/en/activities/lpa/gtb, accessed on 20 January 2022).

The MSPA is a customized sequence of mathematical morphological operators targeted
at describing the geometry and connectivity of the image components [60]. The MSPA’s
approach is based on geometric concepts, and can be applied on any scale. The foreground
area of a binary image is divided into the following visually distinguished MSPA classes:
Edge—the outer perimeter of the forest class (including the Loop, Corridor, and Branch
classes); Perforation—edges inside core areas; Core—the forest core area, excluding the edges;
and Islets—the forest sections with an area too small to contain a core. More details and
illustrations are available in the MSPA Guide (https://forest.jrc.ec.europa.eu/en/activities/

https://forest.jrc.ec.europa.eu/en/activities/lpa/gtb
https://forest.jrc.ec.europa.eu/en/activities/lpa/mspa
https://forest.jrc.ec.europa.eu/en/activities/lpa/mspa
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lpa/mspa, accessed on 20 January 2022). An example of the MSPA classification is shown
in Figure A1.

The edge width of 1020 m (or 34 pixels, due to the spatial resolution of the forest cover
data) was used to include the main edge effects, such as canopy desiccation, fire susceptibil-
ity, wind turbulence, alteration of the forest structure, and increased tree mortality [19,61].

2.3.2. Spatial Analysis

For the spatial analysis, we used a regular pixel grid with 10 km spatial resolution.
Results from the forest fragmentation classification were quantified as the area (square
kilometer) for each pixel annually between 1985 and 2017. In addition, we calculated the
total number of active fires annually for each regular pixel in the grid, considering the
2012–2017 period.

2.3.3. Statistical Analyses

All statistical analyses were performed using R software [62], including regression
and trend analysis. For regression, several models (linear and non-linear) were performed
to identify the best model that explains the relationship between the monthly active fires,
rainfall, and surface temperature.

For the trend analysis, we used two robust non-parametric methods that are not
particularly sensitive to discrepant data, the Mann–Kendall test [63,64] and the Sen’s Slope
estimator [65] through the “wq” package in R [66]. The Mann–Kendall test was used to
assess whether there is an upward or downward trend over time, while the Sen’s Slope
estimator was used to estimate the magnitude of the trends. We adopted a 5% significance
level (p ≤ 0.05) for all analyses.

3. Results
3.1. Forest Fragmentation Dynamics between 1985 and 2017

Forest cover in the study area decreased by 35%, from 88,195 km2 in 1985 to 56,893 km2

in 2017 (Figure 2a), showing a net reduction of 31,302 km2. Although the growth of
secondary forests slightly increased total forest cover in 1990–1992, 2005, 2013, and 2015,
a trend of significant reduction (p < 0.05) in forest cover was identified for the whole
study period (Figure 2a). The reduction was equivalent to an average of 1078 km2 year−1

(Kendall’s tau = −0.936). More than half of the forest cover during this period (1985–2017)
corresponded to forest edges (average of 65% ± 3% year−1). Around 21% ± 4% year−1

corresponded to core areas, 12% ± 5% year−1 corresponded to islets, and 2% ± 1% year−1

corresponded to perforations (Figure 2b).
Although ongoing deforestation has induced overall landscape fragmentation of the

study area, a close analysis of each fragmentation class reveals different trajectories during
the study period (Figure 2c–f). The total area of core forest was reduced from 26,877 km2 in
1985 to 10,029 km2 in 2017 (63% of reduction), with a significant negative trend of 442 km2

year−1 (p < 0.05 and Kendall’s tau = −0.830). The area of the forest edge was reduced from
54,752 km2 in 1985 to 34,047 km2 in 2017 (38% of reduction), with a significant negative
trend of 805 km2 year−1 (p < 0.05 and Kendall’s tau = −0.856). The area of perforations was
reduced from 3111 km2 in 1985 to 1103 km2 in 2017 (65% of reduction), with a significant
negative trend of 48 km2 year−1 (p < 0.05 and Kendall’s tau = −0.689). On the other hand,
the area of forest islets increased from 3455 km2 in 1985 to 11,715 km2 in 2017 (239% of
increase), with a significant positive trend of 270 km2 year−1 (p < 0.05 and Kendall’s
tau = −0.936).

https://forest.jrc.ec.europa.eu/en/activities/lpa/mspa
https://forest.jrc.ec.europa.eu/en/activities/lpa/mspa
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Figure 2. (a) Annual forest cover between 1985 and 2017 in the Maranhão Amazon, Brazil. (b) Frag-
mentation class during the study period as a percentage of the total forest cover in each year.
(c–f) Annual area of each fragmentation class between 1985 and 2017. Note that the figures have the
y-axis at different scales.

