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Abstract
Fires have increased in the northeastern Iran as its semiarid climate landscape is being desiccated by
human activities. To combat �re outbreaks in any region, one must map �re susceptibility with accurate
and e�cient models. This research mapped �re susceptibility in the forests and rangelands of
northeastern Iran’s Golestan Province using new data mining models. Fire effective factors data
describing elevation, slope angle, annual mean rainfall, annual mean temperature, wind effect,
topographic wetness index (TWI), plan curvature, distance from river, distance to road, and distance to
village were obtained from several sources. The relative importance of each variable was determined with
a random forest algorithm. Fire susceptibility maps were produced in R 3.3.3 software using GAM, MARS,
SVM algorithms and a new ens emble of the three models: GAM-MARS-SVM. Validation of the four �re
susceptibility maps was performed with the area under the curve. Results show that distance from
village, annual mean rainfall and elevation were of greatest importance in predicting �re susceptibility.
The new GAM-MARS-SVM ensemble model achieved the highest �re susceptibility mapping precision.
The �re susceptibility map produced using the GAM-MARS-SVM ensemble model best detected the high
�re risk areas in Golestan Province.

1. Introduction
Forest �res, whether natural or human-induced, have many negative impacts on environmental, social,
and economic conditions in most environments (Dimitrakopoulos and Mitsopoulos 2006). One of the
solutions to prevent �res is protective management in critical �re-prone and human-occupied areas
(Eskandari et al. 2015a). Therefore, to map �re susceptibility and to identify high-risk areas accurately is
of utmost importance.

Iran’s climates range from arid to semi-arid. Global warming, regional climate change, and human
activities in Iran’s natural ecosystems have caused wild�res throughout a large portion of the forests and
rangelands in the northern and northeastern parts of country in the recent years (Mazandaran Natural
Resources Administration 2017; Golestan Natural Resources Administration 2018). Golestan Province is
one of the regions most affected by wild�res in the recent years (Golestan Natural Resources
Administration 2018). This region is already prone to �re due its normal, historical climate. Based on
some reports and studies, �res in Golestan Province usually occur in areas experiencing decreasing
rainfall, dehydration, and leaf litter accumulation (Youse� and Jalilvand 2010; Eskandari and Jalilvand
2017; Golestan Natural Resources Administration 2018). Rural residents are augmenting the problem by
purposely and accidentally igniting �res. It has been determined that proximity to forest roads and
villages is related to increased wild�re risk in natural areas of Iran (Pourghasemi 2016; Eskandari and
Miesel 2017; Eskandari et al. 2020).

Many have mapped �re susceptibility in natural ecosystems around the world. Diverse models have been
developed to map �re susceptibility in different regions. Analytic hierarchy process (AHP) has been
applied by some (Chuvieco and Congalton 1989; Sowmya and Somashekar 2010; Atesoglu 2014;
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Pourghasemi et al. 2016; Nuthammachot and Stratoulias 2019) and others have used a combination of
AHP and fuzzy sets (Eskandari 2017; Vadrevu et al. 2010). Some have applied logistic regression (Rollins
et al. 2004; Martinez et al. 2009; Jurdao et al. 2012; Eskandari and Chuvieco 2015; Pourghasemi 2016)
and others have used arti�cial neural networks (ANN) (Vasconcelo et al. 2001; Alonso-Betanzos et al.
2002; Vakalis et al. 2004; Vasilakos et al. 2009; Satir et al. 2016). In the last decade, �re risk modeling by
individual data mining algorithms has produced good results (Pourtaghi et al. 2016; Eskandari et al.
2020). Support vector machines (SVM) have successfully modeled �re risk (Cortez and Morais 2007; Sakr
and Elhajj 2010; Eskandari et al. 2020). Random forest (RF) has also provided reliable results
(Leuenberger et al. 2013; Guo et al. 2017; Song et al. 2017; Eskandari et al. 2020). Ensemble data mining
algorithms have also been used successfully (Tehrany et al. 2018; Gigovic et al. 2019).

