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In recent decades, the occurrence of forest fires has increased, causing damage to wild
flora and fauna. For this reason, it is necessary to determine the areas susceptible to the
occurrence of this phenomenon and thus implement policies for its management. In this
study, the AHP and GIS method were used to map areas susceptible to forest fires in the
province of Rodr Guez de Mendoza located in the southern Amazon region of Peru, using
climatic variables (Temperature, Precipitation and Wind Speed), topographic (altitude,
slope and aspect), socioeconomic (proximity to roads and distance to populated centers)
and biological (NDVI). The results indicate that 23.65% of the area is in the high-risk
class and 19.05% in the very high-risk class. These risk levels are directly related to the
topographic, meteorological, social and biological variables, and could trigger large-scale
fires, generating losses in biological diversity and economic losses. It is concluded that
42.70% of the study area is classified as high and very high-risk areas, which makes it
necessary to take relevant measures to reduce the risk of natural disasters; Furthermore,
the methodology used in this research can be used in other provinces that have similar

conditions.

1. INTRODUCTION

The Food and Agriculture Organization of the United
Nations (FAO) mentions that the land area with a forest
component covers 4.06 billion hectares (30.06%) of the land
area; however, this type of component is threatened by
deforestation, forest degradation and forest fires [1].

The Food and Agriculture Organization of the United
Nations (FAO) indicated that the land area with a forest
component covers 4.06 billion hectares (30.06%); however,
this type of component is threatened by deforestation, forest
degradation and forest fires [1]. Due to their exponential
increase in terms of occurrence and severity, forest fires have
become a major concern for many regions [2].

Several factors are involved in the initiation and
development of a forest fire, including the availability of
combustible material, climatic conditions, topographic
characteristics of the terrain and the ignition source [3, 4].
Forest fires can be caused in two ways, the first has to do with
natural events such as volcanoes and lightning, the second has
to do with anthropogenic events, as humans can trigger forest
fires by negligence or carelessness and by their own will to
obtain some personal benefit [5], even though forest fires are
beneficial for some ecological processes in forests when forest
fires are caused by humans the damage increases
exponentially as they put people's lives at risk and cause
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economic damage through the destruction of infrastructure [6],
worldwide there are alarming reports on mortality due to this
event, Sinha et al. [7] indicate that in the 10 countries most
affected by forest fires the number of fatalities due to forest
fires between the years 1900 and 2022 amounts to 2851 people.

To minimize the ecological and economic impact of forest
fires, risk areas must be identified and the necessary
precautionary measures must be adopted to prevent them [8].
An accurate assessment method is risk maps prepared using
data layers of risk factors for the occurrence of a forest fire [9].
By using geographic information systems (GIS) and statistical
methods, it is feasible to create a spatial map that describes
potential forest fire risk areas in different geographic regions
[10]. Susceptibility mapping involves the analysis of a multi-
temporal data set, Sivrikaya and Kiigiik [11] indicate that four
main criteria are used to prepare them: the structure of the
forest, the topography, the environment and the climate.
Pragya et al. [10] chose seventeen potential indicators for the
evaluation of vulnerability to forest fires, these indicators
covered physiographic factors, meteorological factors and
anthropogenic  factors that significantly affect fire
susceptibility. In a similar study, Sari [12] generated zones of
susceptibility to forest fires considering environmental,
forestry, topographical, economic and meteorological
parameters.
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The need to develop studies where it is possible to know the
areas that are susceptible to the occurrence of forest fires is
very important, since it makes it possible to implement
appropriate policies and plans to mitigate the damage that can
be generated. Thus, over time, much research has been
developed with the aim of studying forest fires using
techniques such as geographic information systems (GIS) and
remote sensing (RS) [12-15], since they provide an advanced
tool with reliable spatial results that effectively contribute to
fire risk management and are presented as a solution
instrument to these problems, in addition to achieving the
conservation of natural resources and reducing the number of
victims [14].

