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 Forest fires are a potential threat to life, as they contribute to reducing forest areas, impact on the 
services we expect from ecosystems, the health of the inhabitants is affected by smoke and the 
economic costs for the recovery of affected areas is high. The objective of the study is to apply 
fuzzy logic to model the risk of forest fires in the Cajamarca-Peru region, incorporating variables 
that represent biological, topographic, socioeconomic, and meteorological factors. The analysis 
was based on the acquisition, editing and rasterization of the database, application of fuzzy 
membership functions and image fuzzification, fuzzy superposition and spatial reclassification 
of forest fire risk. The results obtained show that 71.68% of the area is under very low or medium 
forest fire risk. However, 28.32% of the study area has a high to very high fire risk, which makes 
the occurrence of fires susceptible to the lack of rain and water in the soil. It was found that 
biological, topographic, and socioeconomic factors with their respective variables are directly 
influenced by meteorological factor variables such as temperature, rainfall and water availability. 
Fuzzy logic offered flexibility in modeling wildfire risk in the region, proving to be a useful tool 
for predicting and mapping wildfire risk. 
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1. Introduction 
 

In the last decades, forest fires have become a great concern in many world regions due to their exponential increase in 
terms of occurrence and severity, with emphasis on environmental impacts, material and human losses, among others 
(Gómez-Pazo and Salas, 2017; Westerling et al., 2006). Climate and land use change are considered to be the main factors 
that contribute to greater occurrence and spreading of forest fires (Díaz-Hormazábal and González, 2016; Rojas, 2013). 
Adult trees death, air pollution, soil without vegetation cover and propensity to erosion in inclined sites, among others, 
correspond to the main negative impacts of fires in forest ecosystems (Juárez-Martinez, 2003). 
  
The forest fires risk is the result of constant and variable factors that affect beginning, spreading and difficulty to control 
the fire. These factors include topography, combustible material and weather availability, among others (Eugenio et al., 
2019a; Mota et al., 2019). Chuvieco et al., (2014) mentions that modeling fire risk is important for planning and decision 
making in the short, medium and long term, aiming to avoid and mitigate adverse effects and environmental impacts of 
forest fires, especially in remote and most vulnerable areas. The complexity involved to spatially represent variables that 
allow inferences about forest fires vulnerability requires computational models and important tools of Geographic 
Information Systems (GIS) (Owen and Daskin, 1998; Saaty and Vargas, 2012; Teixeira et al., 2018). In this context, a lot 
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of mathematical models designed for the analysis of forest fires risk have been developed based on scientific and 
technological advances, which are available for use due to GIS implementations (Paëgelow et al., 2004). 
  
GIS correspond to computational systems involving storage, analysis and visualization of geographic data (Burrough and 
McDonnell, 1998), which are essential for planning and generation of spatial information, mainly forest fires risk modeling 
(Eugenio et al., 2019b, 2019a, 2016a, 2016b; Mota et al., 2019; Santos et al., 2017, 2020). In a GIS, spatial and non-spatial 
data can be combined by mathematical and statistical models to simulate complex scenarios in order to support decision 
making (Teixeira et al., 2018). A lot of scientific works report the combining techniques, advantages and applications of 
artificial intelligence with GIS (Teixeira et al., 2018; Vieira et al., 2018). Multi-Criteria Analysis (MCA), for instance, 
allows to solve spatial problems involving various criteria and local candidates for a particular use (Aghajani Mir et al., 
2016; Cortina and Boggia, 2014; Elaalem et al., 2010; Jiang and Eastman, 2000; Joss et al., 2008; Lewis et al., 2015; 
Oldeland et al., 2010; Phillips et al., 2011; Qiu et al., 2013; Santos et al., 2017; Teixeira et al., 2018; Tervonen et al., 2015; 
Triepke et al., 2008; Vieira et al., 2018). MCA is based on Boolean logic and Weighted Linear Combination (WLC) 
techniques. In Boolean logic, variables assume only 0 and 1 (true and false) values. However, WLC standardizes continuous 
values on a numerical scale by combining the criteria through weighted average (Jiang and Eastman, 2000; Santos et al., 
2017; Teixeira et al., 2018). Unfortunately, Boolean logic and WLC rarely describe natural phenomena faithfully, especially 
when modeling involves a large number of variables (Jiang and Eastman, 2000; Santos et al., 2017). 
  