In Iran speci�cally, �re danger mapping has been conducted at a national scale (Eskandari and Chuvieco
2015) and at regional scales (Eskandari et al. 2015a; Pourtaghi et al. 2016; Pourghasemi et al. 2016;
Eskandari et al. 2020). Despite the extensive destruction of the forests and rangelands in Golestan
Province in recent years, no comprehensive study for �re susceptibility assessment has been performed
at the Province scale. Highly accurate �re susceptibility maps can be very useful for guiding use and
management in the zones of highest risk in the Province. The aims of this study are: (1) to map past �res
in the Golestan Province; (2) to evaluate the importance of the effective factors in the prediction of �re
susceptibility; (3) to map �re susceptibility using new and ensemble data mining models; and (4) to
validate the �re susceptibility maps produced using AUC to identify the best modeling method for the
study area.

2. Materials And Methods
2.1. Study Area

Golestan Province, Iran covers an area about 2,037,809 ha (Fig. 1). The dense forests and rangelands in
this semi-arid area have long been conducive to wild�re. The Province is known to be one of the most
wild�re-prone regions of Iran (Golestan Natural Resources Administration 2018).

The dominant species in forests beech (Fagus orientalis Lipsky), alder (Alnus subcordata C.A.Mey.),
Caucasian oak (Quercus castaneifolia C.A.Mey.), eastern hornbeam (Carpinus betulus L.), yew tree (Taxus
baccata L.), common juniper (Juniperus communis L.), cypress tree (Cupressus sempervirens L.), and
iron wood (Parrotia persica (DC.) C.A.Mey.). Dominant herbaceous species include Achillea millefolium,
Hypericum androsaemum, Echium amoenum, Ruscushyrcanus Woron, Rubus sp. and Siclaman sp.
(Mozaffarian 2007).

2.2. Data

An accurate �re susceptibility map is vital for �re prevention, mitigation, and response in �re-prone areas
(Tehrany et al. 2018; Eskandari et al. 2020). Selecting the factors that are most important predictors of
�re susceptibility is crucial to the modeling of an accurate and reliable �re susceptibility map. In this



Page 4/22

study, a DEM was used to determine elevations, slope angles, topographic wetness indices (TWI), plan
curvatures, distances to roads, distances to villages, and distances to rivers of each of the locations of
previous �res. These effective topographic and anthropogenic factors for �re susceptibility were
identi�ed in the literature (Pourtaghi et al. 2016; Pourghasemi et al. 2016; Eskandari and Miesel 2017;
Eskandari et al. 2020) and based also on conditions in the study area.

To account for climatic factors, data indicating annual mean rainfall, annual mean temperature, and
winds were acquired; these have been shown to in�uence wild�re regimes (Barbero et al. 2014; Jolly
2014; Jolly et al. 2015; Vitolo et al. 2019). It has been reported that high temperature and low precipitation
generally cause an increase in �re danger (van Bellen et al. 2010; Eskandari 2015). The role of wind in
promoting �re and spreading �re has also been demonstrated (Jolly 2014; Field et al. 2015; Pourghasemi
et al. 2016).

The DEM of Golestan Province was generated from an ASTER-GDEM (30m- resolution) available from the
USGS (https://earthexplorer.usgs.gov) (Fig. 2). Slope angle was calculated from the DEM. TWI is a
secondary DEM feature obtained from the 30m-resolution DEM (Beven and Kirkby 1979):

where, α is the cumulative upslope area of drainage through a point, and tan β is the slope angle at that
point. TWI was expected to be an important �re-promotion factor. The wind-effect map was constructed
from three variables: DEM, wind direction (degree), and wind speed (m/s) in SAGA GIS
(http://saga.sourcearchive.com/documentation/2.0.7pluspdfsg2/wind__effect_8cpp_source.html)
(Pourghasemi et al. 2016). A plan curvature map was a secondary DEM feature generated in ArcGIS
10.6.1.