Traditional measurements are very useful for assessing
wildfire risk; however, they are expensive, time-consuming,
and inaccurate [16] In the last decade, GIS techniques have
been integrated with multi-criteria analysis to provide a rapid
and effective method for fire risk mapping [17], as they
identify various fire risk variables, such as topography, land
surface temperature, vegetation types and meteorological
conditions, in addition to allowing quick, economical and
precise analyzes to generate a fire risk map [9, 11, 18].

In the literature, some multi-criteria analysis methods used
are analytic hierarchy process (AHP), analytic network
process (ANP), artificial neural networks (ANN) and fuzzy
logic [11, 19]. The analytic hierarchy process (AHP) is one of
the most widely used multi-criteria analysis methods for
solving spatial problems and can be used as a tool for forest
fire planning [10, 16, 18].

On the other hand, when trying to solve problems involving
several variables such as forest fires, it is common to use
multi-criteria analysis methods such as the Hierarchical
Analysis Process (AHP) [19-21]. This method was developed
by Saaty (1980) and is commonly used in multicriteria
decision making exercises as it is useful for determining
relative weights [22], the AHP method is often used in

combination with other methods such as machine learning [23].

Because GIS techniques and the AHP method present optimal
results for multicriteria analysis, over the years several
researchers have been integrating this methodology to map
areas susceptible to the occurrence of forest fires [24, 25].

In Peru, specifically in the Amazon region, the problems
generated by forest fires are similar to those in other countries,
as they are caused by both natural and anthropogenic factors.
In this country there are few studies to map areas susceptible
to forest fires using GIS and AHP [26], other studies use GIS
and the AdaBoost algorithm [27], GIS and the MaxEnt
algorithm [28].

This study integrated GIS techniques and the AHP method
as a multi-criteria evaluation method to map areas susceptible
to forest fires in the province of Rodriguez de Mendoza in the
southern Amazon region of Peru, taking into account the
specialization of climatic, topographic, socioeconomic and
biotic factors. Based on this, the results obtained in this
research will be of great help to the competent authorities and
institutions so that, based on the mapping carried out, they can
apply management, contingency and mitigation plans for
forest fires, which represent a social and environmental risk.

2. MATERIALS AND METHODS
2.1 Study area

Rodr guez de Mendoza is one of the seven provinces of the
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Amazonas region, located in northwestern Peru. It is bordered
on the north, south and east by the San Martin region and on
the west by the province of Chachapoyas. It covers an area of
2359 km?, which represents approximately 20.35% of the
region's territory and has 31,192 inhabitants. The study area
has an altitudinal range from 1022 m to 3778 m above sea level.
The climate is hot and humid, with temperatures ranging from
12°C to 30°C (Figure 1).

* Hotspots » Bl

[ Provincial boundaries 176774213520

Figure 1. Location of the province of Rodriguez de Mendoza
2.2 Acquisition and editing of the database

In order to build the forest fire risk model, all the factors
involved in the triggering of forest fires such as anthropogenic,
topographic and environmental factors must be taken into
account [29, 30]; for such reason, the variables contemplated
for this study were grouped into 4 factors: meteorological
factor (temperature, precipitation (mm) and wind speed (m/s)),
topographic factor (altitude, slope and aspect); biological
factor (Normalized Difference Vegetation Index-NDVI) and
the social factor (distance to roads and the distance to
populated centers), all the variables contemplated contribute
to the onset and spread of forest fires.

The editing and pre-processing of each of the factor
variables was carried out in QGis 3.18.3 software according to
the following process:

a)  Meteorological factor

Meteorological variables are considered to be of great
importance for the occurrence of forest fires, since they
interrelate with each other easily and make the territories easy
for fire initiation.

