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Forest fire occurrence modeling in Southwest Turkey using MaxEnt 
machine learning technique

Merih Göltaş (1), 
Hamit Ayberk (1), 
Omer Kücük (2)

Climate anomalies and potential  increased human pressure will  likely cause 
the  increase  in  frequency  and  damage  of  forest  fires  in  the  near  future. 
Therefore, accurately and temporally estimating and mapping forest fire prob-
ability is necessary for preventing from destructive effects of forest fires. In 
this study, the forest fire occurrence in Southwestern Turkey was modeled and 
mapped with the maximum entropy (MaxEnt) approach. We used past fire lo-
cations (from 2008 to 2018) with environmental variables such as fuel type, 
topography, meteorological parameters, and human activity for modeling and 
mapping, using data that could be obtained quickly and easily. The perfor-
mances  of  fire occurrence models  was quite satisfactory  (AUC:  range from 
0.71 to 0.87) in terms of the model reliability. When the fire occurrence mod-
els were analyzed in detail, it was seen that the environmental variables with 
the  highest  gain  when  used  alone  were  the  maximum  temperature,  tree 
species composition, and distance to agricultural lands. To evaluate the mod-
els, we compared the fire locations between 2019 and 2020 with those on re-
classified fire probability maps. Fire location from 2019-2020 fit substantially 
within the model fire occurrence predictions since many fire points in high or 
extreme fire  probability  categories  has  been observed.  The  results  of  this 
study can be a guideline for the Mediterranean forestry that has consistently 
struggled the forest fires and attempted to manage effectively forest lands at 
fire risk.
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Introduction
Forest fire has increased globally and re-

gionally  in recent years (Bilgili  et al.  2021, 
Bustillo Sánchez et al. 2021). Global annual 
area burned is about 420 million hectares 
(Giglio et al. 2018,  Jain et al. 2020). In Tur-
key, the average of the annual burned area 
(from 1988 to 2020) was 10,806 ha, while it 
was 139,503 ha in 2021, i.e., 13 times the an-
nual  average (GDF  2022).  Due to  climate 
change  and  increased  human  pressures, 
forest fires are estimated to increase in the 
future (Bilgili et al. 2021, Bustillo Sánchez et 
al. 2021). Understanding the driving forces 
of ignitions and estimating where fires are 
likely to  occur are critical factors in devis-
ing more effective plans to mitigate forest 

fire initiation and determining areas at risk 
(Massada et al. 2013).

Forest  fires are ignited by either human 
or  natural  origin.  The  fires  do  not  occur 
randomly, whether they are caused by hu-
mans or natural processes, but depend on 
fixed  and  variable  environmental  factors 
(i.e.,  fuel  composition,  topography,  and 
weather  conditions  and human activities) 
(Preisler  et  al.  2004,  Saglam  et  al.  2008, 
Massada  et  al.  2013,  Sivrikaya  &  Kücük 
2022). Estimation of the fire occurrence re-
quires complex temporal and spatial analy-
ses  (Kücük  &  Bilgili  2008,  Saglam  et  al. 
2008, Bilgili et al. 2019b, Sevinc et al. 2020, 
Kücük et al. 2021).

Forest fire occurrence models have been 

developed  in  various  regions  around  the 
world charaterized by different fuel and cli-
matic conditions (Preisler et al. 2004,  Sag-
lam et al. 2008,  Massada et al. 2013,  Sivri-
kaya & Kücük 2022, Bilgili et al. 2019a, Bay-
sal 2021). Fire occurrence models are devel-
oped  based  on  current  and  past  fire  re-
cords to provide information that will help 
in  preparing  and  planning  for  future  fire 
seasons. Hence, the significance of model-
ing  and  mapping  fire  occurrences  is  evi-
dent.

Various mathematical models, such as re-
gression  models  (Chang et  al.  2013,  Mus-
abašić et al. 2021), and artificial neural net-
work models (Satir et al. 2016,  Liang et al. 
2019, Li et al. 2020), are used to determine 
the  effects  of  environmental  factors  in 
modeling  forest  fires.  However,  these 
models  have  their  limitations  for  applica-
tion. The regression models need to fulfill 
statistical  assumptions  such  as  normality, 
homogeneity, and independence. The vio-
lation of these assumptions may lead to se-
rious problems in estimating the regression 
parameters, and therefore the predictions 
of  statistical  and  biological  behavior  may 
show  inconsistencies  in  fire  studies  (Zuur 
et al. 2010). In this type of statistical prob-
lems, mixed-effects, autoregressive models 
can be used, though these models require 
strong theoretical knowledge (Wang et al. 
2008). On the other hand, in case of small 
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number  of  observations,  the  regression 
models  may  tend  to  produce  large  esti-
mates and negative values for biological re-
lations (Fuchs et al. 2009,  Sun et al. 2018). 
Neural network models may be overfitted 
to the data, and this may lead to the high-
est level of misleading success for training 
(Maier et al. 1998,  Marier & Dandy 2000). 
Indeed,  incorrect  inferences  may  be  ob-
tained when model  fitting to a  validation 
dataset is overlooked. While classical mod-
eling  approaches  can  be  useful  for  small 
datasets,  they are not  sufficient  for large 
datasets.  In  these  cases,  novel  and  new 
modeling  techniques,  such  as  machine 
learning, are needed.

Maximum entropy (MaxEnt) is a machine 
learning algorithm for modeling the proba-
bility  distribution  of  species  based  on 
known points of occurrence by comparing 
independent  variables  associated  with  in-
put coordinate points (Elith et al. 2011). The 
principle of MaxEnt is based on the theory 
that  the probability  distribution that  best 
represents  the  current  situation  of  infor-
mation about a system is the one with the 
most entropy (Phillips et al. 2006). MaxEnt 
can regulate highly sophisticated response 
functions  by  merging  various  function 
forms  (linear,  product,  quadratic,  thresh-
old, and hinge) and make accurated predic-
tions from limited datasets (Moreno et al. 
2011). MaxEnt may adapt jagged and sharp-
ly discontinuous responses that cannot be 
modeled in even the most flexible regres-
sion models (Chen et al. 2015).

MaxEnt  model is frequently used to pre-
dict  the  geographic distributions from ob-
servations  of  the  presence  of  species 

through  explanatory  environmental  vari-
ables. Modeling  species  distributions  is 
conceptually  and methodologically  similar 
to modeling fire occurrence (Massada et al. 
2013,  Chen et al. 2015). The MaxEnt model 
can use fire occurrence data (Bekar et al. 
2020), in addition to environmental param-
eters  such  as  temperature  and  precipita-
tion, to predict potential distribution of the 
species  or  fire.  Few  studies  have  been 
done to model the fire occurrence accord-
ing  to  fire  occurrence  data  and  environ-
mental  variables (Parisien & Moritz  2009, 
Chen et al. 2015, Brooke 2017, Dickey 2018, 
Akyüz  2019,  Bekar  et  al.  2020).  Dickey 
(2018) examined  the  spatial  relationship 
between  human  activities  and  human-in-
duced wildfire occurrences  in the Willam-
ette  National  Forest  in  Oregon,  USA  and 
whether  these activities were responsible 
for  many  wildfire  ignitions.  Akyüz  (2019) 
developed  a  model  estimating  the  fire 
probability using only bioclimatic data and 
forest fire locations from 2013 to 2017 in a 
study conducted in Bursa,  northwest Tur-
key.  Bekar  et  al.  (2020) used MaxEnt  ap-
proach  to  model  fire  occurrence  in  the 
Mediterranean Basin (in Turkey and Spain) 
and the Alps using bioclimatic variables, an-
thropogenic factors, road density and for-
est type at two spatial resolutions.