The pixel-by-pixel analysis (Figure 3) yielded general trends similar to those listed
above. This spatial configuration also revealed the different temporal trajectories of the
four fragmentation classes. Core areas showed significant trends (p < 0.05), with some
pixels showing reductions of up to 0.360 km2 year−1 pixel−1, and a few showing increases
in the core forest of up to 0.197 km2 year−1 pixel−1. For this fragmentation class, 95% of
the trends indicated reductions, and 5% showed increases. Pixels with the largest decreases
in the core fragmentation class appeared to be concentrated just outside or at the borders of
Conservation Units (CUs) and Indigenous Lands (ILs). The edge fragmentation class also
exhibited significant trends (p < 0.05), with around 79% of the areas showing reductions (up
to 0.361 km2 year−1 pixel−1), and 21% depicting increases (up to 0.337 km2 year−1 pixel−1).
Pixels with increasing trends in the edge class were mainly concentrated in the northern
(coastal) region and areas surrounding the CUs and ILs. Pixels showing reduction trends
appeared widespread throughout the study area, except within the CUs and ILs. The islet
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fragmentation class also showed significant trends (p < 0.05), with only around 19% of the
areas showing reductions of this fragmentation class (up to 0.198 km2 year−1 pixel−1), and
81% showing increases (up to 0.276 km2 year−1 pixel−1). Pixels showing increasing trends
in the islet class were widespread throughout the region, except for the CUs and ILs. Pixels
with reduction trends in this class were concentrated in the central and southern portions of
the study area. Finally, the perforation fragmentation class also showed significant trends
(p < 0.05), with around 54% of the areas showing decreasing trends (up to 0.198 km2 year−1

pixel−1), and 46% showing increasing trends (up to 0.167 km2 year−1 pixel−1). Most pixels
with a higher tendency to both increase and decrease were found within CUs and ILs.
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Figure 3. Spatial trends (Sen’s Slope estimator) for each fragmentation class between 1985 and 2017 in
the Amazon region of Maranhão, Brazil. Areas were calculated in pixels with 10 km spatial resolution.
Negative values (in blue) represent the decrease trend, while positive values (in red) represent the
increase trend.

3.2. Active Fire Dynamics between 2012 and 2017

Around 262,205 active fires were recorded in the study area between 2012 and 2017,
with an annual average of 43,701 ± 21,763 fires year−1. The forest fires showed a well-
defined temporal pattern (Figure 4a), with a lower fire activity between January and
July (wet season), and a higher activity between August and December (dry season).
The lowest average number of active fires within forest areas was observed in March
(8 ± 3 fires month−1), while the maximum number of active fires was observed in December
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(7024 ± 7533 fires month−1). Fires on forest cover areas accounted for more than half
(53 ± 7%) of all active fires registered in the region (Figure 4b) during the studied period,
and 2015 was the year with the highest number of registered fires within forest cover areas
(65% of the active fires registered that year).
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Figure 4. (a) Average monthly pattern of active fires in forest cover areas for the 2012–2017 period in
the Amazon region of Maranhão, Brazil. (b) The proportion of active fires registered annually in forest
and non-forested cover during the 2012–2017 period. (c) The monthly average rainfall in the 2012–2017
period. (d) The monthly average temperature in the 2012–2017 period. (e) Regression of the relationship
between the monthly average rainfall and the monthly total number of active fires in forest cover in the
2012–2017 period. (f) Regression of the relationship between the monthly average temperature and the
monthly total number of active fires in forest cover in the 2012–2017 period. The dashed lines in lighter
colors in Figure 4a,c,d represent the standard deviation for the 2012–2017 period.
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The forest’s susceptibility to fire is associated with the rainfall seasonality (Figure 4c)
and temperature (Figure 4d). These two variables combine to produce environmental
conditions conducive to fire spread—the lowest fire activity within forest cover areas
corresponding to the greater amount of rainfall and lowest temperature levels. However, a
three-month delay was observed between the minimum monthly rainfall (15 ± 4 mm in
September) and the maximum monthly record of active fires in forests (December); on the
other hand, the maximum temperature record (33 ± 0.85 ◦C in October) preceded by two
months the maximum record of forest fires (in December).