Variable 1-Temperature, Variable 2-Rainfall and Variable
3-Wind speed

The variable temperature (V1) and precipitation (V2) are
important to evaluate the risk of forest fires, since in dry places
and with high temperatures the combustible material is more
prone to forest fires [2, 31]; on the other hand, the variable
wind speed (V3) makes the fire spread more easily and
intensely, making the higher the wind speed index, the more
vulnerable the areas are [32]. For the elaboration of these
variables, matrix images in raster format of monthly
temperature and precipitation, as well as wind speed were
obtained from the WorldClim database
(http://ww.worldclim.org) version 2.1 with a spatial
resolution of 30 s (1 km3}, then cut, reprojected and resampled



(spatial resolution of 30 m) by "extract by mask",
coordinates™ and "resampling", respectively.

b)  Topographic factor

Territories with higher altitudes, steep slopes and high
exposure to sunlight are vulnerable to the occurrence of forest
fires.
Variable 4-Altitude, Variable 5-Slope and Variable 6-
Appearance

The variables of the topographic factor were generated from
a Digital Elevation Model (DEM) of the SRTM (Shuttle Radar
Topography Mission) radar system of 30 m spatial resolution
obtained from the United States Geological Survey (USGS)
website (https://earthexplorer.usgs.gov/). The variable altitude
above sea level (V4) influences the occurrence of forest fires
because the humidity of the site depends on it, since the higher
the altitude, the higher the relative humidity, as well as the
wind speed and the exposure of the land to solar radiation. The
slope variable (V5) is essential to be able to model the risk for
forest fire occurrence because as the slope angle increases the
fire spreads faster [29, 33, 34], to obtain this variable the DEM
was processed using the "slope" tool. The terrain aspect
variable (V6) The indicates the risk to forest fires, since it
represents the direct contact that the terrestrial surface has with
the sun's rays, which facilitates the flammability of
combustible material [35], as well as spaces with greater
presence of high temperatures and vegetation with lower
moisture content [36]. The aspect variable was obtained from
DEM processing using the "aspect" tool.

c)  Biological factor
Variable 7-Normalized vegetation index-NDVI

Evaluating the presence of vegetation, as well as the state of
health in which it is found and how it behaves is important to
determine the risk of forest fires, since it helps to interpret how
the vegetation is in its entire process [1]. Therefore, NDVI
takes values ranging from -1 to 1 to categorize healthy or
damaged vegetation accordingly [37]. The NDVI was
obtained from a Landsat 9 image, from which the NIR and
RED bands were used and operationalized according to the
following equation:

reproject

where, NIR = Near infrared band and RED = Red band.

d)  Social factor
Variable 8-Distance to roads

Roads are a variable because they represent a portion of bare
soil, whose presence influences the risk of fire [38], and roads
are also a means of contact between human activity and
vegetation cover [2]. To generate the variable distance to roads,
the vector database of road network of the Ministry of
Transport and Communications (MTC) of Peru was used, then
the "buffer" function was used, having as input the road
network of the study area and an area of influence of 100 m
(buffer) was established around the roads [2]; then the distance
to roads was generated by applying Euclidean distance; the
Euclidean distance follows the following mathematical
expression:

dp(Py, Py) = (X, — X)) + (Y, — 1;)? 2)
where, de is the Euclidean distance, P; is the starting point, P,
is the end point and X1, X2, Y1 and Y are Cartesian coordinates.

Variable 9-Distance to population centers

Among the risks of forest fires, distance to population
centers is one of the variables that influences risk due to the
proximity to vegetation masses, through traditional customs
that endanger forest ecosystems [38]. To generate the variable
distance to populated centers, the vector database of populated
centers of the National Institute of Statistics and Informatics
(INEI) of Peru was used, then a buffer of 100 m was generated
and then the Euclidean distance was applied to determine the
distance to populated centers.

2.3 Assignment of risk classes

For the development of the model, we proceeded to classify
each of the variables considered in the study as influential in
the origin and spread of forest fires, making use of the
"reclassify" function of Qgis, where each of the variables were
classified into five risk classes Very low, Low, Medium, High

NIR — RED and Very high [20, 39, 40], the values of each class for each
NDVI =+ TRED (1) variable are presented in Table 1.
Table 1. Types of irrigation applied to the study variables
Variables Class of Risk
Very High High Medium Low Very Low
NDVI >0.4 0.4-0.20 0.19-0.1 0.09-0.01 <0.01
Distance to roads <150 150 - 300 300 - 450 450 - 600 > 600
Distance to populated centers <150 151 - 300 301 - 450 451 - 600 > 600
Altitude <1000 1000 - 2000 2000 - 3000 3000 - 4000 > 4000
Slope > 50 30-50 20-30 10 - 20° 10
Aspect North Northeast and Northwest Easth y West Southeasth and Southwest  Flat and south
Temperature >294 239-294 18.4-23.9 129-184 <129
Precipitation <1000 1000 - 1100 1100 - 1200 1200 - 1300 > 1300
Wind speed >4.10 4.10 - 3.30 3.30 - 2.55 2.55-1.60 <1.60

