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ABSTRACT. Forest fires are global phenomena that pose an accelerating threat to ecosystems, affect the population life quality
and contribute to climate change. The mapping of fire susceptibility provides proper direction for mitigating measures for
these events. However, predicting their occurrence and scope is complicated since many of their causes are related to human
practices and climatological variations. To predict fire occurrences, this study applies a fuzzy inference system methodology
implemented in R software and using triangular and trapezoidal functions that comprise four input parameters (temperature,
rainfall, distance from highways, and land use and occupation) obtained from remote sensing data and processed through
GIS environment. The fuzzy system classified 63.27% of the study area as having high and very high fire susceptibility. The
high density of fire occurrences in these classes shows the high precision of the proposed model, which was confirmed
by the area under the curve (AUC) value of 0.879. The application of the fuzzy system using two extreme climate events
(rainy summer and dry summer) showed that the model is highly responsive to temperature and rainfall variations, which
was verified by the sensitivity analysis. The results obtained with the system can assist in decision-making for appropriate
firefighting actions in the region.
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INTRODUCTION scale (Aragdo et al. 2018; Mota et al. 2019; Pourghasemi et
al. 2020; Ribeiro et al. 2020).
Forestfires causeimmeasurable environmentalimpacts. Data from the Fire Information for Resource

On top of economic damage and public health-related ~ Management System (FIRMS) indicates that between 2000
problems, which are commonly observed immediately  and 2018 there were about 7.27 million outbreaks of fire
after fires, later events such as climatic and environmental in South America (NASA, 2020). In Brazil, the occurrence
changes caused by large amounts of CO, emitted into the  fire outbreaks has significantly increased in recent years
atmosphere lead to the increasing greenhouse effect, thus ~ due to several factors, such as deforestation, agropastoral
resulting in major ecological disturbances (Machado and activities, and uncontrolled burning (Caula et al. 2015;
Lopes 2014; Aragao et al. 2018; Venkatesh et al. 2020). Barlow et al. 2019). Although the entire national territory

In the past, the occurrence of forest fires was naturally suffers from these events, historical data shows that 80.66%
related to climatic fluctuations, such as changes in of fires occur in the Amazon and Cerrado biomes, with an
temperature and rainfall, however, in recent decades, average of 170,000 fire outbreaks per year, predominantly
anthropogenic activities have caused major alterations between July and October (INPE, 2020).

in the fire regime (Chuvieco et al. 2019) since changes in The effective management of these events requires
land use associated with climate change can increase the  centralized planning, which includes identifying the
frequency and severity of these events (Aquilué et al. 2020).  locations with the greatest fire susceptibility. This

Thus, understanding their spatial and temporal distribution  identification can enable the management of critical areas
is not trivial (Machado and Lopes, 2014) since it includes a and serve as a basis for developing more accurate fire
set of dynamic factors driven by the interaction of biotic ~ warning systems and a consistent institutional program
and abiotic processes that depend on the geographic  (Adab et al. 2013; Eugenio, 2016; White et al. 2016; Barlow
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et al. 2019). The methods usually employed in planning
include integrating remote-sensing techniques, statistical
methods, and GIS (Jaiswal et al. 2002; Adab et al. 2013;
Mota et al. 2019; Pourghasem et al. 2020; Gizatullin
and Alekseenko, 2022), which are employed through
probabilistic, stochastic models, or a mixture of both.

Despite proving high effectiveness in studies at local
scale, at regional scale the GIS and statistical methods have
limitations due to multiple complex interactions related
to the degree of subjectivity these events have, spatial
distribution of the events, and uncertainties caused by
spatial and temporal resolution of the ignition data. This
makes it difficult to eliminate uncertainties regarding
the inaccuracy of the data and, as a result, these models
present difficulties when associating products with data
inaccuracies in the GIS environment, thus resulting in
errors in the final products (Bui et al. 2017; Moayedi et
al. 2020; Sahiner et al. 2022). Therefore, it is necessary to
develop new models that make it possible to deal with
uncertainties and inaccuracies, while also improving the
ability to predict these events.

As an alternative methodology, the fuzzy theory
introduced by Zadeh (1965) provides a logical approach
that is capable of dealing with complex systems, such as
those observed in forest fire events that have spatial and
temporal variability, as well as subjectivity, and providing
an adequate mathematical treatment (Zadeh 1965; Araya-
Munfoz et al. 2017; Bressane et al. 2020; Fernandes et al.
2023).Recentenvironmental applications that use the fuzzy
approach integrated with GIS have shown advantages over
traditional techniques in evaluating several phenomena,
such as susceptibility to flooding (Sahana and Patel, 2019),
landslides (Nwazelibe et al. 2023), drought (Nikolova et al.
2021), and soil erosion (Souza et al. 2019), and anthropic
impact on watersheds (Lopes et al. 2021).
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Considering that the fuzzy theory is used to analyze
the causality of uncertain events (Romdan-Flores et al. 2020;
Sahiner et al. 2022), including the causes of forest fires
(Pourghasemi et al. 2020; Ribeiro et al. 2020), and that the
fuzzy method can work with uncertainties related to the
spatial and temporal data resolution (Lopes et al. 2021;
Sahiner et al. 2022), this study presents a fuzzy inference
system that considers climatic and anthropic variables as
input variables for mapping fire susceptibility, with the study
area of the northern region of the Ronddnia state, Brazil, due
to the high number of fires registered there in recent years.

MATERIALS AND METHODS
Study Area

The study was conducted in the north of the Rondbnia
state. It is an area of around 89,900 km? (Figure 1) that
covers 14 municipalities and has a population density of
8.0 inhabitants/km?” This region is mostly occupied by
agricultural and cattle-ranching lands due to administrative
and financial support from governmental colonization
programs in the Brazilian Amazon that have taken place
from the 1970s onwards (Alves et al. 2021). These programs
are characterized by the implementation of colonization
settlements, which are preceded by high deforestation
rates due to the expansion of agricultural lands and cattle-
ranching (Alves et al. 2021; Duarte et al. 2021), thus making
the region a part of the “"Arc of Deforestation”in the Brazilian
Amazon.

In this region, fire is commonly used for clearing the
land after deforestation and for pasture renewal (Caula et
al. 2015; Barlow et al. 2019). Consequently, around 70% of
the fire outbreaks in Ronddnia have occurred in its northern
part, with 90% of them being registered between August
and October during the dry season (SEDAM, 2020).
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Fig. 1. Study area in northern Rondénia
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According to the Képpen classification (Alvares et al.
2013), the region’s climate is of the Aw type (Rainy Tropical
Climate), with average annual precipitation of 2,250 mm.
It has a well-defined dry period from June to August, with
monthly precipitation below 50 mm, and a rainy period
from November to April, with monthly precipitation above
220 mm. The average annual temperature in the region
is 25.5 °C, with a maximum of 34.4 °C in August and a
minimum of 19.2 °Ciin July (Silva et al. 2018).

The indigenous vegetation presents diverse
characteristics, ~ comprising  open  ombrophylous
forests, dense ombrophylous forests, savannas, pioneer
formations, and contact or transition forests. Additionally,
there are areas of anthropogenic activity that are primarily
occupied by pastures and family farming (SEMA, 2012;
Schlindwein et al. 2012). In this region, deforestation occurs
predominantly in areas that consist of open ombrophylous
forests and dense ombrophylous forests, predominantly
due to livestock farming.