Regression analyses, shown in Figure 4e,f, showed that the best-adjusted model was a
power function, with a strong and significant (p < 0.01) correlation between total monthly
active fires and average rainfall (R2 = 0.626) and temperature (R2 = 0.761). Thus, while
active fires progressively decreased with increasing rainfall, active fires increased with
increasing average temperature. In addition, 2 thresholds were identified: first, the number
of active fires remained below 1000 per month when monthly rainfall amounts stayed
above 108 mm. Second, when the air temperature rose above 29◦C, the number of active
fires increased to monthly accumulated totals of over 1000.

Figure 5 shows the spatial distribution of annual active fires (for the period 2012–2017).
The average number of annual active fires in forested land ranged from 1 to 38 active fires
per pixel (10 km of spatial resolution), with 60% of the pixels having up to 2 active fires
per year, and 2% of the pixels having between 19 and 38 active fires per year (Figure 5a).
The pixels with higher hotspot annual averages (19 to 38) were concentrated mainly in the
south-central region of the Maranhão Amazon, especially in the surroundings and interior
of the IL Araribóia and the CU Gurupi Biological Reserve (Figure 5a). Figure 5b shows the
spatial distribution of the standard deviation for the annual average of active fires for the
2012–2017 period.

Fire 2022, 5, x FOR PEER REVIEW 9 of 18 
 

 

in forest cover in the 2012–2017 period. (f) Regression of the relationship between the monthly av-

erage temperature and the monthly total number of active fires in forest cover in the 2012–2017 

period. The dashed lines in lighter colors in Figure 4a,c,d represent the standard deviation for the 

2012–2017 period. 

The forest’s susceptibility to fire is associated with the rainfall seasonality (Figure 4c) 

and temperature (Figure 4d). These two variables combine to produce environmental con-

ditions conducive to fire spread—the lowest fire activity within forest cover areas corre-

sponding to the greater amount of rainfall and lowest temperature levels. However, a 

three-month delay was observed between the minimum monthly rainfall (15 ± 4 mm in 

September) and the maximum monthly record of active fires in forests (December); on the 

other hand, the maximum temperature record (33 ± 0.85 °C in October) preceded by two 

months the maximum record of forest fires (in December). 

Regression analyses, shown in Figure 4e,f, showed that the best-adjusted model was 

a power function, with a strong and significant (p < 0.01) correlation between total 

monthly active fires and average rainfall (R2 = 0.626) and temperature (R2 = 0.761). Thus, 

while active fires progressively decreased with increasing rainfall, active fires increased 

with increasing average temperature. In addition, 2 thresholds were identified: first, the 

number of active fires remained below 1000 per month when monthly rainfall amounts 

stayed above 108 mm. Second, when the air temperature rose above 29°C, the number of 

active fires increased to monthly accumulated totals of over 1000. 

Figure 5 shows the spatial distribution of annual active fires (for the period 2012–

2017). The average number of annual active fires in forested land ranged from 1 to 38 

active fires per pixel (10 km of spatial resolution), with 60% of the pixels having up to 2 

active fires per year, and 2% of the pixels having between 19 and 38 active fires per year 

(Figure 5a). The pixels with higher hotspot annual averages (19 to 38) were concentrated 

mainly in the south-central region of the Maranhão Amazon, especially in the surround-

ings and interior of the IL Araribóia and the CU Gurupi Biological Reserve (Figure 5a). 

Figure 5b shows the spatial distribution of the standard deviation for the annual average 

of active fires for the 2012–2017 period. 

 

Figure 5. (a) Hot spot annual average for the 2012–2017 period in the Amazon region of Maranhão, 

Brazil. (b) Hot spot standard deviation for the period 2012–2017. We quantified active fires in pixels 

with 10-km spatial resolution. 

  

Figure 5. (a) Hot spot annual average for the 2012–2017 period in the Amazon region of Maranhão,
Brazil. (b) Hot spot standard deviation for the period 2012–2017. We quantified active fires in pixels
with 10-km spatial resolution.