Fuzzy logic constitutes an alternative for resolving MCA flaws (Santos et al., 2017). (Zanella et al., 2013). Zadeh (1965) 
developed the theory of fuzzy sets, defining it as the method for expressing subjective information in numerical language, 
such as uncertain and qualitative information usually found in nature (Silvert, 2000). In this sense, Fuzzy Logic stands out 
when modelling human reasoning in an approximate way to manipulate information from an uncertain environment and 
provide robust responses concerning the studied phenomena (Teixeira et al., 2018). In Fuzzy logic, true values assigned to 
variables can be any real number between 0 (corresponding to the false value) and 1 (corresponding to the true value) 
(Santos et al., 2017). Thus, Fuzzy logic enables conditions to treat information following natural reasoning rules (Bilobrovec 
et al., 2004; Silva and Lima, 2009). Its main applications concern risk mapping and environmental impacts (Álvarez, 2000; 
Chen et al., 2001; Juvanhol, 2014; Santos et al., 2017, 2020, 2018; Teixeira et al., 2018; Vadrevu et al., 2010; Vieira et al., 
2018; Wang et al., 2011). The fuzzy logic integration with geographic information systems has been widely used in recent 
years ((Vadrevu et al., 2010). On the other hand, knowing the nature of the variables that are used to model forest fires risk, 
in recent years several authors have adopted fuzzy logic as a methodology for this purpose due to the reliability of the results 
obtained and the robustness provided by fuzzy logic for this subject, as can be seen in the works of Agarwal et al., (2013); 
Dieu et al., (2017); Erdin and Çağlar, (2021); Garcia-Jimenez et al., (2017), approach fuzzy logic for forest fires studies and 
all get reliable results. Also studying the forest fires risk, but using a different methodological approach, Abedi Gheshlaghi 
et al., (2020); Eskandari, (2017); Güngöroğlu, (2017); Medrano, (2017) implement fuzzy logic with other techniques such 
as analytical networks and AHP hierarchy to model forest fires risk. 
  
In this sense and knowing that the main losses associated with forest fires are related to agricultural production, forest losses, 
CO2 emissions and threats to health, the main objective of this study was to apply Fuzzy logic to model forest fires risk in 
Cajamarca region, Peru. 
 
2. Material and methods 
 
2.1. Study area 
 
Study area corresponds to the Amojú river basin, which is located in Jaén province and belongs to Cajamarca region, Peru. 
The aforementioned basin is composed of a lot of mountains that delimit it, and is very important as it covers territories of 
Pirias, Huabal, Bellavista and Jaén districts, and during its course it supplies an estimated population of 80,000 inhabitants, 
who use the water for their agricultural activities and human consumption (Corro and Tafur, 2014; Peña et al., 2007). It has 
an area of 354.52 km² and is located between 05º 41’ and 05º 45’ S latitude and 78º 40’ and 78º 46’ W longitude. The basin's 
relief ranges from 395 to 3,178 m above sea level. Climate is dry with an average annual temperature ranging from 14 to 
33°C. The average annual rainfall varies from 712 to 1,222 mm, with a dry period from May to October and a highest rainy 
one between October and April (Fig. 1). 
 
2.2. Methodological steps 

 
The used model in this study combines Fuzzy logic and remote sensing. The Fig. 2 shows the Flow chart of the followed 
procedure including: 
 
1. Database acquisition, editing and rasterization. 
2. Application of Fuzzy membership functions and images fuzzification. 
3. Fuzzy overlay. 
4. Spatial reclassification of forest fires risk. 
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Fig. 1. Location map of the study area Fig. 2. Employed methodology 

 
2.2.1. Database acquisition, editing and rasterization 
 
Chuvieco et al. (2007) mention that to understand the forest fires risk, both the danger and the vulnerability of occurrence 
must be considered, in addition, it is known that the onset, spread and intensity depend on factors such as vegetation, 
topography, weather conditions and combustible materials (Silva et al., 2016). In this sense, the database used in the 
investigation included 04 types of factors with their respective variables that are related to the forest fires occurrence, 
presented as a) biological factors (land use and Normalized Difference Vegetation Index - NDVI), b) topographic (slope 
and aspect), c) socioeconomic (proximity to roads) and d) meteorological (temperature, rainfall and water availability). 
Database acquisition, as well as editing and rasterization of each variable according to its respective factor type was carried 
out in a GIS environment according to the following methodological procedures: 
 
a) Biological factor 

Vegetation, depending on structure, spacing and senescence, along with land use, influence the forest fires spread (Eugenio 
et al., 2019a, 2016a) with emphasis to the following variables: 
 