2.4 Application of the AHP method

This is a method used for decision making based on
multicriteria in a rationed and informed way, which makes it
has been used in various studies of multicriteria analysis
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worldwide [41, 42]; this model, is based on evaluation,
ranking, and synthesis [39], by means of AHP a hierarchy is
established to analyze the problem and the relative priorities
of each criterion are ranked using a numerical scale ranging
from 1to 9 (Table 2).



Table 2. Numerical scale for AHP

Intensity of Importance

Definition

1 Equal importance
3 Weak importance over another
5 Strong importance
7 Demonstrated strong importance
9 Absolute importance
2,4,6,8 Intermediate values between the judgments
Table 3. Pair comparison matrix
Factors Vi V2 V3 V4 V5 V6 V7 V8
NDVI 1 500 300 7.00 9.00 200 4.00 3.00 2.00
Wind Speed 020 1 050 3.00 5.00 0.33 200 1.00 0.50
Slope 033 200 1 400 6.00 050 3.00 2.00 1.00
Temperature 014 033 025 1 3.00 020 050 0.33 0.25
Precipitation 0.11 0.20 0.17 0.33 1 014 025 020 0.17
Aspect 050 3.00 2.00 500 7.00 1 300 200 1.00
Elevation 0.25 050 0.33 2.00 4.00 033 1 0.50 0.33
Distance to Roads 0.33 1.00 050 3.00 5.00 0.50 2.00 0.50
Distance to Populated Centers 0.50 2.00 1.00 4.00 6.00 1.00 3.00 2.00
Sum 3.37 1503 8.75 29.33 46.00 6.01 18.75 12.03 6.75
Table 4. Random inconsistency index (RI)
Variables 3 4 5 6 7 8 9 10

Inconsistency Random 0.58 0.90 1.12 124 132 141 145 149

Table 5. Normalized AHP pairwise comparison matrix

Factors NDVI WS SL TM RF AS EI DR DS Weight
NDVI 0.30 0.33 0.34 0.24 0.20 0.33 0.21 0.25 0.30 0.28
Wind Speed (WS) 0.06 0.07 0.06 0.10 0.11 0.06 0.11 0.08 0.07 0.08
Slope (SL) 0.10 0.13 0.11 0.14 0.13 0.08 0.16 0.17 0.15 0.13
Temperature (TM) 0.04 0.02 0.03 0.03 0.07 0.03 0.03 0.03 0.04 0.04
Precipitation (RF) 0.03 0.01 0.02 0.01 0.02 0.02 0.01 0.02 0.02 0.02
Aspect (AS) 015 0.20 0.23 0.7 015 0.17 0.6 0.17 0.15 0.17
Elevation (EI) 0.07 0.03 0.04 0.07 0.09 0.06 0.05 0.04 0.05 0.06
Distance to Roads (DR) 0.10 0.07 0.06 0.10 0.11 0.08 0.11 0.08 0.07 0.09
Distance to Populated Centers (DS) 0.15 0.13 0.11 0.14 0.13 0.17 0.16 0.17 0.15 0.14

Am& 9.23

N 9

Cl 0.029

IR 1.45

CR 0.02

In the process of developing the wildfire risk model, the
analytic hierarchy approach (AHP) was used to organize and
analyze the information in a systematic and objective manner
[42, 43]. This method provides a structured framework for
decomposing the problem into more manageable parts and
assessing the relative importance of variables involved in
wildfire occurrence [44]. To perform the pairwise comparison
between the variables used in the model, a 9>9 matrix was
constructed (Table 3), where each pair of variables was
evaluated according to their relative importance in the
occurrence of forest fires.