Fuzzy System Proposal

Several previous studies propose the association of
factors to indicate the spatial predisposition of forest fire
occurrence (Jaiswal et al. 2002; Bonazountas et al. 2005;
Parente and Pereira, 2016; Mota et al. 2019; Pourghasemi
et al. 2020). However, methodological association of
several factors is quite complicated, in addition to being
impractical and possessing regional degrees of subjectivity
(Carmo et al. 2011; Gralewicz et al. 2012). Furthermore,
large-scale data are not always available, especially in
remote areas like Brazilian Amazon.

This study gathered a set of factors mentioned in
previous research that can be obtained from remote
sensing data to compose a fuzzy inference model. This
model is characterized by a Max-Min inference system
proposed by Mamdani and Assilian (1975). This system
is one of the most commonly used in geosciences since,
besides being abstractly defined, it employs linguistic
variables, which facilitates their application (Acaroglu et al.
2008).

The four main components of the fuzzy inference
system are input fuzzification, fuzzy rule base, fuzzy
inference method, and defuzzification. To “fuzzify” the
input variables into a common range [0,1], each variable
is transformed into linguistic variables (low, moderate,
and high values) that can be calculated by Equations
1, 2 and 3, and represented by a triangular (Equation 4)
and a trapezoidal (Equation 5) membership functions,
which overlap and form fuzzy regions, thus allowing data
to belong to more than one set (Cocconello et al. 2014;
Roman-Flores et al. 2020).

’ux(L) :f(x’axL’be’CxL’de)

’ux(M) =f(x’a M’be’cxM’dxM)
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where the function f(x;a,b,c,d) is given by Equations 4 or

5, x refers to the input variables, and the subscripts (xL, xM,

xH) refer to the variables'membership function parameters
for the low, medium, and high classes.

xX—a

u(x;a,b,c) =maximin , ,0

[ b-a ] ] “)

c—X

c—b

such that\a,b,c € R

85

d—x
d—c

X—da

u(x;a,b,c,d) =max[min[ 1,

b—a

]’O}
(5)
such that\a,b,c,d € R

where u corresponds to the membership function, and
the variables g, b, ¢, and d correspond to the parameters
that represent the shape of the triangular and trapezoidal
function. In this study, we chose functions of mixed relevance,
employing trapezoidal functions for exact extensions and
triangular functions for abrupt transitions.

The rule base comprises a set of IF ... THEN rules that
associate the inputs forming the fuzzy system outputs. These
rules are based on the relationships between the variables,
for instance: IF temperature is low AND precipitation is low AND
distance from highways is low AND land use and occupation is
low, THEN fire hazard is very low

The output variable comprising fire susceptibility was
characterized by the following language terms: very low,
low, moderate, high, and very high. Triangular membership
functions represented these variables. Finally, the centroid
method was used to transform the fuzzy output variable into a
crisp numerical value (defuzzification). This method calculates
the average of the areas representing the degrees of the fuzzy
subset pertinence (Roman-Flores et al. 2020).

Determining the Input Variables

The input variables selected for the fuzzy system referred to
precipitation, temperature, distance from highways, and land
use, and were obtained from open remote sensing products.

Land surface temperature for the study area (in Kelvin)
was estimated from thermal images taken by the MODIS
(Moderate Resolution Imaging Spectroradiometer) sensor,
product MOD11 (Land Surface Temperature - LST) from Terra
and Aqua satellites, at ~1 km spatial resolution. The data are
available at the United States Geological Survey website (USGS,
2020). Data from the USGS were chosen for the calculations as
their estimates were observed in situ for the Amazon region
by Gomis-Cebolla et al. (2018). Monthly data were obtained
between Augustand October 2018 at 1 km spatial resolutionin
GeoTIFF format using the Google Earth Engine platform. Then,
the conversion from Kelvin to Celsius degrees was performed
through the GIS environment.

Monthly precipitation (in mm) was obtained from the
Global Precipitation Measurement (GPM), IMERG Version 6,
with ~1 km spatial resolution, which was provided by the
Japan Aerospace Exploration Agency (JAXA, 2020). These data
are similar to the values observed by surface rainfall stations in
the region (Santos et al. 2019). The monthly average data for
August-October 2018 were obtained in GeoTIFF format using
the Google Earth Engine platform and processed at a 1 km
spatial scale.

Data on highways and minor roads in the region were
obtained by joining the database of the National Department
of Transport Infrastructure (DNIT, 2020) and crowdsource
mapping data from OpenStreetMap (OSM Foundation, 2020).
These data were pieced together, and the Euclidean distance
of the vicinities was calculated, being spatialized with a spatial
resolution of 1 km.

Land use data for the region were obtained from the
database of the Annual Mapping of Land Cover and Land Use in
Brazil (MapBiomas) project for 2018. These data were produced
from the pixel-by-pixel classification of images from the Landsat
satellite sensor series using machine-learning algorithms via
the Google Earth Engine platform. They are available in GeoTIFF
format for the entire country (MapBiomas, 2020). These data
were processed with GIS with a spatial resolution of 1 km.
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All data were treated and manipulated using ArcGIS
10.5 software (ESRI, 2016), adopting the Universal Transverse
Mercator-UTM coordinate projection system, SIRGAS 2000
Datum, zone 20 south.

Fuzzy System

The variables were categorized according to the intervals
defined in previous research. Thus, the temperature was
categorized according to Melo et al. (2012), Mohammadi et al.
(2014), and Assis et al. (2014). For precipitation, the studies by
Oliveira et al. (2017), Silva and Pontes Jr. (2011), and Assis et al.
(2014) were used. Land use was categorized following Venturi
and Antunes (2007), Ribeiro et al. (2012), and Assis et al. (2013),
while distance from minor roads was categorized according to
intervals defined by Adab et al. (2013), White et al. (2016), and
Gholamnia et al. (2020).

However, there is no consensus on the class interval
definition for the assessed variables. As an example of
subjectivity in class intervals, for temperature, Melo et al. (2012)
defined the low class as <13 °C, moderate as between 13 °C
and 24 °C, and high as >24 °C. Meanwhile, Mohammadi et al.
(2014) defined them as <16 °C, between 16 °C and 30 °C, and
>30 °C, respectively, whereas Assis et al. (2014) defined them
as <234 °C, between 2340 °C and 24.15 °C and >24.54 °C.
Considering this subjectivity of the classes, fuzzy sets were built
for each variable, and Table 1 presents the parameters compiled
based on expert knowledge of the model's fuzzy association
(UGsa,b,cd). It should be noted that this system's application
in other climatic regions requires rule set adaptation since the
model's response is intrinsically related to the variation of local
environmental conditions.

According to the association functions presented in Table
1, each attribute has specific contributions that can imply
increased or reduced susceptibility to fire. Temperature, for
example, is important because, apart from influencing soil
moisture, it is directly linked to the combustion of vegetation, so
the higher the temperature, the greater the susceptibility to fire
(Pourghasemi et al. 2020). On the other hand, high precipitation
rates increase soil moisture content, decrease water stress,
and hence reduce susceptibility to fire (Vadrevu et al. 2006;
Venkatesh et al. 2020).

Highways and minor roads also contribute to fires since they

help to clear up new areas for agriculture, cattle-ranching, and
logging, thus facilitating fire outbreaks. The greater the proximity
of highways and minor roads, the greater the susceptibility
to fire (Ribeiro et al. 2012). The landscape’s structure and the
way land use patterns are organized strongly influence the fire
occurrence because these dynamics are associated with the
spatial distribution of the fuel load constituted by the type of
vegetation and available biomass (Aquilué et al. 2020).