The locations of roads, rivers, and villages in Golestan Province were extracted from 1:25,000-scale
topographical maps. Distances to roads, distances to villages, and distances to rivers were then
determined in ArcGIS 10.6.1. Annual mean rainfall and annual mean temperature maps were acquired
from the Golestan Meteorological Administration. Maps of each of these �re susceptibility effective
factors are shown in Fig. 3.

2.3. Methodology

2.3.1. Fire Occurrence Detection

For �re susceptibility modeling, actual �re data in the study area is required. All of the �res that occurred
in Golestan Province from 2002 to 2017 were obtained from a MODIS �re product. The MODIS hotspots
have been used by many researchers for �re occurrence mapping (Chuvieco et al. 2008; Vadrevu et al.
2010; Eskandari et al. 2015b; Eskandari and Chuvieco 2015; Jolly et al. 2019; Adelabu et al. 2020;
Eskandari et al. 2020). In this study, all MODIS �re products for Golestan were obtained from NASA
(https://modis.gsfc.nasa.gov/data/). HDFView software (http://hdfeos.org/software/heg.php) was used

https://earthexplorer.usgs.gov/
http://saga.sourcearchive.com/documentation/2.0.7pluspdfsg2/wind__effect_8cpp_source.html
https://modis.gsfc.nasa.gov/data/
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to detect the �re pixels (HDF-EOS to GeoTIFF Conversion Tool (HEG) 2017). The �re products were
imported to HDFView and the position of �re pixels were detected. A map of the pixels that represented
past �res was constructed in GIS. The �re pixels were divided randomly into two groups: 70% for training
and 30% for validation of the �re susceptibility modeling results (Fig. 1b).

2.3.2. Importance of the Effective Factors for Fire Susceptibility Mapping

Selection of the variables that serve as the most important �re location predictors is important for the
creation of reliable maps generated by proper models. In this research, the importance of effective
variables on �re susceptibility mapping was determined with the random forest (RF) algorithm
(Leuenberger et al. 2013; Guo et al. 2017; Song et al. 2017). A multi-collinearity test for the effective
factors was used to remove the highly collinear variables (Hsiao 2014; Daoud 2017). The multi-
collinearity test is frequently used to detect spatial autocorrelation among independent (predicator)
variables used to model the response variable (Daoud 2017) which in this study is �re susceptibility.

2.3.3. Fire Susceptibility Mapping by New and Ensemble Data Mining Models

Four individual and ensemble data mining models – GAM, MARS, SVM, and GAM-MARS-SVM – were
used to map �re susceptibility. The �re susceptibility maps were created in R 3.3.3 software. The GAM-
MARS-SVM is a new combined model that is being used for �re susceptibility mapping for the �rst time.
The data mining algorithms used in this study are explained below.

2.3.3.1. Generalized additive model (GAM): Generalized additive model (GAM) algorithm has been used to
model danger and susceptibility for different phenomena. In this study, the GAM is used as a semi-
parametric extension of �re effective factors and �re occurrence (Hastie and Tibshirani 1990). As the
GAM model assesses the predictor's partial response curves with a non-parametric smoothing function
instead of parametric function, it provides the potential statistical relationships between �re occurrence
and the effective factors and yields the spatial patterns (Pourghasemi and Rahmati 2018). In current
research, the “GRASP” (Generalized Regression Analysis and Spatial Prediction) package, developed by
Lehmann et al. (2002), was used to run the GAM algorithm in R 2.0.7.

2.3.3.2. Multivariate adaptive regression spline (MARS): MARS algorithms are used to assess the
relationships between input variables (effective factors on �re) and output variables (�re susceptibility
potential) (Friedman 1991). This algorithm merges three techniques to form a new algorithm:
mathematical spline construction, binary recursive partitioning (BRP), and linear regression (LR)
(Friedman 1991). The resulting algorithm de�nes the relationships of an independent variable to the
effective variables as either linear or non-linear (Hastie et al. 2001; Naghibi et al. 2018). In this study, the
MARS algorithm was run by the “Earth” package (Milborrow et al. 2019) in R 3.0.2.