3.3. Forest Fragmentation and Fires between 2003–2017

We used the burned areas to assess the extent of fires on forest cover, and explore
its relationship with the forest fragmentation classes. Between 2003 and 2017, a total area
of 25,201 km2, or 1680 ± 1132 km2 year−1, was impacted by fire in the region, with a
minimum burned area of 407 km2 recorded in 2013, and a maximum of 4526 km2 in 2015;
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in addition, no significant trend in the burned area (p > 0.05 and Kendall’s tau = −0.086)
was observed during the study period (Figure 6).
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Figure 6. (a) Area of burnt forest per year in each fragmentation class between 2003 and 2017 in the
Amazon region of Maranhão, Brazil. (b) The proportion of burnt forest per year in each fragmentation
class between 2003 and 2017.

Areas in the edge fragmentation class experienced the greatest extent of burned areas.
An average of around 1031 ± 695 km2 on forest edges burned per year in the region
between 2003 and 2017, the equivalent to 61 ± 5% of the total burned forest cover in the
study. The second fragmentation class with the greatest extent of forest fires was the islet
class, with an annual average of 466 ± 253 km2 year−1 burned between 2003 and 2017, the
equivalent to 31 ± 8% of the total burned forests. An average of around 169 ± 227 km2 of
the forests core class burned annually during the study period (about 7 ± 8%), while only
13 ± 24 km2 (about 1 ± 1% of the total) of the perforation class burned per year. During the
studied period, 2015 was the year with the greatest overall burned forest extent, and the
year where each fragmentation class experienced its highest burned area extent (Figure 6a).
Results from the trend analysis showed no statistically significant trend (p > 0.05) in burnt
areas during the period 2003–2017 (Kendall’s tau: core = 0.276; edges = −0.086; islands =
−0.181; and perforation = 0.276).

4. Discussion

Here, we presented the first long-term analysis of the annual extent of forest frag-
mentation in Maranhão state’s remaining Amazonian forests. This region was exposed
to decades of predatory deforestation, which led to a 63% reduction in forest core areas
between 1985 and 2017. We also highlighted the remarkable effect of this loss of core forest
remnants by an astounding 239% increase in the area of islets (isolated areas of forest too
small or too narrow to contain core forests). Vedovato et al. [10] reported that the forest
islets in the Maranhão Amazon were 10,877.5 km2 in 2014. However, our estimates for 2017
(11,715 km2) show that the forest fragmentation continues to increase in Maranhão.

Another worrying trend observed in our study was that areas in the perforation class
(edges inside core areas) were concentrated in the few legally protected forest remnants,
likely due to illegal logging activities [8]. By extending deeply into previously intact forest
areas, these fragments expose core forests to detrimental edge effects, including shifts in
plant and animal community composition and changes in diversity [67,68], increased rates
of tree mortality [69] and fire susceptibility [13,15,18,70], altered microclimates [71], and
increased carbon emissions [14,72,73].
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The high level of forest fragmentation revealed by our results showed that the sec-
ondary forest’s growth did not offset the deforestation induced-fragmentation of old-growth
forests in this region. In the Brazilian Amazon, deforestation of secondary forests surpasses
old-growth forests, mainly because the secondary forests receive less protection than old-
growth forests [74]. In Maranhão specifically, secondary forests have high annual rates of
deforestation [9]. They are threatened by recent state land-use legislation [9,75], leading
to the large-scale loss of these forests that provide essential ecosystem services [76–78].
Evidence in the Amazon has shown that large-scale deforestation has reduced the amount
of rainfall [79,80] and affected agricultural production [81].

The recent weakening of deforestation enforcement and dismantling of environmen-
tal policies during the last three years in Brazil has led to uptrend deforestation rates in
the Brazilian Amazon [82]. In addition to increasing fires directly associated with defor-
estation [26,29,83], this uptrend induces more forest fragmentation in this region, thereby
compromising the achievement of sustainable development goals and international climate
agreements.

Our findings indicate a noticeable seasonal pattern of forest fires in the Maranhão
Amazon region. The analyses of active fires within forest cover show that forest fires in
the Maranhão Amazon occurred mainly during the second half of the year, with a peak
in December, which differs from the pattern observed elsewhere in the Brazilian Amazon,
where peaks usually occur in August and September [84,85]. However, as Alencar et al. [84]
observed for other Amazonian regions, the peak of forest fires in the Maranhão Amazon
occurred shortly after the onset of the dry season, at the same time as the temperature
increases in the region.