Model Sensitivity Analysis

Model validation is a crucial step as it tests the effectiveness
and accuracy of the methodology used. In this case, we
evaluated the ability of the model to map the areas with fire
susceptibility. For this purpose, the data on fire outbreaks were
obtained from the Fire Database of the National Institute for
Space Research (INPE, 2010), and classified according to the
number of observations per km? Fire occurrence was classified
as very low (0 to 0.3), low (0.3 to 0.7), moderate (0.7 to 1), high
(1to 1.3),and very high (>1.3), as proposed by Nascimento et al.
(2017).

Then, partitioning was performed through joint training
(80%) and testing (20%) for the implementation of the fuzzy
system, and the analysis of the ROC (receiver operating
characteristic) and AUC (area under the curve) was performed
to determine the accuracy of the proposed model. The ROC
curve plots the true positive rate on the Y-axis and the false
positive rate on the X-axis, with area under the curve (AUQ)
values ranging from 0.5 to 1.0, whereby the forecast accuracy
can be classified as excellent (0.9-1.0), very good (0.8-0.9), good
(0.7-0.8), average (0.6-0.7), or poor (0.5-0.6), as described by
Chen et al. (2018).

To evaluate the efficiency of the fuzzy system, the model
was tested considering the mapped fire susceptibility classes
and the inventory of fire outbreaks in the region. This evaluation
was carried out for the base year (2018) and two extreme climatic
events, with a rainy summer period of 2001 and a dry summer
period of 2007, according to the classification of extreme events
described by Tejas et al. (2012) and Franca (2015).

Since fire susceptibility is highly dependent on the
association of the input variables, evaluating the impact of the
input association functions on the final result was of the utmost
importance and was performed by Monte Carlo simulations

Table 1. Fuzzy membership function parameters compiled from specialized literature

Susceptibility Classes Temperature (°C) Precipitation (mm) Distance from highways (m) Land use Classes
a 0 80 6,000 0
b 0 80 6,000 0
Low
C 13 22 3,000 8
d 24 10 2,000 12
a 13 22 3,000 8
b 24 10 2,000 12
Moderate
C 24 20 2,000 12
d 30 2 1,000 20
a 24 10 2,000 12
b 30 2 1,000 20
High
C 50 0 0 30
d 50 0 0 30

*Land-use classes defined by recategorization based on the number of «CAPTION CODES - COLLECTION 5» from the MapBiomas project.

86



M. L. Duarte, T. Acacio da Silva, J. A. Paixao de Sousa et al.

FUZZY INFERENCE SYSTEM FOR MAPPING FOREST FIRE ...

(1,000 simulations). For comparison purposes, the input
parameters were individually perturbed in an interval from -10%
to +10%, considering their original value. The +10% variation
was adopted since it was compatible with the projections
presented by the Intergovernmental Panel on Climate Change
(IPCC), which indicated an increase in temperature of 1.5 °C and
the intensification of extreme precipitation events (positive and
negative anomalies) by 2050, and which could increase forest
fires in the region (Hoegh-Guldberg et al. 2018). The individual
sensitivity of the parameters was analyzed by considering the
average percentual change in the fuzzy system’s output.

The interaction of the four inputs of the proposed fuzzy
system enabled the generation of 81 association rules.

Land use and occupation classes

—LOW

| N\

Moderate

Figure 2 presents the schematic diagram of the fuzzy model
implemented from the R software (R Core Team, 2020).

RESULTS
Model Input Data

Figure 3 presents the maps of the spatial distribution of
the average observed temperature (a) and precipitation (b)
between August and October 2018, as well as the distance

from highways (c) and land use (d) for the respective period
evaluated.

— High

Fire susceptibility

Fuzzy rule set

|

Fuzzy inference system

Very high
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Fig. 2. Schematic diagram of the developed fuzzy inference system
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Fig. 3. Input data of the fuzzy system regarding monthly average temperature between August and October 2018 (a)
retrieved via the MODIS satellite, monthly average precipitation between August and October 2018 (b) retrieved via
the GPM satellite, distance from highways (c) obtained based on DNIT and OpenStreetMap data, and land use and
occupation (d) obtained from MapBiomas
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The surface temperature map obtained via the MODIS
sensor (Figure 3 a) between August and October 2018
shows that the average values ranged from 25 °C to 40 °C,
with the highest temperatures occurring in anthropized
areas, mainly in urban and agricultural areas. Meanwhile,
the lowest temperatures occurred in areas occupied by
forests and natural grasslands. Regarding the average
precipitation accumulated from August to October
registered by the GPM sensor (Figure 3 b), it is evident that
most of the study area had precipitation of 15-20 mm,
with small areas in the central and extreme northern parts
receiving 20-25 mm, and precipitation of 0-15 mm found
in the outer eastern and southern parts.

Regarding the distance from highways and minor roads
(Figure 3 ¢), the study area primarily presented high density
of road network (dark red), especially in the south, where
the majority of rural settlements are concentrated. This high
density can also be observed on the land-use map (Figure
3d), which illustrates the characteristic “herringbone” areas
that correspond to deforestation advance around the
minor roads.

The land-use map for 2018 shows the predominance
of areas occupied by native forests (58.30%), followed by
pasture areas (38.72%), rivers and lakes (1.88%), annual and
perennial agriculture (0.46%), natural fields (0.41%) urban
areas (0.21%), and mining areas (0.01%) during the studied
period. Out of all areas occupied by forests, around 40%
corresponded to areas protected by conservation units,
and the other 10% protected by indigenous lands. In other
words, 50% of the areas occupied by forests in the region
were within protected areas, and the rest consisted of small

40000 180000 320000
1 1 1

forest fragments out of legal reserves and environmental
protection areas. The predominance of anthropogenic
pastures shows that the region was a part of the agricultural
frontier, concentrating 34.02% of the cattle in Rondoénia
(IDARON, 2018).

Mapping of Fire Susceptibility

Figure 4 shows the fire susceptibility classification
map generated by the fuzzy system for the north of
Rondodnia. 47% of the area were classified as having very
high susceptibility, 16% as having high susceptibility, 18%
as having moderate or low susceptibility, and just 0.17% as
having very low susceptibility.

The reliability of the fuzzy system was evaluated using
the overlap between the mapped fire susceptibility classes
with the density of fire outbreaks that were observed by
satellites between August and October 2018, as shown in
Table 2.

It can be noted there is significant agreement between
the fire susceptibility classes mapped by the fuzzy system
and the density of fire outbreaks per km? observed
between August and October 2018 in the region (Table 2).
Notably, the very low and low susceptibility classes show
a hotspot density of 0.01 and 0.09 per km’. Meanwhile,
the hotspots increase substantially in moderate, high,
and very high susceptibility areas. The response of the
model built by the fuzzy system was also evaluated by
considering two extreme weather events (Figure 5). In the
period corresponding to the rainy summer (Figure 5 a),
the study area was predominantly classified as having low
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Fig. 4. Fire susceptibility map for the study area

Table 2. Relationship between the classes of fire susceptibility and observed fire outbreaks in 2018

Susceptibility Classes Area (km?) Area (%) Number of outbreaks of fire Density of fires/km’
Very low 1,731.74 0.17 15.00 0.01
Low 15,861.60 18.28 1,437.00 0.09
Moderate 16,059.00 18.29 9,890.00 0.62
High 14,248.90 16.27 23,514.00 1.65
Very high 41,789.80 47.00 59,910.00 143
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susceptibility to fire. In contrast, for the dry summer period  and very low susceptibility, as shown in Figure 5 ¢ and
(Figure 5 ¢), the fuzzy system model classified the area as Figure 5d.

having a predominance of very high susceptibility.