After the pairwise comparison (Table 3), the normalized
matrix was calculated (Table 4), which represents the relative
importance of each variable in relation to the others. Once the
normalized matrix was obtained, the weights of the variables
were calculated (Table 5). This was done by taking the average
of each row of the normalized matrix, which reflects the
importance of each variable in the problem to be developed.

To evaluate the consistency of the process and the reliability
of the results, the consistency ratio (CR) was used [45], this
relationship compares the Consistency Index (CI) obtained
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from the pairwise comparison matrix with an appropriate
Random Coherence Index (RI) value [46]. This IR provides a
reference point to determine whether the comparisons made
are consistent and reliable [47].
Amax — N
c] = Zmax — 1 3)
n—1

where, n is the number of criteria or factors, and Am& is the
maximum eigenvalue.

CI
= — 4
CR I “4)

2.5 Wildfire risk classes

There are some methods for classifying data equal interval,
quantiles, natural jumps (jenks) and standard deviation in the
GIS environment. In this research, once the model of areas
susceptible to forest fires was generated, they were classified
into five classes: very high, high, moderate, low and very low,
using the Jenks Natural Breacks classification [46-48], which



is a data categorization methodology that aims to maximize
the organization of a given set of values into distinct and
meaningful classes [49], this equal interval classification
system divides the total range of characteristics from
maximum to minimum into equal subranges. This creates an
easy-to-understand legend and works best with continuous
distribution data [50], so it is commonly used to classify forest
fire maps [51-53], especially when there is an absence of
threshold values in the methodology, such as the case of risk
areas for the occurrence of forest fires applying AHP (Figure
2).

2.6 Model validation

The validation of the forest fire risk model obtained was
verified by superimposing MODIS satellite fire points from
2010 to 2022 obtained from the portal of the National Institute
of Space Research (INPE). For this, the frequency of fire hot
spots and the amount of area they occupy were quantified. To
analyze the possible differences between the observed and
expected frequencies in the number of hot spots and the
percentage of area corresponding to each fire risk class, the
non-parametric chi-square (X2) hypothesis test was used [54,
55]. Additionally, the chi-square test will determine the
association between the frequency of hotspots and the
susceptibility of the classified areas (Very High, High,
Moderate, Low and Very Low).

Base de datos|

Topographic factor

Metereological factor

i i i i

" Digital Elevation
[ WorldClim [ Model (DEM) ]

| |

- Altitude (m.a.s.l)
- Slope (%)
- Aspect

| |

Factor social

Biological factor

Landsat 9

- NDVI

Peru database

- Temperature (°C)
- Rainfall (mm)
- Wind speed

- Populated center
- Road network

Hierachiyprocess
AHP

Susceptibility model to the
occurrence of forest fires

Figure 2. Methodological flowchart

3. RESULTS
3.1 Representative variables for the occurrence of wildfires

The representative variables for the occurrence of forest
fires in Rodriguez de Mendoza are shown in Figure 3. The
meteorological factors are represented by the variables
Temperature, Precipitation and Wind Speed (Figure 3(a), 3(b)
and 3(c)), the topographic factors by the variables of altitude,
slope and aspect (Figure 3(d), 3(e) and 3(f)), the biological
factor is represented by the variable NDVI (Figure 3(g)), the
socioeconomic factor by the variable of proximity to roads and
distance to populated centers (Figure 3(h) and 3(1)).

Vi

6°2'51°S
h

G'ZZ‘.SS'S

979 21.94°C
B | 3 |
77°42'0'W 77°26'30"'W 77°110'W

Vs

-1 (Flat) 360°
- -

0.068  0.628
- -

Geographic Coordinate System 0
Datum: WGS 1984 L

Figure 3. Representative variables for the occurrence of
forest fires in Rodriguez de Mendoza, Amazonas-Peru (a)
V1-Temperature, (b) V2-Precipitation, (¢) V3-Wind speed,
(d) V4-Altitude, (e) V5-Slope (%), (f) V6-Terrain
orientation, (g) V7-NDVI, (h) V8-Distance to roads and (i)
V9-Distance to populated centers