The importance of fire occurrence model-
ing and mapping is evident; it can help in 
preventing  fires,  planning  firefighting  ef-
forts,  making  quick  decisions,  and  imple-
menting emergency measures. The fire oc-
currence is commonly estimated by evalu-
ating  certain  data  without  investigating 
past  fires  and  weightings  these  data  ac-

cording to expert  opinion (Tshering et al. 
2020). In this study, we aim to fill this gap 
in the literature and try to estimate the fire 
probability  by  using  past  fire  datasets  as 
well as environmental variables (fuel prop-
erties,  meteorological  parameters,  topo-
graphic  factors),  unlike  other  studies.  In-
deed, there is a need for novel approaches 
that take into account uncertainty and es-
tablish  connections  between  the  diverse 
long-term impacts of factors. 

Machine learning techniques have proved 
useful  in fulfilling the above goals.  In this 
study, we used machine learning, which is 
one of the artificial intelligence techniques 
which  has become increasingly popular in 
the recent years and started to be used in 
different disciplines.  The MaxEnt machine 
learning technique has been chosen in this 
study for three key motivations. First,  we 
used  spatial  and  temporal  (i.e.,  monthly) 
evaluations  because  the  fire  probability 
changes as meteorological factors change. 
Second, some variables are difficult to be 
included directly in the models, such as the 
timing and habits of vacations (e.g., annu-
ally recurrent behaviors like using fires for 
barbecuing during national or religious hol-
idays) and traditional agricultural practices 
(e.g.,  burning  stubble  in  the  autumn), 
which  are  known  to  increase  at  certain 
times of the year. Third, it is obvious that 
the variables affecting fire probability may 
differ along the year due to the abovemen-
tioned reasons. Therefore, we preferred to 
assess  fire  occurrence  estimates  on  a 
monthly basis.

The  objectives  of  this  study  are:  (i)  to 
identify  the  drivers  of  the  distribution  of 
forest  fires;  (ii)  to  model  and  map  the 
monthly  fire occurrence with the MaxEnt 
machine  learning  technique;  and  (iii)  to 
compare monthly fire probability in south-
west  of  Turkey.  Results  of  this  study can 
guide for the fire potential modeling, plan-
ning  and  implementation  of  measures  to 
prevent forest fires. Also, the model could 
be easily applied to different regions in the 
world  after  adaptation  to  local  environ-
mental conditions.

Materials and methods

Study area
The  study  was  carried  out  within  the 

Mugla  Regional  Directorate  of  Forestry 
(RDF), which covers an area of 2,051,212 ha 
in south-west Turkey (Fig. 1).  Fifty-six per-
cent (1,158,925 ha) of the Mugla RDF is cov-
ered with forests.  The vegetation is  com-
posed of Calabrian pine (Pinus brutia Ten.), 
Anatolian black pine (Pinus  nigra  Arnold), 
Cedar  (Cedrus  libani  A.  Rich.),  Stone pine 
(Pinus pinea L.), Oaks (Quercus spp.),  Turk-
ish sweetgum (Liquidambar orientalis  Mill.) 
and  Eucalyptus  (Eucalyptus  camaldulensis 
Dehn.)  trees,  and  several  shrubs  of  the 
maquis which form a dense dead and living 
cover  which increases  the fire  probability 
and  danger  potential  (GDF  2021).  Sixty-
seven percent of the forests in the study 
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Fig. 1 - Map of the study area and locations of fires occurred from 2008 to 2018.
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area is located below 500 m a.s.l. in eleva-
tion. Human activities are high in and near 
these forests,  as  the region includes  sev-
eral most popular tourist attractions in Tur-
key, numerous mining sites, and wind tur-
bines,  which are  more  and more  increas-
ing.  The  increase  in  human  activities  has 
enhanced the risk of anthropogenic forest 
fires. Turkey faced the biggest forest fires 
in its  history in the years 2019,  2020,  and 
2021.  In  2021,  369  fires  broke  out  in  the 
study area, and a forest area of 52,219 ha 
was damaged by fire (GDF 2022).

The study area is located in the Mediter-
ranean climate zone (Fig.  1)  and has high 
air  temperatures  and  severe  droughts  in 
the summer. This situation impacts the oc-
currence of mega forest fires, which affect 
large areas in the summer (i.e., fire season) 
and the amount of damage to forest areas. 
Mugla RDF has not only the highest fire oc-
currence  but  also  the  second  most  dam-
aged region from the fire in Turkey.

Maximum entropy (MaxEnt) model
In this study, MaxEnt v. 3.4.1 was used to 

model the spatial distribution of fire occur-
rence in South-West Turkey. Two kinds of 
data are needed as software input: (i) the 
coordinates of fire occurrence points; and 
(ii) the environmental variable maps. Also, 
some model calibrations are needed, such 
as the random test percentage, regulariza-
tion multiplier, number of replicates, repli-
cated run type, and output format (see be-
low in the section “Modeling and perfor-
mance of the model”).

The modeling process consists of 4 parts 
(Fig. 2):  data collection,  data preparation, 
modeling and validation, output and evalu-
ation, which are described below.

Variables and data collection

Forest fire data
Data were obtained for 2,743 forest fire 

locations during fire seasons from 2008 to 
2018 in the Mugla RDF. Forest fire locations 
were  rearranged  on  a  monthly  basis  and 
used as occurrence data (dependent vari-
able) in the modeling. We also used fire lo-
cation data from 2019 to 2020, which has 
been determined by field observations, to 
validate the developed model. Model pre-
dictions were also compared to these fire 
locations.

Tree species composition
Different tree species  have different de-

grees of  susceptibility  to fire.  It  is  known 
that  especially  Calabrian  pine,  Anatolian 
black pine and some maquis species have a 
high fire probability and potential to burn 
in the forests of Turkey (Aricak et al. 2014). 
Therefore,  the  tree  species  composition 
(fuel  type)  map from the forest  manage-
ment database of Mugla RDF was comple-
mented  with  field  observations  in  the 
study  area.  Species  composition  maps 
were then converted from vector to raster 
format in ArcGIS® v. 10.5 (ESRI 2017).