Variable 1 (V1) – Land use: land use matrix image was generated by supervised classification technique employing the 
maximum likelihood algorithm (Lillesand and Kiefer, 1994), which was fed with Landsat 8 satellite orbital images (OLI 
sensor) from January 2019. Land use classes were based on the work proposed by Corine Land Cover and adapted for Peru 
(Chichipe et al., 2017; Trigoso et al., 2020), resulting in seven macroclasses adapted to the reality of the study area, 
corresponding to continuous urban area, high dense forest, low open forest, pastures, bare land, transient crops and water. 
The classification accuracy was validated using the Kappa coefficient (De León Mata et al., 2014; Vargas-Sanabria and 
Campos-Vargas, 2018), which were greater than 70%, as established by Jensen (1986). This evaluation considers all 
elements of the error matrix, instead of just those that belong to the main diagonal or the sum estimates of marginal rows 
and columns (Santos et al., 2010b). For this study, an accuracy of 92% was obtained, considered optimal, as Jensen, (1986) 
indicates for a land use classification to be accepted, the Kappa coefficient must be greater than 70%. 
 
Variable 2 (V2) – NDVI: the NDVI variable indicates the amount of plant material present in the study area. Considering 
the fact that different types of vegetation have different chemical components, and when in contact with fire they become 
combustible material (Alavanja and Bonner, 2012; ILLERA et al., 1996; Kayet et al., 2020), these materials can determine 
both the beginning and forest fires spread. The acquisition, correction and resampling of NDVI images were based on 
Figueira Branco et al. (2019) and Silva et al. (2021) methodological steps. Thus, 2000-2019 product MOD13Q1 from Terra 
satellite (MODIS sensor) has been used.  It presents 16 day temporal resolution and 250 meter spatial resolution (Didan, 
2015), being made available at no cost by NASA website. In addition, the product is available as a compressed file in .hdf 
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format (hierarchical data format), consisting of seven files, namely: NDVI image, EVI image, VI Quality image, Pixel 
Reliability image and reflectance images (Bands 1, 2 and 3). VI Quality and Pixel Reliability images were used to extract 
“spurious” pixels from NDVI images. The corrected NDVI images were converted to 30 m spatial resolution using the GIS 
function entitled "resampling”. 
 

b) Topographic factor 

Sloping relief with higher solar radiation incidence may contribute to forest fires occurrence (Eugenio et al., 2016a, 2016b, 
2019b), whose variables correspond to: 
 
Variable 3 (V3) – Slope: the surface slope is a variable that directly influences the direction and speed of fire propagation 
(Ajin et al., 2016; Gil, 2020; Jaiswal et al., 2002; Novo et al., 2020), slope matrix image was processed using GIS function 
titled “slope”.  It received as input the pre-processed SRTM Digital Elevation Model (Shuttle Radar Topography Mission) 
with a 30 m spatial resolution. This data is available on the United States Geological Survey website (USGS). Subsequently, 
slope matrix image was reclassified into six relief classes, namely: flat, smoothly wavy, wavy, strong wavy, mountainous 
and craggy (Francelino et al., 2012).  This process was performed with the GIS “reclassify” function. Subsequently, using 
the GIS function "reclassify", the slope matrix image was reclassified into six relief classes, as proposed by EMBRAPA, 
(1979): flat, smoothly wavy, wavy, strong wavy, mountainous and craggy (Francelino et al., 2012; Santos et al., 1995).  
 