3.2 Reclassification of representative variables for the
occurrence of wildfires

6°251"S

6°22'55"S

6°42'59"S

77°420°W  77°26'30"'W  77°110°W

Geographic Coordinate System ()
Datum: WGS 1984 L

Figure 4. Reclassified variables for the occurrence of forest
fires in Rodriguez de Mendoza, Amazonas-Peru (a) V1-
Temperature, (b) V2-Precipitation, (¢) V3-Wind speed, (d)
V4-Altitude, (e) V5-Slope (%), (f) V6-Terrain orientation,
(g) V7-NDVI, (h) V8-Distance to roads and (i) V9- Distance
to populated centers
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Figure 4 shows the variables that make up each factor,
reclassified according to the 5 risk classes (Table 1) identified
for each variable.

3.3 Forest fire model with AHP
Figure 5 shows the final model of susceptible areas for the

occurrence of forest fires in Rodriguez de Mendoza,
Amazonas-Peru.
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N
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Figure 5. Areas at risk for the ocurrence of forest fires in
Rodriguez de Mendoza, Amazonas-Peru (a) Map of forest
fire risk, (b) Area of risk classes, (c) Percentage of risk
classes

Table 6. Calculated area for each risk class for forest fire
occurrence

Risk Classes Hot Spots Area (km?) Area (%)

Very low 2 234.13 9.06
Low 1 427.16 16.54

Medium 27 818.88 31.70
High 60 611.02 23.65

Very high 51 492.09 19.05
Total 141 2583.28  100.00

Based on the results of the risk areas for the occurrence of
forest fires (Figure 5 and Table 6), it can be seen that in
Rodriguez de Mendoza 23.65% of the territory has a high risk
level and 19.05% of the territory has a very high risk level for
the occurrence of forest fires; in addition, it can be seen that
the high class zone has a record of 60 hotspots and in the very
high class zone there are 51 hotspots.

4. DISCUSSIONS

Modeling to determine areas susceptible to the occurrence
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of forest fires is complex because it integrates various factors,
for this reason it is important that to determine the areas
susceptible to the occurrence of forest fires by modeling in a
GIS environment, the necessary geospatial data are identified
and the methodology to be used is determined in study [56]
order to be certain that the model generated will be efficient;
in this study meteorological, biological, social and
topographic variables were integrated, which are among the
most used when determining areas at risk of forest fires [15,
16].

The fuel material is a determining factor for the start of a
fire and the occurrence of a forest fire, since it depends on the
nature of the fuel material to start and spread forest fires. For
this reason, in this study we gave greater weight of importance
to the NDVI variable that has the function of plant material,
assigning a value of 0.28, this is consistent with the study by
Zhao et al. [57], who, as in this study, gave the greatest weight
of importance to the NDV1 variable with 0.44, who, as in this
study, gave the highest weight of importance to the NDVI
variable with 0.44; on the other hand, study [58] of all the
variables used in the modeling, the NDVI had a significant
weight only below the topographic variables, which confirms
the importance of this variable for forest fire modeling.

Forest fires are an environmental problem, Rojas Estrada et
al. [59] indicate that its occurrence is related to climatic,
environmental, topographic and socioeconomic variables; On
the other hand, Pérez-Verdin et al. [60] suggest that they are
mostly caused by human action, so factors such as
accessibility, distance to roads and towns, among others, must
be considered in their analysis. Anthropogenic forest fires are
highly dependent on human activities and can change
depending on human actions, especially the indiscriminate and
inappropriate burning of grasses, weeds and stubble in rural
areas of the country [61], therefore, the Susceptibility of
territories to forest fires caused by natural or anthropogenic
causes must be evaluated separately [62]. Topographic
variables are important for the spread of forest fires, since it
will depend on the topographic characteristics of the territory
for forest fires to spread or stop their course; in this sense, this
study considered topographic variables as the second order of
hierarchical importance.