Aspect
Aspect is one of the fixed factors affect-

ing  ignition.  In  the  northern  hemisphere, 
southern  aspects  are  more  exposed  to 
higher temperatures, stronger winds, and 
lower air humidity than northern aspects. 
For these reasons,  the fuel  moisture con-
tent  decreases  in  the  southern  aspects, 
making  the  fuel  easier  to  ignite.  Aspect 
maps were generated from a digital eleva-
tion model  (DEM) in  ArcGIS® and directly 
verified with field observations in the study 
area.

Maximum temperature
High temperatures cause the fuel to dry 

out.  In  addition,  as  the  temperature  in-
creases, the fuel needs less heat to reach 
its ignition temperature. The highest tem-
peratures and the lowest relative humidity 
levels occur at noon, so the fire risk is high-
est at this time of day. Therefore, we used 
the maximum temperature instead of the 
average  temperature  as  the  independent 
variable.  We  obtained  the  monthly  maxi-
mum temperatures at 1-km resolution for 
the  studied  period  from  the  open-access 
dataset  CRU-TS  4.06  (Harris  et  al.  2020) 
downscaled with WorldClim 2.1 (Fick & Hij-
mans  2017),  which  is  freely  available  at 
https://www.worldclim.org/data/monthlyw
th.html,  and  used  to  make  maps  of 
monthly  maximum  temperatures  in  the 
study area.

Precipitation
Precipitation increases the moisture con-

tent  of  fuel  and thereby reduces  the  fire 
probability.  We  obtained  monthly  rainfall 
data from the CRU-TS 4.06 dataset (Harris 
et  al.  2020).  Rainfall  data were extracted 
for the forest  fire locations,  and maps of 
monthly  precipitation  in  the  study  area 
were prepared using ArcGIS®.

Solar radiation
As solar radiation increases, the fire prob-

ability also increases. Monthly solar radia-
tion data for the study area were obtained 
from the CRU-TS 4.06 dataset (Harris et al. 
2020), and imported in ArcGIS®.

Human activity
Early  attempts  to  model  anthropogenic 

fire occurrence were based on indirect as-
sessments of human activities using demo-
graphic indicators or data on the accessibil-
ity  to  forests  (Donoghue  &  Main  1985). 
Later  attempts  investigated  spatially  net 
factors  such  as  distance  from  roads,  dis-
tance  from  agricultural  areas  or  distance 
from settlement areas in their assessments 
(Garcia et al. 1995, Sevinc et al. 2020, Sivri-
kaya & Kücük 2022).

According to the forest fire statistics from 
1988  to  2021,  90%  of  the  fires  in  Turkey 
were  caused  by  human-induced  factors 
(GDF 2022). To represent the effects of hu-
man activity in causing ignition, we created 
a buffer zone based on the distances of for-
est  areas  from  roads,  agricultural  lands, 
and settlements. Buffer zones were classi-
fied in 5 groups according to the distance 
from  the  forest:  extreme  (<100m),  high 
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Fig. 2 - Modeling 
process flowchart.
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(101-200m), medium (201-300m), low (301-
400m), very low (>400m).

Data preparation
We prepared a CSV file of the monthly co-

ordinate values from past fire records for 
2008 to 2018 during fire season. The envi-
ronmental variables base maps to be used 
as independent variables were prepared in 
the ASCII format with the same resolution 
(1 × 1 km) and in the same coordinate sys-
tem (WGS 84).

Modeling and performance of the 
model

We  chosed  bootstrap  as  the  sampling 
method  for  our  modeling,  which has  the 
advantage to automatically allow the em-
pirical estimation of a distribution function 

by resampling the observed data, thereby 
the best selected model is not affected by 
autocorrelation (Austin & Tu 2004). For the 
model output format, we used the logistics 
format, which estimates the probability of 
presence found in all areas with character-
istic conditions for the fire (Elith et al. 2011).

The  MaxEnt  model  was  fitted  to  our 
dataset  using  75%  of  the  fire  points  for 
training and 25% for validation. The model 
run was repeated 20 times, and the regu-
larization multiplier was taken as “1”. The 
regularization  multiplier  determines  how 
realistic the predicted distribution is.

To assess the accuracy of model  predic-
tions, we used the area under the receiving 
operating  characteristic  (ROC)  curve  or 
area  under  the  curve  (AUC  – Elith  et  al. 
2011).  The AUC indicates  the true-positive 

rate  as  compared  with  the  false-positive 
rate,  thus  providing  a  measure  of  model 
prediction accuracy and a tool for the com-
parison of models. Model prediction accu-
racy may be indicated based on the AUC as 
(Yesilnacar  2005):  excellent  (0.9-1.0),  very 
good  (0.8-0.9),  good  (0.7-0.8),  average 
(0.6-0.7) or poor (<0.6).

We used native metric and Jackknife test 
to  determine  variable  importance  in  the 
fire  occurrence models.  First,  variable im-
portance was determined using the native 
metric  which  is  regularized  training  gain 
(Massada et al. 2013). In addition, the Jack-
knife test was used to measure the variable 
importance  based  on  the  change  in  AUC 
using the testing data (Elith et al. 2011). The 
difference  in  AUC  obtained  with  the  full 
model (including all the variables) and the 
partial  model  (without  the  variable)  indi-
cates the contribution of each variable to 
the model  (Massada et  al.  2013),  thereby 
assessing the relative impact of each input 
variable on the overall model performance 
(Elith et al. 2011).

Output and evaluation
We generated fire probability  prediction 

maps for each model (monthly) in an ASCII 
format  using  MaxEnt  software.  These 
maps were then converted to a raster for-
mat and reclassified in 5 categories (FPC) 
based on the probability of fire occurrence 
as  follows:  (i)  very  low:  P(fire)  <  0.2;  (ii) 
low:  P(fire)  =  0.2  to < 0.3;  (iii)  moderate: 
P(fire) = 0.3 to < 0.5; (iv) high: P(fire) = 0.5 
to < 0.7; and (v) extremely high: P(fire) ≥ 
0.7 (Coskuner 2019). For model evaluation, 
we compared the fire locations from 2019 
to 2020 with those on the reclassified fire 
probability  maps  and  then  compared  the 
actual  number  of  fires  in  each  category 
with the fire probability values. 

Results

Modeling and mapping of forest fire
In this study, we modeled the forest fire 

monthly occurrence during the fire season 
by using past  fire locations from 2008 to 
2018 as dependent variables and the envi-
ronmental variables (i.e., climate, topogra-
phy,  fuel  type,  human  activities)  as  inde-
pendent input variables. Also, we mapped 
the monthly fire probability using MaxEnt 
software. 

As expected, areas with high monthly av-
erage  maximum  temperature  are  more 
prone to fire. In addition, locations close to 
the road and agricultural land in terms of 
human activities and areas covered with Pi-
nus brutia, maquis and pine stands in terms 
of  species  composition were  more  prone 
to fire.