Variable 4 (V4) – Aspect: the aspect variable has great influence on forest fires risk because it indicates the amount of solar 
energy each area receives, directly influencing the beginning and propagation of forest fires (Adab et al., 2013; Ghobadi et 
al., 2012). The continuous aspect matrix image was derived from SRTM Digital Elevation Model using "Aspect" GIS 
function. Subsequently, the continuous aspect matrix image was reclassified into a discrete matrix image with nine spatial 
classes defined as flat, north, northeast, east, southeast, south, southwest, west and northwest (Santos et al., 2010a).  
 
c) Socioeconomic factor 

Socio-economic factors such as the road network can serve as both barriers and starting points for forest fires, in this sense, 
the selected variable is presented below:  
 
Variable 5 (V5) – Proximity to roads: Considering most forest fires are caused by anthropogenic factors, the road network 
is understood as a variable that can determine the beginning of forest fires (Cipriani et al., 2011; Leal et al., 2019). Study 
area road network, including urban and interurban roads, was obtained from the Open Street Maps website. To generate the 
matrix image of proximity to roads, firstly, the GIS function entitled "buffer" was used, having as input the road network 
vector feature. An area of influence of 100 m (buffer) around roads was established according to (Jaiswal et al., 2002), due 
to greater displacement of vehicles and people in this range. Finally, the proximity to roads was obtained by the GIS function 
entitled "Euclidean distance", which calculates the closest distance in a straight line between two points, and is represented 
by the center of their corresponding cells. On a plane, the distance between points 𝐴ሺ𝑋,𝑌ሻ and B(𝑋,𝑌) is given by 
Pythagorean theorem (Louzada et al., 2010; Santos et al., 2017; Teixeira et al., 2018). 
 

d) Meteorological factors 

Given the water and energy importance in the soil-plant-atmosphere system and its influence on forest fires occurrence, the 
following variables and methodology were applied: 
 
Variable 6 (V6) – Temperature and Variable 7 (V7) – Rainfall: Both rainfall and temperature of the study area are variables 
that directly influence the forest fires risk, since areas with higher temperatures and low precipitation are more prone to the 
start and spread of fires (Costa et al., 2011; Koutsias et al., 2013; Urrutia-Jalabert et al., 2018). Considering there are not 
enough meteorological stations within the study area for the generation of the monthly matrix image of temperature and 
precipitation, the 1970 to 2000 monthly matrix images of temperature and rainfall (January 2020 released version), with 30 
s (1 km²) spatial resolution that have been used were obtained from WorldClim database (http://www.worldclim.org) 
version 2.1. Afterwards, matrix images were cut, reprojected and resampled (spatial resolution of 30 m) by “extract by 
mask”, “reproject coordinates” and “resampling” GIS functions, respectively. 
 
Variable 8 (V8) – Water availability: The water availability for the study area is a determining variable for the propagation 
and initiation of a forest fires, because as the water availability decreases, the risk increases (Vilchis-Francés et al., 2015), 
in this sense, water availability matrix image was generated according to agroclimatological water balance proposed by 
Thornthwaite and Mather (1955). Data was obtained from WorldClim (http: //www.worldclim .org), corresponding to 1970-
2000 matrix images of average monthly temperature, potential evapotranspiration and water capacity, which were processed 
by "BHCgeo" plugin (Cruz et al., 2013), available in QGIS software. 
 

2.2.2. Application of Fuzzy membership functions and images fuzzification 
 
Due to the fact there is no method that indicates which fuzzy membership function best suits each variable (Feizizadeh et 
al., 2013; Kamran et al., 2014), the fuzzy selection membership functions for each of variables used in this study was 
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performed based on the behavior of each one of them in cases of fire, according to the consulted literature and the 
researchers' experience, which is a key factor in studies using Fuzzy Logic. Thus, the greatest risk of fire was indicated by 
the real value of 1, while the null risk was indicated by the real value of 0. 
 
Variable 1 (V1) – Land use: land use matrix image was reclassified according to the influence of each class on fire risk, 
with aid of "reclassify" GIS function. In this context, assigned value to each class was defined according to type and 
characteristic of vegetation as well as the critical thinking of researchers and environmentalists. Finally, the land use 
reclassified image was fuzzified using the Fuzzy Gaussian membership function (Table 1 and Fig. 3a). 
 
Table 1 
Land use reclassification of classes proposed by Corine Land Cover and adapted for Peru. 

Land Use Classes Reclassified Value 
Continuous Urban Area 1 

High dense forest 2 
Low open forest 3 

Pastures 4 
Bare land 5 

Transient crops 6 
Water 7 

 
The Fuzzy Gaussian function defines a normal distribution around a midpoint, which is indicated by the slope value of the 
curve ranging from 0.01 to 1. The reclassified variable ranging from 1 to 7, had a midpoint value of 4 and slope value of 
0.06 (adjusted) in the function (Fig. 3a). 
  