2.3.3.3. Support vector machine (SVM): The SVM algorithm is a non-linear and binary classi�cation
process that aims to determine the thresholds that divide a training sample into prede�ned classes. The
optimum separation minimizes misclassi�cations that usually occur during training (Mountrakis et al.
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2011). Traditional machine-learning algorithms usually attempt to limit empirical training errors and tend
to over�t (Vapnik and Vapnik 1998; Xie 2006). The main bene�t of SVMs is their ability to convert models
and solve non-linear classi�cation problems caused by a lack of prior knowledge of the modeling
conditions. For this study, �re susceptibility modeling using SVM was performed with the “Kernlab”
package (Karatzoglou et al. 2004) in R 3.0.2.

2.3.3.4. GAM-MARS-SVM: This new ensemble machine learning/data mining technique is applied here for
the �rst time. We have assembled three famous algorithms according to their AUC values to map �re
susceptibility. This process was accomplished with R 3.5.1 statistical software.

2.3.4. Validation of the Fire Susceptibility Maps

Validation of �re susceptibility maps obtained from data mining models was performed with the AUC
values extracted from ROC (Receiver Operating Characteristics) curve, a technique that is widely used for
accuracy assessment of the classi�ed maps generated by algorithms (Mas et al. 2013). An area of 1
represents perfect classi�cation; whereas an area of 0.5 or less represents a worthless result (Yesilnacar
2005).

3. Results
3.1. Importance of Effective Factors in Fire Susceptibility Mapping

Importance of the effective factors in �re susceptibility mapping using the RF algorithm is shown in Fig.
4.

3.2. Multi-collinearity Analysis

The results of the multi-collinearity test among effective factors are shown in Table 1. As a result of this
test, the aspect factor was deleted from analysis because of collinearity with other factors. There is no
multi-collinearity among the other effective factors as VIF is <5 and tolerance is >0.1 (O’Brien 2007)

Table 1 Multi-collinearity test for effective factors on �re susceptibility
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Factors Unstandardized
Coe�cients

Standardized
Coe�cients

t Sig. Collinearity
Statistics

B Std.
Error

Beta Tolerance VIF

DEM 0.000 0.000 -.219 -12.887 0.000** 0.505 1.980

Rainfall 0.001 0.000 0.447 17.625 0.000** 0.226 4.432

River
Distance

7.757E-5 0.000 0.049 3.448 0.001** 0.722 1.385

Road
Distance

-1.036E-
5

0.000 -0.081 -5.045 0.000** 0.559 1.789

Slope -3.389E-
5

0.000 -0.019 -1.240 0.215 0.630 1.587

Temperature 6.730E-6 0.000 0.004 0.294 0.768 0.720 1.388

TWI 0.003 0.002 0.016 1.197 0.231 0.859 1.164

Village
Distance

-1.157E-
5

0.000 -0.201 -12.125 0.000** 0.531 1.883

Plan
Curvature

-0.001 0.000 -0.285 -11.254 0.000** 0.227 4.403

Wind Effect 0.005 0.000 0.0045 0.589 0.000** 0.347 0.215

**Signi�cant in 99% con�dence level

3.3. Fire Susceptibility Maps in Golestan Province using Data Mining Models

The algorithm modeled Golestan �re susceptibility maps were classi�ed into four categories (very low,
moderate, high, and very high) using natural breaks (Jenks 1967; Osaragi 2008; Lin 2013; Pappas 2013)
(Fig. 5). The respective areas of the four �re susceptibility classes generated by the data mining models
are shown in Table 2.