On  the  monthly  forest  fire  probability 
map,  warm  colours  (red)  tones  indicate 
high  fire  probability,  while  cool  colours 
(blue)  tones  indicate  low  fire  probability 
(Fig. 3). The fire probability predictions on 
the maps were based on the probability of 
occurrence (P(fire)-value) as previously de-
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Fig. 3 - Forest fire probability maps and fires from 2019 to 2020.
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scribed. Fire probability categories (FPC) in 
the  study  area  are  shown  in  Tab.  1.  The 
model results showed that the probability 
of fire changed monthly. The fire probabil-
ity was high or extreme in May, June, July, 
and  August  and  somewhat  lower  in  Sep-
tember and October (Tab. 1).

Contributions of the variables to the 
MaxEnt model

Tab. 2 shows the estimates of the relative 
contributions  of  the  environmental  vari-
ables  to  the  monthly  MaxEnt  model.  Ac-
cording to the results, the contribution of 
precipitation  to  the  model  was  limited, 
while maximum temperature and the dis-
tance from agricultural lands were the vari-
ables that mostly contributed to the model 
(Tab.  2).  However,  precipitation  was  the 
variable that contributed the most to the 
model in October (Tab. 2).

Performance of the MaxEnt model
We  used  the  AUC  to  assess  the  model 

prediction accuracy. The results of the fire 
occurrence models  showed that  the AUC 
values,  varied  between  0.71  and  0.87  de-
pending on the months during the fire sea-
son, and that the average AUC value was 
0.79 (Fig. 3). In other words, although the 
model performances were different across 
the  fire  season,  they  were  high  or  very 
high. These results were quite satisfactory 
in terms of the reliability of the model.

We also used the Jackknife test to deter-
mine the importance of the variables and 
evaluate  the  models.  While  MaxEnt  pro-
vides the percent contribution of each vari-
able  to  the  overall  model,  the  Jackknife 
test  provides  information  on  the  perfor-
mance  of  each  variable  in  the  model  in 
terms  of  importance  of  each  variable  in 
both  explaining  the  species  distribution 

and providing unique information (Baldwin 
2009). The results of the Jackknife test in-
dicate  that  the  environmental  variables 
with  the  highest  gain  when  used  alone 
were the species composition for May and 
June,  the maximum temperature for  July 
and September, the distance from agricul-
tural land for August, and the precipitation 
for October. In addition, the environmental 
variable mostly decreasing the gain when 
omitted were precipitation for May and Oc-
tober, distance from the road for June and 
August, the maximum temperature for July 
and September (Fig. 4).

In addition, we compared the estimated 
monthly fire probability maps with fire data 
from  the  2019  and  2020  fire  seasons  to 
check the accuracy of the model (Tab. 3). 
Seventy-five percent  of  May fires,  80% of 
June fires, 78% of July fires, 84% of August 
fires,  57%  of  September  fires,  and  55%  of 
October fires occurred in areas with high or 
extreme fire  probability  (Tab.  3).  The fire 
probability classes predicted by the model 
and the past fire locations observed were 
significantly overlapping.

Discussion
The  MaxEnt  approach  has  been  widely 

used  in  spatial  modeling  in  recent  years, 
and its powerful ability to predict unknown 
distributions based on known information 
has been proven by studies on a variety of 
topics (Phillips et al. 2006, Evcin et al. 2019, 
Bekar et al. 2020, Zhang & Wang 2022). The 
MaxEnt  approach  satisfies  all  the  con-
straints of spatial factors and increases the 
efficiency of finding the approximate distri-
bution  with  maximum  entropy  thanks  to 
machine  learning  algorithms  (Zhang  & 
Wang  2022).  MaxEnt  models  are  simple 
and precise, thus they are easy to use and 
understand, and can be applied to a wide 
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Tab.  1 -  Fire probability  categories (FPC) of forest areas.  P(fire): probability  of fire; 
(very low): P(fire) < 0.2; (Low): 0.2 ≤ P(fire) < 0.3; (Medium): 0.3 ≤ P(fire) < 0.5; (High):  
0.5 ≤ P(fire) < 0.7; (Extreme): P(fire) ≥ 0.7

Month FPC
Total forest area

Month FPC
Total forest area

ha % ha %

M
ay

Very low 108447.1 9.4

A
ug

us
t

Very low 125580.6 10.8

Low 141812.4 12.2 Low 158828.3 13.7

Medium 216306 18.7 Medium 215874.7 18.6

High 508517.1 43.9 High 320989.2 27.7

Extreme 183803.3 15.9 Extreme 337613 29.1

Ju
ne

Very low 145262.6 12.5

Se
pt

em
be

r

Very low 436964 37.7

Low 126992.1 11 Low 163925.2 14.1

Medium 217913.5 18.8 Medium 197290.5 17

High 540706.2 46.7 High 242182.7 20.9

Extreme 128011.4 11 Extreme 118523.3 10.2

Ju
ly

Very low 23524.3 2

O
ct

ob
er

Very low 660405.7 57

Low 29483.8 2.5 Low 108133.4 9.3

Medium 308482.1 26.6 Medium 97116.18 8.4

High 532119.8 45.9 High 186390.9 16.1

Extreme 265275.8 22.9 Extreme 106839.6 9.2

Tab. 2 - Variables contribution (VC, %) to 
the MaxEnt model,  and their permuta-
tion importance (PI) in each month (M). 
(SC):  species  composition;  (MaxTemp): 
maximum  temperature;  (Srad):  Solar 
radiation;  (Prec):  precipitation;  (DFR): 
distance  from  road;  (DFA):  distance 
from  agriculture  land;  (DFS):  distance 
from settlement.

M Variable VC PI

M
ay

 (
05

)

SC 34.4 17.2

MaxTemp_05 15.1 14.7

DFR 14.1 14.8

Prec_05 8.1 23.4

Aspect 7.9 6.3

DFS 7.6 7.8

DFA 6.8 4.3

Srad_05 6.1 11.4

Ju
ne

 (
06

)

SC 21.9 8.5

MaxTemp_06 19.7 26.5

DFA 18.3 8.0

DFR 10.3 15.4

Prec_06 8.7 17.8

Srad_06 7.8 6.6

DFS 7.4 9.4

Aspect 5.9 7.8

Ju
ly

 (
07

)

MaxTemp _07 22.4 15.3

Srad_07 20.9 22.4

SC 19.5 8.7

Aspect 11.3 12.9

DFA 8.8 11.1

DFR 6.7 10.4

DFS 5.7 9.4

Prec_07 4.7 9.9

A
ug

us
t 

(0
8)

DFA 31.8 19.2

MaxTemp _08 23.4 21.6

SC 11.3 9.8

DFR 10.7 13.8

Prec_08 7.0 17.1

Srad_08 6.5 5.7

Aspect 5.2 5.9

DFS 4.1 7.0

Se
pt

em
be

r 
(0

9)

MaxTemp _09 38.3 47.3

Srad_09 32.0 39.5

DFS 10.0 1.2

Aspect 5.8 3.6

DFS 3.8 1.1

DFR 3.6 2.2

SC 3.5 0.7

Prec_09 3.1 4.4

O
ct

ob
er

 (
10

)

Prec_10 65.2 46.9

MaxTemp _10 11.0 18.8

Srad_10 9.8 25.4

DFR 4.0 4.2

SC 3.0 0.5

Aspect 2.7 1.2

DFA 2.3 1.3

DFS 2.0 1.8
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Fig. 4 - - Results of Jackknife test 
for evaluating the relative impor-
tance of environmental variables.