Regarding the density of fire outbreaks per km?

To assess the accuracy of the results, which was a

, the  crucial step in the modelling process (Pourghasemi et al.

rainy summer period showed low density (Figure 5 ¢), while  2020), the AUC and ROC were used. Figure 6 presents the

the dry summer period showed high density (Figure

5d). AUC values for the ROC curve in 2018, as well as for 2001

It is worth noting that the density of fire outbreaks aligns ~ and 2007. The AUC values for the proposed fuzzy model
with the mapped susceptibility classes. The occurrence  range from 0.709 to 0.879, thus indicating that the model

distribution is denser in areas classified with high and

very  hasa good predictive capacity.

high susceptibility and lower in areas classified with low

190000 330000 470000 610000 190000 330000 470000 610000
1 1 1 1 1 L L 1

I River and Lake N B River and Lake N

Fire susceptibility class A Fire susceptibility class A

I Very low | I Very low B

B Low N Low

Moderate Moderate

- [0 High r - [0 High r

I Very high

8840000 8924000 9008000 9092000

I very high

T

8840000 8924000 9008000 9092000
L
T

8840000 8924000 9008000 9092000
8840000 8924000 9008000 9092000

0 40 80

0 40 80 160 160
Km . o Km
T T T T
190000 330000 470000 610000 190‘000 330‘000 470‘000 610‘000

60 0.14 50 0.7

mmmm Area (%) -+ Focus density (C) WX 042 45 | mmmm Area (%) --%-+ Focus density — (d) 05
: e 40 .
Fo1 8 35 X 05 £
% ; =
= =
= L 0.08 8 ?30 04 3
g - &2 bo
g 006 2 8o 03 2
< z = g
004 § 15 02 5
] 10 - a

0.02 0.1

Very low Low Moderate High Very high

Fire susceptibility classes

0

Very low Low Moderate High Very high

Fire susceptibility classes

Fig. 5. Mapping of the fire susceptibility for a rainy (a) and dry (b) summer, and respective density
of fire outbreaks per km? (c and d)

ROC Curves
= ]
(a)
w
o
@
-_g =
&3
o
o
AUC: 0879
=
=1
I | I | T |
0.0 02 04 06 0.8 1.0
1 - Specificity
ROC Curves ROC Curves
2 o |
(b) (c)
© @
=1 o
£ s £ 5
z S
52 53
™~ o
= o
AUC: 0709 AUC: 0.846
o | e
L r T 1 : : ° 4 T T T T T
0.0 0.2 04 06 08 1.0 00 0.2 0.4 06 0.8 1.0

1 - Specificity

1. Specificity

Fig. 6. Prediction rate curve of the forest fire susceptibility map using the fuzzy model for 2018 (a), 2001 (b) and 2007 (c)

89



GEOGRAPHY, ENVIRONMENT, SUSTAINABILITY

2024

Figure 7 represents the sensitivity analysis of the fuzzy
system performed using 1,000 Monte Carlo simulations.
The graphs show the percentage contribution of each
variable to the model output when individually disturbed
between -10% and +10%.

In random simulations of up to £2.5% in temperature
(Figure 7 a), fire susceptibility can be altered by an average
of +20%. In other words, a 2.5% increase in regional
temperature canresultina 20% increase in fire susceptibility
compared to what is normally observed. Meanwhile,
precipitation showed considerably lower sensitivity when
compared to temperature (Figure 7 b). Disturbances of up
to £2.5% of precipitation alter the average fire susceptibility
by up to +£10%. Thus, a 2.5% reduction in precipitation can
cause an average 10% increase in fire susceptibility to fire
in the study area. Regarding the distance from highways
and minor roads (Figure 7 ¢) and land use (Figure 7 d), the
random simulations showed less significant variations in
the proposed model.

DISCUSSION

Proper mapping of forest fire susceptibility is an
important task within its management. However, this is
still a complicated challenge due to the complexity and
non-linearity of these fires (Moayedi et al. 2020; Sahiner
et al. 2022). This study used the fuzzy inference system
composed of four input parameters (temperature,
precipitation, distance from roads, and land use and
occupation), with a map output showing the spatial
distribution of fire susceptibility. The used method made it
possible to incorporate expert knowledge into the model
and, with the use of linguistic variables and degrees of
pertinence, to smoothen the transition from one class to
another (Zadeh, 1965; Cheng et al. 2022). This allowed the
values of the influencing factors to belong simultaneously
to several levels of susceptibility with different degrees of
association, thus better reflecting the real characteristics of
the events.

The proposed fuzzy system applied in this study
indicated the predominance of areas that were classified
as having very high fire susceptibility in 2018. These areas
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were distributed mainly throughout the south of the study
area, where most of the agricultural and cattle-ranching
lands and the highest road network density could be
found. When these factors were combined with low
precipitation and high temperatures observed during the
evaluated period, they contributed to the predominance
of high and very high fire susceptibility, similar to Cardozo
et al. (2014). On the other hand, the areas identified as
having low and very low fire susceptibility corresponded
to protected areas represented by conservation units and
indigenous lands distributed throughout the north of
the region. However, these areas have recently suffered
from the advancement of anthropogenic activities due
to the construction of unofficial minor roads and land
grabbing, as also demonstrated by Fonseca et al. (2018).
Although the study area had around 58.30% native forest
coverage, 19.25% of them were classified as having high
susceptibility to fire, and other 21% as having very high
susceptibility. These areas corresponded to border zones
with proximity to highways and unofficial minor roads.
When road proximity is combined with the fuel stored in
the forest litter, high temperatures, and low precipitation
rates, it becomes a dominant component for the start of
forest fires.

Furthermore, forest fires have become increasingly
frequent because during intense dry seasons the Amazon
Forest has become more flammable, and thus more
susceptible to fires, as already described by Aragéo et al.
(2018) and Staver et al. (2020), and shown by the model
results for the dry summer period in 2007. There is a
high alignment between mapping results based on the
proposed methodology and the recorded fire instance
data both for 2018 and for 2001 and 2007 with extreme
weather conditions. These results show that the developed
fuzzy model system can adjust to climatic variations
(temperature and precipitation) that occur during extreme
weather events. This emphasizes the high adequacy of the
applied method, which was confirmed by the AUC values
of 0.879 for the year 2018, 0.709 for the rainy summer
period, and 0.846 for the dry summer period.

The results achieved in this research are considered
satisfactory when compared with the AUC values found in

moE (b)
50°

T it it
[ —
L
UL

% change in susceptibility of forest fire
(=]

10 5 0 5 10
% change in precipitation

g

= 100-

g (d)

g 1

‘S 50-

£

2 ) e
B O MRIRIR

g

S

&

g.mo: : : | ‘ .
R -10 5 0 5 10

% change land use

Fig. 7. Sensitivity analysis of the fuzzy system output with a disturbance at -10% and +10% of precipitation (a),
temperature (b), distance from highways, and land use and occupation (d)
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previous research. For example, Pourghasemi et al. (2020),
when employing methods such as mixture discriminant
analysis (MDA) and boosted regression tree (BRT), obtained
AUC values ranging from 82.5% to 88.90%. By employing
joint approaches, Eskandari et al. (2021) observed that
the generalized additive model — multivariate adaptive
regression spline — support vector machine (GAM-MARS-
SVM) method achieved an AUC of 83.00%, which surpassed
the individual models used by the authors. These findings
are consistent with those of Mohajane et al. (2021), who
observed an AUC of 98.90% for the forest random frequency
ratio (RF-FR) method. In both cases, the models were
considered satisfactory and appropriate for the mapping
of fire susceptibility in the respective analysed areas.