Variable 2 (V2) – NDVI: in the study area there is a wide variety of wood species with different chemical components that, 
when in contact with fire or interacting with other factors, can trigger a forest fire. Therefore, for this study it was understood 
that the vulnerability to forest fires occurrence increases as NDVI is higher. In this sense, the continuous matrix image of 
NDVI was fuzzified using the Ascending Linear Fuzzy membership function (Fig. 3b). 
  
Variable 3 (V3) – Slope: higher slope areas are more vulnerable to forest fires occurrence than flat areas. In this sense, the 
continuous matrix image of slope was fuzzified using the Large Fuzzy membership function (Fig. 3c). To adjust the 
membership function, the input values of slope were defined according to scientific studies that addressed its influence on 
the behavior of fire (Chandler et al., 1983; Juvanhol, 2014). In this context, a slope value of 15° at midpoint and a 
propagation value of 4 (adjusted) in function were considered for better representation of slope influence (Fig. 3c). 
  
Variable 4 (V4) – Aspect: the reclassified matrix image of aspect was fuzzified using the Generalized Bell Fuzzy 
membership function. This fuzzification defines a bell-shaped distribution around the indicated midpoint, with a value to 
control the spreading amplitude of the function at midpoint. The defined value at the midpoint of the set assumes a degree 
of relevance equals to 1. Values between limits are in the transition zone of the set and assume a pertinence degree 
corresponding to the same value. To adjust the membership function, the North face (0° and 360°) was considered to be at 
the highest risk, while the South face (180°) was at the lowest. Fuzzy Generalized Bell was used for intermediate aspects. 
The curve slope was set at 45° and amplitude control at the central point set to 1 (Fig. 3d). 
  
Variable 5 (V5) – Proximity to roads: areas located closer to the road network are more prone to forest fires occurrence than 
areas located further away. In this sense, the Euclidean distance matrix image was fuzzified using the Small Fuzzy 
membership function. The entry values were based on scientific studies developed by Soto, (2012) who addressed forest 
fires occurrence in relation to the distance of various road types. In this context, a distance value of 300 m to the road 
network at midpoint and a curve slope value of 6 (adjusted) in the function were defined so that shorter distances assume a 
greater degree of relevance in the Fuzzy set (Fig. 3e). 
  
Variable 6 (V6) – Temperature: vulnerability to forest fires occurrence increases as temperature is higher. In this sense, the 
continuous matrix image of temperature was fuzzified using the Ascending Linear Fuzzy membership function (Fig. 3f). 
  
Variable 7 (V7) Rainfall: vulnerability to forest fires occurrence increases as rainfall decreases. In this sense, the continuous 
matrix image of rainfall was fuzzified using the Descending Linear Fuzzy membership function (Fig. 3g). 
  
Variable 8 (V8) – Water availability: vulnerability to forest fires occurrence increases as water availability decreases. In 
this sense, the continuous matrix image of water availability was fuzzified using the Descending Linear Fuzzy membership 
function (Fig. 3). 
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Fig. 3. Fuzzy membership function diagrams. (a) V1 – Land use – Fuzzy Gaussian; (b) V2 – NDVI – Fuzzy Linear; (c) V3 
– Slope (º) – Fuzzy Large; (d) V4 – Aspect (º) – Fuzzy Generalized Bell; (e) V5 – Proximity to roads (m) – Fuzzy Small; 
(f) V6 – Temperature (ºC) – Fuzzy Linear; (g) V7 – Rainfall (mm) – Fuzzy Linear; (h) V8 – water availability (mm) – 
Fuzzy Linear. 
 

2.2.3. Fuzzy overlay 
 
After applying Fuzzy membership functions to variables used in modeling forest fires risk, the variables were combined by 
an overlay analysis to indicate the possibility that cells from a certain variable (matrix-image) belong, in fact, to another 
fuzzy set (variable) according to multiple entry criteria. Thus, overlay indicates the method that allows data to be combined 
based on the fuzzy set theory analysis (Juvanhol, 2014; Santos et al., 2017). The chosen overlay method was fuzzy gamma, 
which is an algebraic product of the fuzzy sum and fuzzy product, both raised to power of the gamma coefficient: 
 µ(x) = {1 −ෑ(1 − μ୧)୬