Fig. 5 - Monthly AUC values as 
model performance indicators.
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range of data (Elith et al. 2011).
We used the MaxEnt approach for model-

ing  and  predict  the  probability  of  forest 
fires in different months by utilizing the re-
lationship between fires from 2008 to 2018 
with their locations and environmental fac-
tors  (i.e.,  topography,  fuel  type,  climatic 
parameters, and human activities). We de-
cided to estimate the fire occurrence on a 
monthly basis rather than on annual basis. 
Similar  to some previous studies (McKen-
zie et al. 2004,  Flannigan et al. 2005), our 
results  demonstrate  that  the  method ap-
plied  is  a  useful  tool  for  predicting  fires 
based  on  the  relationship  between  past 
fire  occurrence  and  monthly  climate  pa-
rameters.

AUC values of our models indicate high or 
very  high  prediction  accuracies  (Fig.  5). 
Compared with previous studies (Chen et 
al.  2015,  Dickey 2018) the prediction accu-
racy was very similar. However, the predic-
tion  accuracy  reported  by  Akyüz  (2019) 
were lower than ours. The reason for this 
may be that while  Akyüz (2019) used only 
climatic variables, we also considered addi-
tional factors in the model like topography, 
fuel, and human activity.

Both native and Jackknife results demon-
strated that while the contribution of pre-
cipitation  in  explaining  forest  fires  is  lim-
ited (except October), the contributions of 
maximum temperature,  tree species com-
position, and distance from human activity 
(i.e.,  distance  from  road,  settlement  and 
agriculture areas) were clearly high, espe-
cially in dry months (monthly precipitation 
< 25 mm) from May to September (Tab. 2, 
Fig.  4).  According  to  the  Jackknife  test, 
variables reduced the gain more when ex-
cluded were the distance from roads, maxi-
mum  temperature,  and  precipitation.  In 
other words, these variables provide to the 
model unique information that is not pro-
vided by any other variable (Fig. 4). Similar 
to  previous  studies  (Massada  et  al.  2013, 
Devisscher  et  al.  2016),  our  results  con-
firmed that forest fires are caused by hu-
man  activities  and  are  facilitated  by  fuel 
and climatic conditions.

For  field  validation  of  the  models,  we 
used historical fire locations from the 2019-
2020 fire seasons and compared them with 
the fire probability map. The rationale be-
hind  choosing  the  anomalous  2019-2020 
fire season for model validation is to test 
the model  in the worse scenario.  As pre-
dicted  by  our  model,  the  fires  occurred 
mostly in forest areas where fire probabil-
ity is high and extreme.

We analyzed the results  of this  study in 
detail  in a monthly basis,  finding that the 
most important predicting variables can be 
different for each month. Variables of tree 
species  composition,  maximum  tempera-
ture and distance from road explain 63.6% 
of  forest  fires  in  May.  With  the  start  of 
tourism in the region in May,  the density 
on the  roads  causes  human-induced fires 
and are facilitated by fuel and climatic con-
ditions.  Meanwhile,  tree species composi-

tion, maximum temperature, distance from 
agricultural land and roads explain 70.2% of 
forest  fires  in  June.  Human  activity  is 
higher in agricultural areas in June because 
of  crop harvesting (wheat,  barley),  there-
fore  distance  from  the  agricultural  area 
was one of the important variables in addi-
tion to the May variables. Since August is 
the time of stubble burning in preparation 
for planting, the most important determi-
nant  in our model  was the distance from 
the agricultural area. Because precipitation 
drives the moisture content of the fuel and 
consequently the ignition of fire,  the pre-
cipitation variable alone explained 65.2% of 
the fires in October, at the beginning of the 
rainy season, when the average precipita-
tion is 75 mm (Bilgili et al. 2019a). Precipita-
tion was also found to be the most impor-
tant variable in similar studies (Chen et al. 
2015, Brooke 2017). Interestingly, the deter-
minant variable is the maximum tempera-
ture in the dry months and the precipita-
tion in the rainy month. In a similar study 
by Bekar et al. (2020), the most important 
variable  in  all  regional  models  except  for 
Turkey was the annual mean temperature, 
whereas precipitation was the most impor-
tant variable in the Turkey model. This dif-
ference may result from ignoring seasonal 
differences  at  the  study,  which  was  con-
ducted on an annual basis.

Forest  managers  can  mitigate  the  dam-
age  caused  by  forest  fires  by  allocating 
their  fire  suppression  resources  to  forest 
areas more prone to fire. Monthly and spa-
tially precautions should be taken against 
irresponsible  activities  such  as  negligent 
smoking  and  campfires,  stubble  burning 
for farming and traffic management using 
a  forest  fire  probability  map.  Moreover, 
people living in areas with a high probabil-
ity  of  fire can be informed about the im-
pacts of their activities on the occurrence 
of forest fire.

Conclusion
The results of this study showed that the 

MaxEnt  modeling  method  using  environ-
mental  variables  (i.e.,  topography,  fuel 
type, climate, and human activity) can be a 
useful  tool  for  predicting fire occurrence. 
In  addition,  this  study demonstrated that 
fire occurrence changed monthly and that 
the  most  important  predicting  variables 
may be different for each month. The out-
puts of fire occurrence models can be con-

sidered robust and are good indicators for 
spatial  assessment  of  fire  occurrence, 
thereby  helping  prevent  fire,  predict  fire 
probability,  and  organize  firefighting  ef-
forts.  They  can  also  facilitate  the  assess-
ment of the post-fire situation. The results 
of this study can be the basis for future in-
vestigations  on other  aspects  of  fire pro-
tection, such as fire danger rating systems, 
fire protection plans, and fire management 
studies.

Acknowledgements
This study is part of the Ph.D. thesis titled 

“Modeling and mapping of the forest fire 
potential  based  on  MaxEnt  approach  in 
Southwest of Turkey” by Merih Goltas. We 
are grateful  to the Mugla Regional  Direc-
torate of Forestry.

References
Akyüz  T  (2019).  Bursa Orman Bölge  Müdürlüg-

ü’nde Yangin Tehlikesinin Modellenmesi ve Har-
italanmasi [Fire hazard modeling and mapping 
in  Bursa  Forest  Directorate].  Master  Thesis, 
Kastamonu University, Graduate School of Nat-
ural and Applied Sciences, Kastamonu, Turkey, 
pp. 41. [in Turkish]

Aricak B, Kücük O, Enez K (2014). Determining a 
fire potential  map based on stand age,  stand 
closure and tree species, using satellite imagery 
(Kastamonu  Central  Forest  Directorate  Sam-
ple). Croatian Journal of Forest Engineering 35: 
101-108.