Regarding the sensitivity of the input variables of the
fuzzy inference system, the proposed model proved to be
more sensitive to the factors that can alter the flammability
of combustible materials, such as precipitation and
temperature during seasonal changes. In variations of up
to 2.5% in temperature, the model indicated an average
20% increase in fire susceptibility in the region, which is a
worrisome scenario. According to the Intergovernmental
Panel on Climate Change (IPCQ), for the Amazon, there is a
projected 1.5 °C increase in temperature by 2050 (Hoegh-
Guldberg et al. 2018), which can result in an increase in fire
susceptibility beyond what was calculated by the model.
It is worth mentioning the influence of anthropogenic
activity on fire susceptibility. In this study, anthropogenic
areas had an average temperature that was 5 °C higher
than in natural areas (Figure 3a and 3d), which resulted
in greater fire susceptibility, as reported in other studies
(Oliveira et al. 2021; Silva et al. 2023).

Moreover, regional atmospheric conditions, such as
strong anticyclones over the continent, for example, the
South Atlantic Subtropical High, inhibit the formation of
rain clouds north of the state of Rondénia. These conditions
contribute to low precipitation between August and
October in this region, which increases the flammability
and burning potential of the combustible material (Tejas
et al. 2012; Francga, 2015; Aragdo et al. 2018; Ribeiro et al.
2020).

Thus, adopting an integrated command and control
system that encompasses public policies and includes
prevention techniques for fighting and controlling fires
is essential for the region. As such, the methodology
presented for fire susceptibility mapping, which integrates
the fuzzy system with data obtained from remote sensing
techniques and GIS, can provide the basis for local
environmental planning.

It is worth noting that, although the Brazilian Forest
Code, Law No. 12,651, of May 25, 2012, provides for the
creation of the National Integrated Fire Management
Policy (PNMIF), this system has not been completed yet
(Brasil, 2020). The reflection of the absence of the system
that centralizes firefighting efforts in Brazil makes these
events historically excessive, such as those observed in the
study area between August and October 2018, with about
94,766 registered fire outbreaks.

The absence of an effective fire control system,
combined with the anthropogenic activity in the region,
which includes deforestation for shifting agricultural
practices and pastures and the practice of using fire to
clear degraded pastures, and extreme droughts, are the
main reasons for the high fire rates in this region (Cardozo
et al. 2014; Aragao et al. 2018; Chuvieco et al. 2019; Barlow
et al. 2019; Caula et al. 2019; Staver et al. 2019; Ribeiro et al.
2020).

Advantages and Limitations

The ability of fuzzy inference systems to handle
most inaccuracy sources in remote sensing data, such
as uncertainties in sensor measurements, parameter
variations due to limited sensor calibration, and class
mixing due to limited spatial resolution, and other (Benz et
al. 2004), gives the fuzzy system an advantage over other
methods that are usually implemented for mapping forest
fire susceptibility.

In this study, the uncertainties related to the
disagreement between the expert class intervals were
considered using fuzzy sets, which were defined by
membership functions and allowed the incorporation
of a combination of subjective data into a fuzzy domain,
thus making it possible to build inference systems based
on expert experience and deal with inaccurate data
(Zadeh, 1965). In addition, it allowed influencing factors
to belong simultaneously to more than one susceptibility
class, however, with different degrees of association
(Zadeh, 1965; Cheng et al. 2022) to better reflect the real
characteristics of fire susceptibility that are observed in the
region.

Nonetheless, it is worth mentioning that in a grid-
type partition fuzzy inference system the number of rules
is given by the combination of linguistic values, in other
words, the number of rules can increase exponentially
as a function of the number of input variables (Bressane
et al. 2020; Fernandes et al. 2023). In this study, only four
inputs were selected to compose the model; however, for
cases in which a greater number of explanatory factors are
introduced, this would negatively affect the transparency
and interpretability of the fuzzy inference system, and,
consequently, its replication (Ojha et al. 2019). One of the
solutions would be the optimization of input factors using
metaheuristics (Moayed et al. 2022).

CONCLUSIONS

The methodology presented for mapping fire
susceptibility by integrating a fuzzy inference system
with data obtained via remote sensing techniques and
GIS tools proved to be highly effective, especially when
implemented for precipitation, temperature, distance from
highways, and land use as input variables. The findings
indicate that the study area had a predominantly high fire
susceptibility, especially when considering the climatic
characteristics observed between August and October
(during the dry season) and the land use patterns of the
region.

The areas classified with very high susceptibility by the
fuzzy system were located predominantly in the south of
the study area, where agricultural and livestock activity
prevails. On the other hand, the areas that had low and
very low susceptibility were concentrated primarily in
conservation units and indigenous lands, which shows the
importance of these protected areas.

The comparison between the mapped fire susceptibility
classes and the density of registered fire outbreaks showed
a strong spatial coincidence, which reinforces the credibility
of the fire susceptibility mapping based on the proposed
methodology, and these results were confirmed by the
AUC values (mean of 0.81), thus indicating an impressive
predictive capacity of the model.

Thus, the results obtained in this study can be used
to inform the community, fire departments, and local
authorities about areas that are most susceptible to fires.
The findings can also be used to highlight areas that are
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conducive to controlled burning, with the aim of reducing
the accumulation of combustible material, contributing to
the prevention of uncontrollable fires.

Finally, the obtained results can significantly contribute
to land management and planning policies, including the

REFERENCES

possibility of integrating similar data in other regions. They
can also assist the decision-making process when fighting
fires. However, for implementation in other regions, it is
necessary to incorporate sufficient information regarding
local factors that can influence forest fires. [l

Acarogly, O.; Ozdemir, L; Asbury, B. (2008). A fuzzy logic model to predict specific energy requirement for TBM performance prediction.
Tunnelling and Underground Space Technology. v. 23, n. 5, p. 600-608. DOI: 10.1016/j.tust.2007.11.003

Adab, H.; Kanniah, K. D.; Solaimani, K. (2013). Modeling forest fire risk in the northeast of Iran using remote sensing and GIS techniques.
Natural Hazards, v. 65, p. 1723-1743.DOI: 10.1007/511069-012-0450-8

Alves, M. T Piontekowski, V. J; Buscardo, E,; Pedlowski, M.; SanoE. E.; Matricardi, E. A. T. (2021). Effects of settlement designs on
deforestation and fragmentation in the Brazilian Amazon. Land Use Policy, v. 109. DOI: 10.1016/j.landusepol.2021.105710

Aquilué, N.; Fortin, M-J,; Messier, C; Brotons, L. (2020). The Potential of Agricultural Conversion to Shape Forest Fire Regimes in
Mediterranean Landscapes. Ecosystems. v. 23. p. 34-51. DOI: 10.1007/510021-019-00385-7

Aragdo, L,; Anderson, L.O,; Fonseca, M.G,; Rosan, TM.; Vedovato,L.B,; Wagner, FH.; Silva, C. V. J; Silva Junior, C. H. L; Arai, E; Aguiar, A. P;
Barlow, J,; Berenguer, E; Deeter, M. N.; Domingues, L. G; Gatti, L; Gloor, M,; Malhi, Y. Marengo, J. A,; Miller, J. B,; Phillips, O. L; Saatchi, S. (2018).
21st Century drought-related fires counteract the decline of Amazon deforestation carbon emissions. Nature Communications, p. 1-12. DOI:
10.1038/541467-017-02771-y