୧ୀଵ }ஔ ∗ {ෑπ୧}୬
୧ୀଵ

ଵିஔ
 

 
(1) 

 
in which 𝜇𝑖 denotes the fuzzy membership values for 𝑖 = 1, 2, … ,5; 𝑛 denotes the total amount of variables in the study 
(number of raster images); and 𝛿 denotes a coefficient value between 0 and 1. The 𝛿 coefficient was defined according to 
the standard value of 0.9, in order to achieve the combined effect of total and gamma product. Fuzzy gamma allows to 
combine the growing effect of the fuzzy sum and the diminishing effect of the fuzzy product. As a result, it establishes the 
relationships among input criteria, not simply returning the value of a single fuzzy set (Juvanhol, 2014; Santos et al., 2017). 
 
2.2.4. Spatial reclassification of forest fires risk 
In this step, "reclassify" GIS function was applied to continuous matrix image of forest fires risk, using the optimization 
method proposed by Jenks to represent very low, low, medium, high and very high classes. Jenks optimization method, also 
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known as Jenks natural breaks classification method, is a data clustering method designed to determine the best arrangement 
of different classes. This is done by minimizing average deviation within classes, while maximizing the average deviation 
among classes (Jenks, 1967; McMaster, 1997; Santos et al., 2017). Subsequently, the risk classes were also presented in 3D 
image, since this type of image provides a better understanding of results obtained in the study area (Kirschenbauer, 2005; 
Schmidt, 2012). 
 
3. Results  
 
The representative variables of Amojú river basin is shown in Fig. 4. The biological factors are represented by land use and 
NDVI variables (Fig. 4a and 4b), topographic factors by slope and aspect variables (Fig. 4c and Fig. 4d), socioeconomic 
factors by proximity to roads variable (Fig. 4e) and meteorological factors by the variable’s temperature, rainfall and water 
availability (Fig. 4f, 4g and 4h). 
 

 

 
 
 

 

Fig. 4. Representative variables of Amojú river basin, 
Cajamarca region, Peru. (a) V1 – Land use, (b) V2 –   
NDVI, (c) V3 – Slope, (d) V4 – Aspect, (e) V5 – Proximity 
to roads, (f) V6 – Temperature, (g) V7 – Rainfall and (h) 
V8 – Water availability 

Fig. 5. Slope of Amojú river basin, Cajamarca region, Peru. 
(a) Map with slope classes, (b) Area (km²) and percentage 
(%) per class, (c) Distribution of slope classes (%) 
 

 
In Fig. 5, slope of Amojú river basin is presented, with emphasis on the slope classes (Fig. 5a) and their respective area and 
percentage (Fig. 5b), as well as distribution (Fig. 5c). The result of applying the Fuzzy membership functions selected for 
each of variables is shown in Fig. 6, land use (Fig. 6a), NDVI (Fig. 6b), slope (Fig. 6c), aspect (Fig. 6d), proximity to roads 
(Fig. 6e) temperature (Fig. 6f), rainfall (Fig. 6g) and water availability (Fig. 6h). 
 
Fig. 6. (a) V1 – Land use, (b) V2 – NDVI, (c) V3 – Slope, (d) V4 – Aspect, (e) V5 – Proximity to roads, (f) V6 – 
Temperature, (g) V7 – Rainfall and (h) V8 – Water availability. Fig.7.  (a) Risk classes and hot spots, (b) Risk classes in 
3D representation, (c) Hot spots, area (km²) and percentage of study area by class, (d) Percentage of study area by risk class. 
 
The spatial relationship between risk classes and land use in Amojú river basin, Cajamarca region, Peru is also presented in 
Table 2. 
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Fig. 6. Fuzzified images of variables used  Fig. 7. Forest fires risk for Amojú river basin  
 

Table 2 
Spatial relationship between forest fires risk classes and land use in Amojú river basin. 

Land use classes Forest fires risk classes (%) 
Very low Low Medium High Very high 

Continuous Urban Area 5.48 12.03 4.25 0.54 0.40 
High dense forest 42.61 42.63 56.67 55.22 6.40 
Low open forest 45.56 26.72 20.78 24.94 52.60 

Pastures 0.52 4.65 4.72 7.89 4.66 
Bare land 2.05 5.10 8.82 10.56 35.81 

Transient crops 3.20 8.42 4.63 0.83 0.11 
Water 0.59 0.45 0.13 0.01 0.02 
Total 100 

 
Table 3 shows the relationship between forest fire risk classes and slope classes in the study area. It was found that 59.87 
% of the very high risk is found in the steep undulating slope class. 
 