Austin PC, Tu JV (2004). Bootstrap methods for 
developing  predictive  models.  The  American 
Statistician 58: 131-137. - doi: 10.1198/000313004 
3277

Baldwin  RA  (2009).  Use  of  maximum  entropy 
modeling  in  wildlife  research.  Entropy  11  (4): 
854-866. - doi: 10.3390/e11040854

Baysal I (2021). Vertical crown fuel distributions 
in  natural  Calabrian  pine  (Pinus  brutia Ten.) 
stands. Croatian Journal of Forest Engineering: 
Journal for Theory and Application of Forestry 
Engineering 42: 301-312. - doi:  10.5552/crojfe.20 
21.800

Bekar I, Tavsanoglu C, Pezzatti GB, Vacik H, Pau-
sas JG, Bugmann H, Petter G (2020). Cross-re-
gional modelling of fire occurrence in the Alps 
and  the  Mediterranean  Basin.  International 
Journal of Wildland Fire 29 (8):  712-722.  -  doi: 
10.1071/WF19158

Bilgili E, Coskuner KA, Usta Y, Goltas M (2019a). 
Modeling surface fuels moisture content in  Pi-
nus brutia stands. Journal of Forestry Research 
30: 577-587. - doi: 10.1007/s11676-018-0702-x

iForest 17: 10-18 16

Tab. 3 - Comparison of fire locations in 2019 and 2020 with fire locations on maps of 
the estimated monthly forest fire probability.

Forest fire probability Number of forest fire (%)

Level Range May June Jul Aug Sep Oct

Very low P(fire) < 0.2 - - 5 1 9 10

Low 0.2 ≤ P(fire) < 0.3 - 3 7 2 15 16

Medium 0.3 ≤ P(fire) < 0.5 25 17 10 12 20 20

High 0.5 ≤ P(fire) < 0.7 43 60 48 26 32 26

Extreme P(fire) ≥ 0.7 32 20 30 58 25 29

iF
or

es
t 

– 
B

io
ge

os
ci

en
ce

s 
an

d 
Fo

re
st

ry

https://doi.org/10.1007/s11676-018-0702-x
https://doi.org/10.1071/WF19158
https://doi.org/10.5552/crojfe.2021.800
https://doi.org/10.5552/crojfe.2021.800
https://doi.org/10.3390/e11040854
https://doi.org/10.1198/0003130043277
https://doi.org/10.1198/0003130043277


Goltas M et al. - iForest 17: 10-18

Bilgili  E, Coskuner KA, Usta Y, Saglam B, Kücük 
O, Berber T, Goltas M (2019b). Diurnal surface 
fuel  moisture  prediction  model  for  Calabrian 
pine stands in Turkey. iForest - Biogeosciences 
and Forestry 12: 262-271. - doi: 10.3832/ifor2870-
012

Bilgili E, Kücük O, Saglam B, Coskuner KA (2021). 
Büyük Orman Yanginlari: Sebepleri, Organizasy-
onu ve Idaresi [Mega forest fires: causes, orga-
nization and management]. In: “Orman Yangin-
lari” [“Forest Fires”].  Turkish Academy of Sci-
ences, Ankara, Turkey, pp. 23. [in Turkish]

Brooke CT (2017). Identifying the environmental 
controls  on wildland  fire  in  the South-Central 
United  States.  Master  Thesis,  The  Office  of 
Graduate  and  Professional  Studies  of  Texas 
A&M University,  College Station, TX, USA, pp. 
93.

Bustillo Sánchez M, Tonini M, Mapelli A, Fiorucci 
P  (2021).  Spatial  assessment  of  wildfires  sus-
ceptibility in Santa Cruz (Bolivia) using Random 
Forest. Geosciences 11  (5):  224. -  doi:  10.3390/ 
geosciences11050224

Chang Y, Zhu Z, Bu R, Chen H, Feng Y, Li Y, Hu Y, 
Wang Z (2013). Predicting fire occurrence pat-
terns  with  logistic  regression  in  Heilongjiang 
Province,  China.  Landscape  Ecology  28:  1989-
2004. - doi: 10.1007/s10980-013-9935-4

Chen F, Du Y, Niu S, Zhao J (2015). Modeling for-
est  lightning fire occurrence in  the Daxingan-
ling  Mountains  of  Northeastern  China  with 
MAXENT.  Forests  6:  1422-1438.  -  doi:  10.3390/ 
f6051422

Coskuner KA (2019). Turkish national forest fire 
danger  rating  decision  support  system  (TOY-
TOS). Doctoral Thesis, Karadeniz Technical Uni-
versity, Graduate School of Natural and Applied 
Science, Trabzon, Turkey, pp. 126.

Devisscher T, Anderson LO, Aragão LE, Galván L, 
Malhi Y (2016). Increased wildfire risk driven by 
climate  and  development  interactions  in  the 
Bolivian Chiquitania, Southern Amazonia. PLoS 
One 11 (9): e0161323. - doi: 10.1371/journal.pone. 
0161323

Dickey W (2018). Spatial analysis of human activi-
ties  and  wildfires  in  the  Willamette  National 
Forest.  Master  Thesis,  University  of  Southern 
California, Faculty of the USC Graduate School, 
Los  Angeles,  CA,  USA,  pp.  91.  [online]  URL: 
http://www.proquest.com/openview/c49eb48a
43ac41b4cfc04fd6554a0983/1

Donoghue LR, Main WA (1985). Some factors in-
fluencing  wildfire  occurrence  and  measure-
ment of fire prevention effectiveness. Journal 
of Environmental Management 20: 87-96.

Elith J, Leathwick JR (2009). Species distribution 
models:  ecological explanation and prediction 
across space and time. Annual Review of Ecol-
ogy,  Evolution and Systematics  40:  677-697.  - 
doi: 10.1146/annurev.ecolsys.110308.120159

Elith J,  Phillips  SJ,  Hastie T,  Dudík M, Chee YE, 
Yates  CJ  (2011).  A  statistical  explanation  of 
MaxEnt  for  ecologists.  Diversity  and  Distribu-
tions 17: 43-57. - doi:  10.1111/j.1472-4642.2010.00 
725.x

ESRI  (2017).  ArcMAP 10.5.  Get  started with Ar-
cMap.  Web site.  [online]  URL:  http://desktop. 
arcgis.com/en/arcmap/10.5/get-started/main/ge
t-started-with-arcmap.html

Evcin O, Kücük O, Akturk E (2019). Habitat suit-
ability model with maximum entropy approach 

for European roe deer (Capreolus capreolus) in 
the Black Sea Region. Environmental Monitor-
ing and Assessment 191: 1-13. - doi:  10.1007/s10 
661-019-7853-x

Flannigan MD, Logan KA, Amiro BD, Skinner WR, 
Stocks BJ (2005). Future area burned in Cana-
da. Climatic Change 72 (1-2): 1-16. - doi: 10.1007/ 
s10584-005-5935-y