Table 2 Area of �re susceptibility potential classes by data mining models
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Area of �re susceptibility classes GAM (%) MARS (%) SVM (%) GAM-MARS-SVM (%)

Low 40.82 39.19 46.57 42.69

Moderate 19.28 21.48 15.76 17.55

High 19.64 21.41 13.86 17.70

Very High 20.26 17.91 23.82 22.06

Total 100 100 100 100

3.4. Validation of Fire Susceptibility Maps by the AUC

Validation results of the �re susceptibility maps from the data-mining models are shown in Fig. 6 and
Table 3.

Table 3 Validation of �re susceptibility maps produced by the four models based on AUC

Models Area Standard
Error

Asymptotic
Signi�cant

Asymptotic 95% Con�dence
Interval

Lower Bound Upper Bound

GAM 0.825 0.009 0.000 0.809 0.842

MARS 0.826 0.009 0.000 0.809 0.843

SVM 0.808 0.009 0.000 0.790 0.826

GAM-MARS-
SVM

0.830 0.008 0.000 0.814 0.847

4. Discussion
Considering the problem of increasing �res in Golestan Province, this research mapped �re susceptibility
using GAM, MARS, SVM and GAM-MARS-SVM data-mining models. Results of the assessment of the
importance of effective factors on �re susceptibility using the RF algorithm indicate that distance from
nearest village, annual mean rainfall, and elevation were the most predictive of �re susceptibility.

Human activities have already been reported as a signi�cant cause of �re occurrence in natural areas
(Stolle et al. 2003; Martinez et al. 2009; Vadrevu et al. 2010; Zumbrunnen et al. 2012; Pourghasemi 2016;
Eskandari and Chuvieco 2015; Bowman et al. 2018; Eskandari et al. 2020). People are the main cause of
wildland �res, whether intentionally or accidentally (Flannigan et al. 2000). Rural livestock are completely
dependent on forestland in northern Iran. It is logical that distance from a village is a good predictor of
�re occurrence in these forests. Other studies have also shown the role of rural settlements in wild�re
promulgation around the world (Martinez et al. 2009; Vadrevu et al. 2010; Zumbrunnen et al. 2012;
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Eskandari and Chuvieco 2015; Bowman et al. 2018). Decreasing rainfall yields dying vegetation and
desiccating fuels. Decreasing rainfall has already been reported as a major factor for rising �re
occurrence in the northern forests of Iran (Khorasani Nejad 1995; Youse� and Jalilvand 2010). The role of
topography (mainly elevation) in �re occurrences has also been proven (Kushla and Ripple 1997; Butler et
al. 2007; van Wagner 2011; Eskandari et al. 2020). Elevation is the third most important effective factor.

Annual mean temperature, wind effects, distances to roads, and slope angle were of medium importance
to �re susceptibility. Previous studies have shown that annual mean temperature has a strong
relationship with the number of �res in Golestan Province (Eskandari 2015). Furthermore, the proximity to
roads has also been identi�ed as important factor in �re susceptibility potential (Martinez et al. 2009;
Narayanaraj and Wimberly 2011; Rodrigues et al. 2016; Eskandari and Miesel 2017; Ricotta et al. 2018;
Eskandari et al. 2020). Wind effect has also been identi�ed as an important effective factor in �re
occurrence (Tymstra et al. 2007; Jolly et al. 2015; Pourghasemi et al. 2016). TWI, distances to rivers, and
plan curvature were the factors of least importance to �re susceptibility. Therefore, using them for
modeling is not recommended in future studies. Aspect was collinear with the other factors and was
removed from further analysis.

Based on these results, human factors (distance to villages and distance to roads), climatic factors
(annual rainfall mean, annual mean temperature, and wind effect), and topographic factors (DEM and
slope angle), together dictate �re susceptibility in the forests and rangelands of Golestan Province. It has
been con�rmed based on other studies performed about �re danger mapping in natural areas of Iran
(Eskandari and Chuvieco 2015; Eskandari et al. 2020). Therefore, it seems that appropriate predicator
variables have been selected.