Topographic variables are important for the spread of forest
fires, since it will depend on the topographic characteristics of
the territory for forest fires to spread or stop their course; in
this sense, this study considered topographic variables as the
second order of hierarchical importance after NDVI, being the
aspect and slope variables those that had the highest weight of
the topographic factor with 0.17 and 0.13, respectively. The
hierarchical ranking of these values is due to the fact that the
aspect of the terrain has to do with the direction in which a
slope faces the sun, an important factor that influences the fire
behavior through the variation of solar radiation and wind
action [63]; on the other hand, the slope has importance
because this due to the fact that it does not directly influence
the ignition of the fire, but it does influence the fire behavior
[64].

Forest fires are often started by human activity [65] usually
due to negligence in people's activities such as rubbing and
burning of soils for the establishment of agricultural plots;
given this and taking into account that the places closest to
population centers are the most prone to start fires, the variable
distance to population centers was given a higher score than
the variable distance to the road network being 0.14 for the
first mentioned variable and 0.09 for the second, this is similar



to what was done by Akbulak et al. [66] who in their study
indicate that areas with higher population density are more
prone to wildfire occurrence.

There are different approaches regarding the role of humans
in forest fires, most authors hold humans responsible for
developing accidental or intentional practices [67] that trigger
large-scale forest fires; on the other hand, there are authors
who state that villagers can have a positive performance since
in the event of a forest fire they can act as mitigators or
controllers [68]; however, from our perspective it can be
mentioned that it is unlikely that a group of villagers without
respective training and equipment can mitigate a forest fire, if
not that by exercising this type of actions they put their lives
and those of their families at risk.

While it is true that topographic, social and biophysical
factors are determinant in determining the occurrence of forest
fires, the meteorological factor is of some importance since
temperature and precipitation can create a favorable or
unfavorable environment for the occurrence of forest fires and
wind speed helps the fire to accelerate or stop, as it is known
that temperature has a direct effect on forest fires [69], since
high temperatures encourage biological material to reach the
ignition point and start a fire; however, in areas with low
temperatures this variable is less likely to start a fire, since high
temperatures encourage biological material to reach the
ignition point and start a fire; however, in areas with low
temperatures the probability that this variable will start a fire
is lower, for this reason in this study it was given low
hierarchical importance with 0.04.

In this study, greater hierarchical importance was given to
NDVI, Aspect, slope and Distance to populated centers, from
which results were obtained that show that of the total area of
the province of Rodr fjuez de Mendoza, 19.05% has a very
high susceptibility level, 23.65% has high susceptibility and
the average level is 31.7%, these results contrast with Kayet et
al.’s study [3] who in their study give greater importance to
NDVI, followed by topographic and meteorological variables,
2020) who in their study gave the greatest importance to NDVI,
followed by topographic and meteorological variables, with
which they obtained that most of the study area presented a
medium to very high risk level, in the same way Sakellariou et
al. [70] within the variables with the greatest hierarchical
importance contemplated in their study were NDVI, aspect
and slope of the terrain, with which they found that the study
area has a greater area with a medium to very high risk level.

With the results generated in this study it is possible to
determine that the main risk factor for the occurrence of forest
fires is the combustible material that can be understood as
vegetation and that topographic, social and meteorological
factors are the ones that determine the start of the fire and its
propagation, These results serve as an instrument and
preventive measure against the possible occurrence of forest
fires in the province of Rodriguez De Mendoza in the
department of Amazonas, being elaborated by means of an
analytical predictive model that allows the hierarchy of
variables that function as conditioning factors for the origin,
development and propagation of forest fires in the study area.

5. CONCLUSIONS

From the results obtained it can be concluded that 42.70%
of the area of Rodriguez de Mendoza is classified as high and
very high risk areas for the occurrence of forest fires, so it is
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necessary to take appropriate actions to prevent forest fires and
implement policies that allow an action plan to deal with these
events.

On the other hand, it can be indicated that the methodology
used in this research can be applied to other provinces in the
Amazon region and Peru as long as they have geographical
and climatic conditions similar to those of Rodriguez de
Mendoza. Applying the AHP method or other existing
methodologies such as machine learning techniques, fuzzy
logic, among others. Including socioeconomic and
demographic variables, to obtain a result that covers the social
aspects in terms of risks.
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