Fick SE, Hijmans RI (2017). WorldClim 2: new 1km 
spatial  resolution  climate  surfaces  for  global 
land areas. International Journal of Climatology 
37 (12): 4302-4315. - doi: 10.1002/joc.5086

Fuchs H, Magdon P, Kleinn C, Flessa H (2009). Es-
timating aboveground carbon in  a  catchment 
of the Siberian forest tundra: combining satel-
lite imagery and field inventory. Remote Sens-
ing of Environment 113: 518-531. - doi:  10.1016/j. 
rse.2008.07.017

Garcia  CV,  Woodard  PM,  Titus  SJ,  Adamowicz 
WL, Lee BS (1995). A logit model for predicting 
the daily  occurrence of human caused forest-
fires.  International  Journal  of  Wildland Fire  5: 
101-111. - doi: 10.1071/WF9950101

GDF  (2021).  General  Directorate  of  Forestry, 
Forestry Official  Statistics in Turkey. Web site. 
[in Turkish] [online] URL:  https://www.ogm.go 
v.tr/muglaobm/duyurular/2021-yili-orman-yang 
inlari-degerlendirme-raporu-430

GDF  (2022).  General  Directorate  of  Forestry, 
Forestry Official  Statistics in Turkey. Web site. 
[in Turkish] [online] URL: http://www.ogm.gov. 
tr/tr/e-kutuphane/resmi-istatistikler

Giglio L, Boschetti L,  Roy DP, Humber ML, Jus-
tice CO (2018). The collection 6 MODIS burned 
area mapping algorithm and product. Remote 
Sensing of Environment 217: 72-85.  - doi: 10.101 
6/j.rse.2018.08.005 

Harris I, Osborn TJ, Jones PD, Lister DH (2020). 
Version 4 of the CRU TS monthly high-resolu-
tion gridded multivariate climate dataset.  Sci-
entific Data 7: 109. - doi: 10.1038/s41597-020-045 
3-3

Jain P, Coogan SC, Subramanian SG, Crowley M, 
Taylor S, Flannigan MD (2020). A review of ma-
chine  learning  applications  in  wildfire  science 
and  management.  Environmental  Reviews  28 
(4): 478-505. - doi: 10.1139/er-2020-0019

Kücük O, Bilgili E (2008). Crown fuel characteris-
tics and fuel load estimates in young Calabrian 
pine (Pinus brutia Ten.) stands in northwestern 
Turkey.  Fresenius  Environmental  Bulletin  17: 
2226-2231.  [online] URL:  http://www.cabdirect. 
org/cabdirect/abstract/20093068782

Kücük O, Goltas M, Demirel T, Mitsopoulos I, Bil-
gili E (2021). Predicting canopy fuel characteris-
tics in Pinus brutia Ten.,  Pinus nigra Arnold and 
Pinus pinaster Ait. forests from stand variables 
in  North-Western  Turkey.  Environmental  Engi-
neering and Management Journal 20 (2): 309-
318. - doi: 10.30638/eemj.2021.031

Li Y, Feng Z, Chen S, Zhao Z, Wang F (2020). Ap-
plication  of  the  artificial  neural  network  and 
support vector machines in  forest fire predic-
tion in the Guangxi Autonomous Region, China. 
Discrete Dynamics in Nature and Society 2020: 
e5612650. - doi: 10.1155/2020/5612650

Liang H, Zhang M, Wang H (2019). A neural net-
work model for wildfire scale prediction using 
meteorological factors. IEEE Access 7: 176746-
176755. - doi: 10.1109/access.2019.2957837

Maier HR, Dandy GC, Burch MD (1998). Use of ar-

tificial neural networks for modelling cyanobac-
teria Anabaena spp. in the River Murray, South 
Australia.  Ecological  Modelling  105:  257-272.  - 
doi: 10.1016/S0304-3800(97)00161-0

Marier  HR,  Dandy GC (2000).  Neural  networks 
for the prediction and forecasting of water re-
source variables:  a review of modeling issues 
and  application.  Environmental  Modeling  and 
Software  15:  101-124.  -  doi:  10.1016/S1364-8152 
(99)00007-9

Massada AB,  Syphard AD,  Stewart  SI,  Radeloff 
VC (2013).  Wildfire ignition-distribution model-
ling: a comparative study in the Huron-Manis-
tee  National  Forest,  Michigan,  USA.  Interna-
tional Journal of Wildland Fire 22 (2): 174-183. - 
doi: 10.1071/WF11178

McKenzie  D,  Gedalof  ZE,  Peterson DL,  Mote P 
(2004). Climatic change, wildfire, and conserva-
tion.  Conservation  Biology  18  (4):  890-902.  - 
doi: 10.1111/j.1523-1739.2004.00492.x

Moreno R, Zamora R, Molina JR, Vasquez A, Her-
rera MA (2011).  Predictive modeling of  micro-
habitats  for  endemic  birds  in  South  Chilean 
temperate  forests  using  maximum  entropy 
(MaxEnt).  Ecological  Informatics  6:  364-370.  - 
doi: 10.1016/j.ecoinf.2011.07.003

Musabašić M, Mušić D, Babović E (2021). Fire pre-
diction with logistic regression on territory of 
Bosnia  and  Herzegovina.  IOP  Conference  Se-
ries:  Materials  Science  and  Engineering  1208: 
012033. - doi: 10.1088/1757-899X/1208/1/012033

Parisien MA,  Moritz  MA (2009).  Environmental 
controls on the distribution of wildfire at multi-
ple  spatial  scales.  Ecological  Monographs  79 
(1): 127-154. - doi: 10.1890/07-1289.1

Phillips  SJ,  Anderson  RP,  Schapire  RE  (2006). 
Maximum  entropy  modeling  of  species  geo-
graphic distributions. Ecological Modelling 190: 
231-259. - doi: 10.1016/j.ecolmodel.2005.03.026

Preisler HK, Brillinger DR, Burgan RE, Benoit JW 
(2004).  Probability  based  models  for  estima-
tion  of  wildfire  risk.  International  Journal  of 
Wildland Fire 13 (2): 133. - doi: 10.1071/WF02061

Saglam B, Bilgili E, Dincdurmaz B, Kadiogulari AI, 
Kücük  O  (2008).  Spatio-temporal  analysis  of 
forest fire risk and danger using LANDSAT im-
agery.  Sensors 8:  3970-3987. -  doi:  10.3390/s8 
063970

Satir  O,  Berberoglu  S,  Donmez C (2016).  Map-
ping regional forest fire probability using artifi-
cial neural network model in a Mediterranean 
forest ecosystem. Geomatics, Natural Hazards 
and Risk 7: 1645-1658. - doi:  10.1080/19475705. 
2015.1084541

Sevinc V, Kücük O, Goltas M (2020). A Bayesian 
network model  for  prediction and analysis  of 
possible forest fire causes. Forest Ecology and 
Management 457: 117723. - doi: 10.1016/j.foreco. 
2019.117723