Araya-Mufoz, D.; Metzger, M,; Stuart, N.; Wilson, A. M. W,; Carvajal, D. (2017). A spatial fuzzy logic approach to urban multi-hazard impact
assessment in Concepcion, Chile, v. 576, p. 508-519. DOI: 10.1016/j.scitotenv.2016.10.077

Assis, F.R.V,; Mendonga, I. F. C; Silva, J. E. R; Lima, J. R. (2014). Uso de geotecnologias na locacéo espacial de torres para detec¢do de
incéndios florestais no Semiarido Nordestino. Floresta. v. 44, n. 1, p. 133-142. DOI: 10.5380/rf.v44i1.32618

Barlow, J,; Berenguer, E,; Carmenta, R, Franga, F. (2019). Clarifying Amazonia’s burning crisis. Global Change Biology. v. 26, n. 2, p. 319-321.
DOI:10.1111/gcb.14872

Benz, U. C; Hofmann, P; Wilhauck, G,; Lingenfelder, |; Heynen, M. (2004). Multi-resolution, object-oriented fuzzy analysis of remote
sensing data for GIS-ready information. ISPRS Journal of Photogrammetry and Remote Sensing, v. 58, n. 3—4, 2004, p. 239-258. DOI: 10.1016/j.
isprsjprs.2003.10.002

Bonazountas, M.; Kallidromitou, D.; Kassomenos, P. A.; Passas, N. (2005). Forest Fire Risk Analysis. Human and Ecological Risk Assessment:
An International Journal. v. 11, n. 3. p. 617-626. DOI: 10.1080/10807030590949717

Brasil (2020). Projeto de Lei (PL): Institui a Politica Nacional de Manejo Integrado do Fogo. Available at: http://www.planalto.gov.br/
CCIVIL_03/Projetos/PL/2018/msg774-dezembro2018.htm [Accessed 25 Oct. 2022].

Bressane, A; Silva, P. M,; Fiore, F. A; Carra, T. A; Ewbank, H.; Decarli, B. P; Mota, M. T. (2020). Fuzzy-based computational intelligence to
support screening decision in environmental impact assessment: A complementary tool for a case-by-case project appraisal. Environmental
Impact Assessment Review, v. 85. DOI: 10.1016/j.eiar.2020.106446

Bui, D.T; Bui, Q. T; Nguyen, Q. P; Pradhan, B, H. Nampak, H.; Trinh, P T. (2017). A hybrid artificial intelligence approach using GlS-based
neural-fuzzy inference system and particle swarm optimization for forest fire susceptibility modeling at a tropical area. Agricultural and Forest
Meteorology, v. 233, p. 32-44. DOI: 10.1016/j.agrformet.2016.11.002

Cardozo, F. S,; Pereira, G,; Shimabukuro, Y. E.; Moraes, E. C. (2014). Anélise das mudancas dos parametros fisicos da superficie derivados
das queimadas no estado de Rondoénia. Boletim de Ciéncias Geodésicas. v. 20, n. 4. p. 830-854. DOI: 10.1590/51982-21702014000400047

Carmo, M.; Moreira, F; Casimiro, P; Vaz, P. (2011). Land use and topography influences on wildfire occurrence in northern Portugal.
Landscape and Urban Planning. v. 100. n. 1-2. p. 169-176. DOI: 10.1016/j.landurbplan.2010.11.017

Caula, R. H,; Oliveira-Junior, J. F. Lyra, G. B, Delgado, R. C; Filho, P. F. L. (2015). Overview off fire foci causes and localitions in Brazil based
on meteorological satellite data from 1998 to 2011.Enviromental Earth Science. v. 74. p. 1497-1508. DOI: 10.1007/512665-015-4142-z

Chen, W, Zhang, S., Li, R, & Shahabi, H. (2018). Performance evaluation of the GIS-based data mining techniques of best-first decision
tree, random forest, and naive Bayes tree for landslide susceptibility modeling. Science of the Total Environment, 644, 1006- 1018. DOI:
10.1016/j.scitotenv.2018.06.389

Cheng, H.; Zhu, L; Meng, J. (2022). Fuzzy evaluation of the ecological security of land resources in mainland China based on the Pressure-
State-Response framework. Science of The Total Environment, v. 804. DOI: 10.1016/j.scitotenv.2021.150053

Chuvieco, E; Mouillot, F; Werf, G.R.V,; Miguel, J. S, Tanase, M,; Koutsias, N.; Garcia, M.; Yebra, M,; Padilla, M.; Gitas, L; Heil, A, Hawbaker, T. J,;
Giglio, L. (2019). Historical background and current developments for mapping burned area from satellite Earth observation. Remote Sensing
of Environment, v. 225, p. 45-64. DOI: 10.1016/j.rse.2019.02.013

Cocconello, M. S,; Bassanezi, R. C; Brandéo, A. J.V; Leite, J. (2014). On the stability of fuzzy dynamical systems. Fuzzy Sets and Systems. v.
248,n.1.p.106-121.DOI: 10.1016/j.f55.2013.12.009

Duarte, M. L. Sousa, J. A. P; Castro, A. L; Lourenco, R.W. (2021). Dynamics of land use in a rural settlement in the Brazilian Legal Amazon.
Brazilian Journal of Environmental Sciences, v. 56, n. 3, p. 375-384. DOI: 10.5327/7217694781005

DNIT - Departamento Nacional de Infraestrutura de Transportes. (2020). Rodovias do Brasil (Shapefiles). Available at: http://www.dnit.
gov.br/mapas-multimodais/shapefiles [Accessed 23 Oct. 2022].

Eugenio, F. C; Santos, A. R, Fieldler, N. C;; Ribeiro, G. A;; Silva, A. G,; Juvanhol, R. J; Schettino, V. R,; Marcatti, G. E;; Domingues, G. F; Santos,
G. M. A. A; Pezzopane, J. M, Pedra, B. D.; Banhos, A.; Martins, L. D. (2016). GIS applied to location of fires detection towers in domain area of
tropical forest. Science of The Total Environment. v. 562, n. 15. p. 542-549. DOI: 10.1016/j.scitotenv.2016.03.231

ESRI (2016). Software ArcGis 10.5

Eskandari, S.; Pourghasemi, H. R; Tiefenbacher, J. P. (2021). Fire-susceptibility mapping in the natural areas of Iran using new and
ensemble data-mining models. Environmental Science and Pollution Research, v. 28, p. 47395-47406. DOI: 10.1007/511356-021-13881-y

Fonseca, A; Salomao, R; Ribeiro, J; Souza Jr. C. (2018). Ameaca e pressdo de desmatamento em Areas Protegidas: SAD agosto de 2017
a julho de 2018. Instituto do Homem e Meio Ambiente da Amazonia — IMAZON. 2p. Available at: https://imazon.org.br/ [Accessed 27 Oct.
2022].

Franga, R.R. (2015). Climatologia das chuvas em Rondénia — periodo 1981-2011. Revista Geografias.v. 11, n. 1. p. 44-58.