 
Table 3 
Spatial relationship between forest fires risk classes and slope in Amojú river basin, Cajamarca region. 

Slope classes Forest fires risk classes (%) 
Very low Low Medium High Very high 

Flat 8.25 5.05 0.89 0.21 0.03 
Smoothly wavy 14.30 16.67 7.64 1.50 0.20 

Wavy 28.35 23.91 20.21 18.46 10.31 
Strong wavy 31.32 30.56 39.46 45.33 59.87 
Mountainous 15.51 20.65 27.17 29.53 26.47 

Craggy 2.28 3.16 4.63 4.97 3.12 
Total 100 

 
The relationship between the aspect of the terrain and the forest fire risk classes shows that the very high risk class is found 
in the northeast aspect zones with 21.60% and the greatest amount of areas with very low risk is found in the east aspect 
class with 18.55%, thus corroborating that the aspect of the terrain has a direct influence on the phenomenon in question 
because it is related to the amount of solar radiation that is received in these parts of the terrain (Table 4). 
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Table 4 
Spatial relationship between forest fires risk classes and aspect in Amojú river basin, Cajamarca region 

Aspect classes Forest fires risk classes (%) 
Very low Low Medium High Very high 

Flat 4.78 6.00 4.47 6.49 12.50 
North 3.77 5.40 5.09 9.64 15.08 

Northeast 13.59 15.59 14.67 19.49 21.60 
East 18.80 19.04 18.45 15.92 12.62 

Southeast 18.55 18.25 18.45 13.24 10.39 
South 13.79 13.28 14.13 11.98 6.24 

Southwest 10.75 7.63 9.66 6.82 3.59 
West 8.94 7.07 7.61 6.13 4.26 

Northwest 7.04 7.74 7.48 10.29 13.72 
Total 100 

 
 

4. Discussion 
 

When modeling forest fires risk, it is necessary to consider biological, topographic, socioeconomic and meteorological 
factors, once their related variables, such as land use, NDVI, slope, aspect, proximity to roads, temperature, rainfall and 
water availability (Fig. 4), can directly or interactively influence the occurrence of fires. In this context, several authors 
(Barlow et al., 2012; Linn et al., 2012; Paz et al., 2011; Torres et al., 2017) report the importance of those variables in the 
beginning and spreading of fire. 
 
The spatial relationship between forest fires risk classes and land use evidenced that bare lands and low open forest present 
the highest percentage for very-high fire risk, whose values correspond to 35.81 and 52.60, respectively (Table 2). Bare 
land and low open forest are mainly represented by xerophytic vegetation, which corresponds to a combustible material 
with high ignition power due to its suitability to long periods of drought and high temperatures. Both land use classes have 
been mentioned by other authors (Briones, 2001; Hoinka et al., 2009; Pereira et al., 2005; and Schoennagel et al., 2004) 
concerning their importance to forest fire. As reported by literature (Armenteras-Pascual et al., 2011; Bodi et al., 2012; and 
Juvanhol, 2014), water, transient crops and continuous urban areas behave as barriers to fire, which corroborates their 
respective values of 0.02, 0.11 and 0.40% in the very-high forest fires risk class. 
  
Among studied variables, NDVI stands out as the closer to 1 the greater the vegetation or biomass vigor (Fig. 4b and Fig. 
6b). A lot of authors report the relationship between NDVI and other variables (Ribeiro et al., 2008; Torres et al., 2014). 
Thus, literature corroborates results found in this study, once the quantitative values of NDVI may indicate the propensity 
of combustible material to ignite in situations of high temperature (Fig. 4f and Fig. 6f), low rainfall (Fig. 4g and Fig. 6g) 
and low water availability (Fig. 4h and Fig. 6h). Authors like (Kayet et al., (2020); Michael et al., (2021) corroborate results 
obtained in this research, as they indicate that NDVI acts as an indicator of combustible material due to chemical 
composition of different types of vegetation, also Burry et al., (2018) state this index is related to soil cover, plant 
productivity and indirectly to rainfall and temperature. 
  