Sivrikaya F, Kücük O (2022). Modeling forest fire 
risk  based  on  GIS-based  analytical  hierarchy 
process  and  statistical  analysis  in  Mediter-
ranean  region.  Ecological  Informatics  68  (3): 
101537. - doi: 10.1016/j.ecoinf.2021.101537

Sun H, Wang Q, Wang G, Lin H, Luo P, Li J, Zeng 
S, Xu X, Ren L (2018). Optimizing kNN for map-
ping vegetation cover of arid and semi-arid ar-
eas using Landsat images. Remote Sensing 10: 
1248. - doi: 10.3390/rs10081248

Tshering  K,  Thinley  P,  Shafapour  Tehrany  M, 
Thinley U, Shabani F (2020).  A comparison of 

17 iForest 17: 10-18

iF
or

es
t 

– 
B

io
ge

os
ci

en
ce

s 
an

d 
Fo

re
st

ry

https://doi.org/10.3390/rs10081248
https://doi.org/10.1016/j.ecoinf.2021.101537
https://doi.org/10.1080/19475705.2015.1084541
https://doi.org/10.1080/19475705.2015.1084541
https://doi.org/10.3390/s8063970
https://doi.org/10.3390/s8063970
https://doi.org/10.1071/WF02061
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.1890/07-1289.1
https://doi.org/10.1088/1757-899X/1208/1/012033
https://doi.org/10.1016/j.ecoinf.2011.07.003
https://doi.org/10.1111/j.1523-1739.2004.00492.x
https://doi.org/10.1071/WF11178
https://doi.org/10.1016/S1364-8152(99)00007-9
https://doi.org/10.1016/S1364-8152(99)00007-9
https://doi.org/10.1016/S0304-3800(97)00161-0
https://doi.org/10.1109/access.2019.2957837
https://doi.org/10.1155/2020/5612650
https://doi.org/10.30638/eemj.2021.031
http://www.cabdirect.org/cabdirect/abstract/20093068782
http://www.cabdirect.org/cabdirect/abstract/20093068782
http://www.ogm.gov.tr/tr/e-kutuphane/resmi-istatistikler
http://www.ogm.gov.tr/tr/e-kutuphane/resmi-istatistikler
https://doi.org/10.1071/WF9950101
https://doi.org/10.1016/j.rse.2008.07.017
https://doi.org/10.1016/j.rse.2008.07.017
https://doi.org/10.1007/s10584-005-5935-y
https://doi.org/10.1007/s10584-005-5935-y
https://doi.org/10.1007/s10661-019-7853-x
https://doi.org/10.1007/s10661-019-7853-x
http://desktop.arcgis.com/en/arcmap/10.5/get-started/main/get-started-with-arcmap.html
http://desktop.arcgis.com/en/arcmap/10.5/get-started/main/get-started-with-arcmap.html
http://desktop.arcgis.com/en/arcmap/10.5/get-started/main/get-started-with-arcmap.html
https://doi.org/10.1111/j.1472-4642.2010.00725.x
https://doi.org/10.1111/j.1472-4642.2010.00725.x
https://doi.org/10.1146/annurev.ecolsys.110308.120159
http://www.proquest.com/openview/c49eb48a43ac41b4cfc04fd6554a0983/1
http://www.proquest.com/openview/c49eb48a43ac41b4cfc04fd6554a0983/1
https://doi.org/10.1371/journal.pone.0161323
https://doi.org/10.1371/journal.pone.0161323
https://doi.org/10.3390/f6051422
https://doi.org/10.3390/f6051422
https://doi.org/10.1007/s10980-013-9935-4
https://doi.org/10.3390/geosciences11050224
https://doi.org/10.3390/geosciences11050224
https://doi.org/10.3832/ifor2870-012
https://doi.org/10.3832/ifor2870-012
https://doi.org/10.1016/j.foreco.2019.117723
https://doi.org/10.1016/j.foreco.2019.117723
https://doi.org/10.1139/er-2020-0019
https://doi.org/10.1038/s41597-020-0453-3
https://doi.org/10.1038/s41597-020-0453-3
https://doi.org/10.1016/j.rse.2018.08.005
https://doi.org/10.1016/j.rse.2018.08.005
https://www.ogm.gov.tr/muglaobm/duyurular/2021-yili-orman-yanginlari-degerlendirme-raporu-430
https://www.ogm.gov.tr/muglaobm/duyurular/2021-yili-orman-yanginlari-degerlendirme-raporu-430
https://www.ogm.gov.tr/muglaobm/duyurular/2021-yili-orman-yanginlari-degerlendirme-raporu-430
https://doi.org/10.1002/joc.5086


Forest fire occurrence modeling in Southwest Turkey

the qualitative analytic  hierarchy process  and 
the quantitative frequency ratio techniques in 
predicting forest fire-prone areas in Bhutan us-
ing GIS. Forecasting 2 (2):  36-58. doi:  10.3390/ 
forecast2020003

Wang M, Borders BE, Zhao D (2008). An empiri-
cal  comparison  of  two  subject-specific  ap-
proaches  to  dominant  heights  modeling:  the 
dummy variable method and the mixed model 

method. Forest Ecology and Management 255: 
2659-2669. - doi: 10.1016/j.foreco.2008.01.030

Yesilnacar EK (2005). The application of compu-
tational  intelligence  to  landslide  susceptibility 
mapping  in  Turkey.  University  of  Melbourne, 
Australia, pp. 395.

Zhang B, Wang H (2022).  Exploring the advan-
tages of the maximum entropy model in cali-
brating  cellular  automata  for  urban  growth 

simulation: a comparative study of four meth-
ods. GIScience and Remote Sensing 59: 71-95. - 
doi: 10.1080/15481603.2021.2016240

Zuur AF, Ieno EN, Elphick CS (2010). A protocol 
for data exploration to avoid common statisti-
cal  problems.  Methods  in  Ecology and  Evolu-
tion 1 (1): 3-14. - doi:  10.1111/j.2041-210X.2009.00 
001.x

iForest 17: 10-18 18

iF
or

es
t 

– 
B

io
ge

os
ci

en
ce

s 
an

d 
Fo

re
st

ry

https://doi.org/10.1111/j.2041-210X.2009.00001.x
https://doi.org/10.1111/j.2041-210X.2009.00001.x
https://doi.org/10.1080/15481603.2021.2016240
https://doi.org/10.1016/j.foreco.2008.01.030
https://doi.org/10.3390/forecast2020003
https://doi.org/10.3390/forecast2020003

	Forest fire occurrence modeling in Southwest Turkey using MaxEnt machine learning technique
	Introduction
	Materials and methods
	Study area
	Maximum entropy (MaxEnt) model
	Variables and data collection
	Forest fire data
	Tree species composition
	Aspect
	Maximum temperature
	Precipitation
	Solar radiation
	Human activity

	Data preparation
	Modeling and performance of the model
	Output and evaluation


	Results
	Modeling and mapping of forest fire
	Contributions of the variables to the MaxEnt model
	Performance of the MaxEnt model

	Discussion
	Conclusion
	Acknowledgements
	References