92



M. L. Duarte, T. Acacio da Silva, J. A. Paixao de Sousa et al. FUZZY INFERENCE SYSTEM FOR MAPPING FOREST FIRE ...

Fernandes, P.H. De Godoy,, Silva, T. A,; Duarte, M. L; Sousa, J,; Dupas, . A. (2023). Fuzzy inference system for environmental vulnerability
assessment of protected areas: a case study of the Itupararanga environmental protection area in southeastern Brazil. International Journal
of River Basin Management, p. 1-16. DOI: 10.1080/15715124.2023.226036 1

Gizatullin, A. T.; Alekseenko, N. A. Prediction of Wildfires Based on the Spatio-Temporal Variability of Fire Danger Factors. Geography,
Environment, Sustainability, 2(15), p 31-37. DOI: 10.24057/2071-9388-2021-139

Gholamnia, K; Nachappa, T. G.; Gorbanzadeh, O, Blaschke, T. (2020). Comparisons of Diverse Machine Learning Approaches for Wildfire
Susceptibility Mapping. Symmetry. v. 12, n. 4. DOI: 10.3390/sym 12040604

Gomis-Cebolla, J; Jimenez, J. C; Sobrino, J. A. (2018). LST retrieval algorithm adapted to the Amazon evergreen forests using MODIS
data. Remote Sensing of Environment, v. 204, p. 401-411. DOI: 10.1016/j.rse.2017.10.015

Gralewicz, N. J; Nelson, T. A,; Wulder, M. A. (2012). Factors influencing national scale wildfire susceptibility in Canada. Forest Ecology and
Management. v. 265, n. 1. p. 20-29. DOI: 10.1016/j.foreco.2011.10.031

Hoegh-Guldberg, O, Jacob, D, Taylor, M,; Bindi, M.; Brown, S.; Camilloni, I; Diedhiou, A;; Djalante, R;; Ebi, K. L; Engelbrecht, F; Guiot, J,;
Hijioka, Y; Mehrotra, S,; Payne, A; Seneviratne, S. |; Thomas, A; Warren, R; Zhou, G. (2018). Impacts of 1.5°C Global Warming on Natural and
Human Systems. In: Global Warming of 1.5°C. Available at: https://www.ipcc.ch/sr15/ [Accessed 23 Oct. 2022].

IDARON. (2022). Agéncia de Defesa Sanitdria Agrosilvopastoril do Estado de Ronddnia. Gerencia Animal. Campanha de Vacinagéo 2018.
Available at: http://www.idaron.ro.gov.br/index.php/gerencia-animal/ [Accessed 23 Oct. 2022].

INPE-Instituto Nacional de Pesquisas Espaciais. (2022). Monitoramento dos Focos Ativos por Pafses. Available at: http://queimadas.dgi.
inpe.br/queimadas/portal-static/estatisticas_paises/ [Accessed 04 Oct. 2022].

Jaiswal, R. K; Mukherjee, S.; Raju, K. D,; Saxena, R. (2002). Forest fire risk zone mapping from satellite imagery and GIS. International
Journal of Applied Earth Observation and Geoinformation. v. 4, n. 1, p. 1-10. DOI: 10.1016/50303-2434(02)00006-5

JAXA - Japan Aerospace Exploration Agency. (2022). Global Satellite Mapping of Precipitation. Available at: https://globaljaxa.jp/policy.
html [Accessed 04 Oct. 2022].

Lopes, E. R. N.; Souza, J. C; Sousa, J. A. P; Filho, J. L. A; Lourenco, R. W. (2021). Anthropic Exposure Indicator for River Basins Based on
Landscape Characterization and Fuzzy Inference. Water Resources, 48, 29-40. DOI: 10.1134/50097807821010140

Machado, J. A; Lopes, A. M. (2014). Analysis of Forest Fires by means of Pseudo Phase Plane and Multidimensional Scaling Methods.
Mathematical Problems in Engineering. v. p. 1-8. DOI: 10.1155/2014/575872

Mamdani, E. H,; Assilian, S. (1975). An experiment in linguistic synthesis whit a fuzzy logic controller. International Journal of Man-
Machine Studies. v.7,n. 1, p. 1-13. DOI: 10.1016/50020-7373(75)80002-2

MapBiomas - Projeto MapBiomas Alerta - versédo 4.1 (2020). Sistema de Validacdo e Refinamento de Alertas de Desmatamento com
Imagens de Alta Resolugao. Available at: https://mapbiomas.org/ [Accessed 04 Oct. 2022].

Melo, A. S; Justino, F. B; Melo, E. C. S; Vale Silva, T. L. (2012). Indices de risco de fogo de Haines e Setzer em diferentes condicoes
climaticas. Mercator. v. 11, n. 24. p. 187-207. DOI: 10.4215/RM2012.1124. 0012
Moayedi, H. Mehrabi, M.; Bui, D. T, Pradhan, B, Foong, L. K. (2020). Fuzzy-metaheuristic ensembles for spatial assessment of forest fire
susceptibility. Journal of Environmental Management, v. 260. DOI: 10.1016/j.jenvman.2019.109867

Mohammadi, F; Bavaghar, M. P; Shabanian, N. (2014). Forest Fire Risk Zone Modeling Using Logistic Regression and GIS: An Iranian Case
Study. Small-scale Forestry, v. 13, p. 117-125. DOI: 10.1007/511842-013-9244-4

Mohajane, M.; Costache, R, Karimi, F; Bao Pham, Q; Essahlaoui, A; Nguyen, H,; Laneve, G.; Oudija, F. (2021). Application of remote
sensing and machine learning algorithms for forest fire mapping in a Mediterranean Area. Ecological Indicators v. 129, 107869. DOI: 10.1016/j.
ecolind.2021.107869

Mota, P H. S.;Rocha, S. J.S. S,; Castro, N. L. M,; Franca, L. C. J,; Schettini, B. L. S,; Villanova, P. H.; Santos, H. T; Santos, A. R. (2019). Forest fire
hazard zoning in Mato Grosso State, Brazil. Land Use Policy. v. 88, p. 1-6. DOI: 10.1016/j.landusepol.2019.104206

NASA (2020). Fire Information for Resource Management System (FIRMS). Available at: https://firms.modaps.eosdis.nasa.gov/download/
[Accessed 09 Oct. 2022].

Nascimento, O. S.; Souza, I. R;; Nascimento, W. P. S.; Nascimento, J. S. (2017). Anélise espago-temporal dos focos de calor no municipio de
Parnagud Piauf, entre 2008 a 2015. Revista Brasileira de Gestdao Ambiental. v.11,n.1, p.193 -199.

Nikolova, N. Zlateva, P; Todorov, L. (2021). Fuzzy Logic Approach to Complex Assessment of Drought Vulnerability, IFIP Advances in
Information and Communication Technology, v. 622. DOI: 10.1007/978-3-030-81469-4_24

Nwazelibe, V. E.; Unigwe, C. O, Egbueri, J. C. (2023). Testing the performances of different fuzzy overlay methods in GIS-based landslide
susceptibility mapping of Udi Province, SE Nigeria, CATENA, v. 220. DOI: 10.1016/j.catena.2022.106654

Ojha, V,; Abrahan, A; Snésel, V. (2019). Heuristic design of fuzzy inference systems: A review of three decades of research. Engineering
Applications of Artificial Intelligence, v. 85, p. 845-864. DOI: 10.1016/j.engappai.2019.08.010

Oliveira, A. L. S.; Nero, M. A; Junior, J. R. T, Candeias, A. L. B, Nébrega, R. A. A. (2017). Comparacao e validagdo da modelagem espacial de
risco de incéndios considerando diferentes métodos de predicao. Bulletin of Geodetic Sciences. v. 23, n. 4, p. 556-577. 2017. DOI: 10.1590/
$1982-21702017000400037

Oliveira, A. B.F; Bottino, M. J; Nobre, P; Nobre, C. A. (2021). Deforestation and climate change are projected to increase heat stress risk in
the Brazilian Amazon. Communications Earth & Environment, v. 2, p. 1-8. DOI: 10.1038/543247-021-00275-8

OSM Foundation. (2020). OpenStreetMap Foundation. United Kingdom. Available at: https.//www.openstreetmap.org/copyright
[Accessed 04 Oct. 2022].