In Amojú River basin, 82.94% of the study area is represented in conjunctions by wavy, strong wavy and mountainous 
slope classes, while 3.58% corresponds to craggy slope (Fig. 5b and 5c). Regarding forest fires risk classes, the results 
obtained indicate the very high risk is located in a larger area on wavy, strong wavy and mountainous slopes. Presented 
results corroborate those found by other authors (Briones, 2001; Ganteaume and Jappiot, 2013; Muñoz, 2000; Ramiirez, 
2017) who mention that slope directly influences forest fires propagation and speed, with a stronger effect in steeper areas. 
 
The different relief orientations receive different amounts of solar radiation when compared to nearby flat areas in the same 
time of the year (Torres and Machado, 2008). In this context, results from applying Fuzzy membership function to aspect 
variable were similar to those found by Adab et al. (2011), Neto et al. (2016) and; Torres et al. (2014). Thus, the highest 
Fuzzy set values for fire risk occurred in sites facing Northeast, North and Northwestern, whose percentage values for very 
high fire risk correspond to 21.60, 15.08 and 13.72, respectively. 
  
According to other authors (Martínez et al., 2008; Tian et al., 2013; Torres et al., 2014), the road network strongly relates 
with fire beginning because surrounding combustible material has greater likelihood of ignition (Fig. 4e and Fig. 6e) due to 
anthropogenic causes. In this sense, this behavior is confirmed by obtained results once the most vulnerable areas to forest 
fires occur close to the road network. 
 
 
According to results (Fig. 7), 71.68% of Amojú river basin presents very low to medium forest fires risk. However, 28.32% 
of study area is under high to very high fire risk (Fig. 7a and 7b), which is strongly influenced by rain occurrence (Fig. 4g) 
and water availability in the soil (Fig. 4h). These statement is corroborated by Adámek et al. (2015). 
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The modeling of forest fires risk can contribute towards protection measures and fire-fighting assistance, such as indicate 
suitable places to install of observation towers, guide motorized patrol inspection, allocation of combat resources at strategic 
points, construction of preventive firebreaks, construction of fast access roads to risky places, among other measures. Since 
this study provides information concerning forest fires risk for study area, competent authorities can plan and better manage 
these events, as indicated by Cruz Espíndola et al., (2017) which mentions that forest fires risk models contribute to the 
planning of fire management strategies, such as fire prevention, control and fighting, thus ensuring resources are directed 
to areas with greater probability or danger, or where fire must be reintroduced for conservation, restoration or forestry 
purposes. 
 
The proposed modeling by the present study is efficient; whose employment defines vulnerable areas to forest fires 
occurrence. At the same time, it is feasible for representing and interpreting fire as a natural phenomenon. Thus, this 
modeling helps to reduce rework and flaws, presenting itself as flexible and versatile approach that can be expanded to 
incorporate other variables as well as environmental, social, economic and political constraints, similar results were obtained 
by Juvanhol, (2014), which in its study also models forest fires risk using Fuzzy logic and obtains good results that indicate 
that its model is efficient. Soto, (2012) also mentions the construction of fuzzy-based multicriteria models using GIS 
provides better estimates in forest fire studies, while Abedi Gheshlaghi et al., (2020); Eskandari, (2017), Sharma et al., 
(2012) indicate Fuzzy logic obtains robust results when integrated with other methodologies, such as the AHP hierarchy 
and analytical networks (ANP). 
 
5. Conclusions 

 
This study shows that the proposed methodology, in which fuzzy logic is applied directly to a spatial model with integration 
of complex variables of different nature, such as vegetation, topography, climate, as well as social, economic and anthropic 
activities, to map the risk/vulnerability to forest fires is efficient. The map results showed that 71.68% of the area is under 
very low to medium forest fire risk. However, 28.32% of the study area has a high to very high fire risk.  
Fuzzy logic offered flexibility in the modeling of forest fire risk in the Amojú river basin, Cajamarca region, Peru, 
elucidating, predicting and mapping the risk of forest fires, which is a great contribution to society in general, since the 
institutions and organizations in charge of disaster risk prevention and reduction can use the results obtained in this study 
to design management plans aimed at avoiding or reducing the effects of such events, safeguarding the inhabitants and the 
ecosystem of areas with medium, high and very high risk, mainly. 
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