In the Amazon, fires have typically been linked to the deforestation process, resulting
from establishing agricultural and pasture areas [29,30]. Fires from cleaning newly defor-
ested areas or from agricultural and pasture areas often accidentally escape to adjacent
forests through the edges [13,15,16]. Furthermore, the combination of these ignition sources
from human actions [29,30], increased forest edges [13,15,16], and extreme droughts lead
to an abnormal increase of forest fires [27,28]. During years of extreme drought, forests
become hotter and drier, thus more likely to sustain uncontrolled fires [27,28,30]. In 2015,
a drought year for the Brazilian Amazon [27,28], the Maranhão Amazon experienced the
largest burned forests extent since 2007. In this region, in addition to the accidental escape
of fire into the forests, criminal ignition sources by illegal loggers are common, mainly
in protected areas and indigenous lands [6,8,9]. Forest fires also lead to negative socio-
economic impacts, such as respiratory illness [31,32,86] in the Amazonian population, as
well as economic losses [87].

Here, we showed that the forest fragmentation of the Amazonian forests of Maranhão
is an essential factor that determines the occurrence of forest fires in the region. Almost all
forest fires in the region between 2003–2017 occurred at the edge and islet fragmentation
classes. Due to the alteration of forest remnant configuration in the landscape, forest
edges and small forest patches (composed by edges only) have more supportive conditions
for the spread of fire, including a drier and hotter microclimate, abundant availability of
fuel (necromass due to tree mortality at the edges [72,88]) in the understory, and greater
exposure to ignition sources, since they are surrounded by agricultural and livestock
areas [13,15,17–20].

We showed that during extreme drought years, forest core areas (regions less exposed
to human activities) were impacted by fires; this occurred because, during extreme drought
years, the Amazonian forests becomes drier and hotter, making them more susceptible
to spreading fire [27,28]. Our results confirmed that the Amazonian forests of Maranhão
have become more fragmented and flammable [84,89]. The increase in the frequency,
extent, and intensity of extreme droughts in the region during the 21st century, previously
predicted by models [1,90,91], has been observed in the last two decades [27,28,58,92–94].
However, the warming of the Pacific and Atlantic surface ocean induced extreme droughts
in the Amazon [27,92,93]. This phenomenon is predictable, making it possible to efficiently
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produce a fire management plan during these years to avoid the spread of wild forests
fires [95,96].

Finally, for REDD+ programs [97] in the Maranhão state, decision-makers should not
just focus only on deforestation [98], but also on reducing emissions from forest degradation,
including forest fires [27,99] and edge effect disturbances [14,73]. In addition, they should
increase forest carbon stocks by protecting secondary forest areas that already exist in the
state [9,74,76,78,100–102].

5. Conclusions

Here, we conclude that predatory exploitation of forest resources in the Maranhão
Amazon has resulted in highly fragmented and fire-prone forests remnants. Thus, it is
urgent to protect Maranhão forests from illegal deforestation and degradation (from edge
effects and fires disturbances). Therefore, environmental and land policies elaborating with
cooperation between the Maranhão state, civil society, the private sector, and scientists is
necessary and urgent to protect old-growth and secondary forests in the region. On the
other hand, in the context of the United Nations Decade on Ecosystem Restoration, this
threatened area of the Brazilian Amazon is recognized as a forest restoration hotspot, and
the protection of secondary forests is urgently needed to offset, in part, the historical forest
fragmentation in the region.

Our work shows the already known diversity of fire types in the eastern region of
the Brazilian Amazon. Furthermore, our findings reveal that forest fires depend not only
on the climate, but also on the synergic interaction between the configuration of forest
remnants and the availability of man-made ignition sources in the landscape. However,
during extreme drought years, fire control measures are necessary to prevent the spread of
uncontrolled forest fires.

Finally, our findings contribute to filling gaps in the understanding of forest fragmen-
tation and its relationship with forest fires in the Amazon region of the state of Maranhão.
Furthermore, future research should analyze the period after 2017 to understand forest frag-
mentation and fires during the recent increasing deforestation rates in the Brazilian Amazon.
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