Parente, J.; Pereira, M. G. (2016). Structural fire risk: the case of Portugal. Science of the total Environmental. V. 573, n. 15. P. 883-893. DOI:
10.1016/j.scitotenv.2016.08.164

Pourghasemi, H. R; Gayen, A; Lasaponara, R.; Tiefenbacher, J. P. (2020). Application of learning vector quantization and different machine
learning techniques to assessing forest fire influence factors and spatial modelling. Environmental Research. v. 184, p. 1-12. DOI: 10.1016/j.
envres.2020.109321

R Core Team (2020). R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria.
Available at: https://www.r-project.org/ [Accessed 03 Oct. 2022].

Ribeiro, L.; Soares, R. V.; Bepller, M. (2012). Mapeamento do risco de incéndios florestais no municipio de Novo Mundo, Mato Grosso,
Brasil. Cerne, v. 18,n. 1, p. 117-126. DOI: 10.1590/50104-77602012000100014

Ribeiro, T. M,; Mendonca, B. A. F; Oliveira-Junior, J. F; Fernandes-Filho, E. I. (2020). Fire foci assessment in the Western Amazon (2000-
2015). 2020. Environment, Development and Sustainability. DOI: 10.1007/510668-020-00632-1

93



GEOGRAPHY, ENVIRONMENT, SUSTAINABILITY 2024

Romén-Flores, H.; Chalco-Cano, Y, Figueroa-Garcia, J. C. (2020) A note on defuzzification of type-2 fuzzy intervals. Fuzzy Sets and Systems.
DOI: 10.1016/j.f55.2019.06.011

Sahana, M, Patel, P. P. (2019) A comparison of frequency ratio and fuzzy logic models for flood susceptibility assessment of the lower
Kosi River Basin in India. Environmental Earth Sciences, 78. DOI: 10.1007/512665-019-8285-1

Sahiner, A; Ermis, E.; Karakoyun, M. H,; Awan, M. W. (2022) Determining the most effective way of intervention in forest fires with fuzzy
logic modeling: the case of Antalya/Turkiye. Natural Hazards. DOI: 10.1007/511069-022-05763-4

Santos, L. O. F; Querino, C. A. S; Querino, J. K. A. S.; Junior, A. L. P; Moura, A. R. M.; Machado, N. G;; Biudes, M. S. (2019). Validation of rainfall
data estimated by GPM satellite on Southern Amazon region. Revista Ambiente & Agua, v.14, n.1.DOI: 10.4136/ambi-agua.2249

Schlindwein, J. A; Marcolan, A. L, Fioreli-Perira, E. C; Pequeno, P. L. L; Militdo, J. S. T. L. (2012). Solos de Ronddnia: usos e perspectivas.
Revista Brasileira de Ciéncia da Amazonia, v. 1,n. 1. p. 213-231.

SEDAM - Secretaria de Estado do Desenvolvimento Ambiental. (2020). Relatério de Alerta de Focos de calor. Available at: http://coreh.
sedam.ro.gov.br/focos-de-queimada/ [Accessed 17 Oct. 2022].

SEMA-Secretaria Municipal de Meio Ambiente. (2012). Revisdo do Plano de Manejo do Parque Natural Municipal de Porto Velho. 244pp.
Available at: https://sema.portovelho.ro.gov.br//artigo/23660/protecao-integral [Accessed 10 Oct. 2022].

Silva, I. D. B, Pontes Jr. A. C. F. (2011). Elaboracdo de um fator de risco de incéndio florestal utilizando Iégica fuzzy. Biomatematica. v. 21,
p.113-128.

Silva, M. J. G,; Querino, C. A. S,; Neto, L. A. S,; Machado, N. G.; Militéo, J. S,; Biudes, M. S. (2018). Efeito da ocupacdo do solo sobre o clima
de Porto Velho, Rondonia, Brasil. RAEGA, v. 43, p. 232-251. DOI: 10.5380/raega.v43i0.48753

Silva, R.M. Da,; Lopes, A. G,; Santos, C. A. G. (2023). Deforestation and fires in the Brazilian Amazon from 2001 to 2020: Impacts on rainfall
variability and land surface temperature. Journal of Environmental Management, v. 326, p. 116664, 2023. DOI: 10.1016/jjenvman.2022.116664

Souza, J. C; Sales, J. C. A; Lopes, E. R. N.; Roveda, J. A. F; Roveda, S. R. M. M,; Lourenco, R. W. (2019). Valuation methodology of laminar
erosion potential using fuzzy inference systems in a Brazilian savanna. Environmental Monitoring and Assessment, v. 191. DOI: 10.1007/
510661-019-7789-1

Staver, A,; Brando, P. M.; Barlow, J.; Morton, D. C,; Piane, C. E; alhi, Y, Murakami, A. A; Pasquel, J. d. A. (2020). Thinner bark increases
sensitivity of wetter Amazonian tropical forests to fire. Ecology Letters. v. 23, n. 1, p. 99-106. DOI: 10.1111/ele.13409

Tejas, G. T, Souza, R. M. da S;; Franca, R. R;; Nunes, D. D. (2012) Estudo da variabilidade climética em Porto Velho-Brasil no periodo de
1982-2011. Revista de Geografia. v. 29, n, 2. p. 63-82.

USGS - United States Geological Survey (2020). MODIS/Terra Land Surface Temperature/Emissivity 8-Day L3 Global 1. Available at:
https://doi.org/10.5067/MODIS/MOD11A2.006 [Accessed 15 Oct. 2022].

Vadrevu, K. P; Eaturu, A; Badarinath, K. V. S. (2006). Spatial distribution of forest fires and controlling factors in Andhra Pradesh, India using
spot satellite datasets. Environmental Monitoring and Assessment, v. 123, n. 1-3, p. 75-96. DOI: 10.1007/510661-005-9122-4

Venkatesh, K;; Preethi, K; Ramesh, H. (2020). Evaluating the effects of forest fire on water balance using fire susceptibility maps. Ecological
Indicators.v. 110, p. 1-14. DOI: 10.1016/j.ecolind.2019.105856

Venturi, N.L; Antunes, A. F. B. (2007). Determinacéo de locais 6timos para implantacdo de torres de vigilancia para deteccdo de incéndios
florestais por meio de Sistema de Informagdes Geograficas. Floresta. v. 37, n. 2, p. 159-173.2007. DOI: 10.5380/rf.v37i2.8647

White, L. A. S.,; White, B. L. A, Ribeiro, G.T. (2016). Modelagem espacial do risco de incéndio florestal para o Municipio de Inhambupe, BA.
Brazilian Journal of Forestry Research. v. 36, n. 85, p. 41-49. DOI: 10.4336/2016.pfb.36.85.850

Zadeh, L. A. (1965) Fuzzy sets. Information and Control, v. 8, n. 3, p. 338-353. DOI: 10.1016/50019-9958(65)90241-X

94