Among the data-mining models used, the GAM-MARS-SVM (AUC = 0.830) model had the highest
accuracy in predicting locations of �re. MARS (AUC = 0.826), GAM (AUC = 0.825) and SVM (AUC = 0.808)
were somewhat less accurate. Thus, the new ensemble GAM-MARS-SVM model provides for a somewhat
more accurate �re susceptibility map than any of the individual data-mining models (MARS, GAM and
SVM). The individual data mining algorithms have demonstrated effective natural hazard prediction
capacities (Pourghasemi and Rahmati 2018; Pourtaghi et al. 2016; Eskandari et al. 2020). For example,
SVM has been used for �re susceptibility modeling (Cortez and Morais 2007; Sakr and Elhajj 2010;
Eskandari et al. 2020) and RF has also produced reliable �re susceptibility maps (Leuenberger et al. 2013;
Guo et al. 2017; Song et al. 2017; Eskandari et al. 2020). However, ensemble data-mining algorithms,
such as an ensemble RF-SVM model, have shown better results for �re susceptibility mapping than the
individual data mining models alone (Gigovic et al. 2019).

The ensemble GAM-MARS-SVM algorithm used for the �rst time in this study generated very good results
for �re susceptibility mapping in the study area. At present, application of ensemble data mining
algorithms for �re susceptibility mapping is new and limited. The GAM-MARS-SVM algorithm is highly
recommended for future efforts to map �re susceptibility in other �re-prone areas of Iran, such as in the
Hyrcanian forests of Mazandaran and Giulan Provinces, as well as in other arid and semi-arid regions of
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the world. The resulting �re susceptibility maps may provide helpful information to enable better
prediction of future �res in the resource-rich forests and rangelands of these Provinces.

The spatial analysis of �re susceptibility obtained from ensemble data mining algorithm (GAM-MARS-
SVM model) showed that the high and very high �re-danger classes have been located in the center of
Province. The individual data mining algorithms (MARS, SVM and GAM models) created different spatial
pattern of �re susceptibility. The important point is that high and very high �re susceptibility locations in
the results of all of the models are located in the center of Province where the village and road densities
are highest. This seems to re�ect the important role that humans play in causing wild�res in the Province
and this has been con�rmed by others (Flannigan et al. 2000; Martinez et al. 2009; Zumbrunnen et al.
2012; Lasslop and Kloster 2017; Bowman et al. 2018; Eskandari et al. 2020).

Analysis of �re susceptibility based on most accurate algorithm (GAM-MARS-SVM model) demonstrated
that 42.69% of Golestan Province has low �re danger, 17.55% moderate danger, 17.70% high danger, and
22.06% by very high danger. Combined, 39.76% of the study area is high or very high �re potential. These
parts should, therefore, be studied and managed to mitigate and prevent ignition and augmentation of
�re potential. Proactive and protective management (especially against human activities) can reduce �res
in the Province.

5. Conclusions
Results of this study show that distance from village is the most important factor in �re susceptibility in
Golestan Province. Therefore, management to prevent �res in the Province should be focused in rural
areas. The high precision of the GAM-MARS-SVM ensemble model suggests that �re susceptibility
mapping will be enhanced by using it to forecast areas of high �re danger. Using this ensemble model, we
�nd that 40% of the Province has high or very high �re risk. Therefore, the Province will very likely
experience many �res in the future. The �re susceptibility map that the ensemble model produced can be
very useful for creating and enhancing management strategies for preventing �res, particularly in the
higher risk portions of Golestan Province.
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LR: Linear Regression

MARS: Multivariate Adaptive Regression Spline
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Figures

Figure 1

Locations of (a) Golestan Province in Iran and (b) past �res in Golestan Province for training and
validation samples Note: The designations employed and the presentation of the material on this map do
not imply the expression of any opinion whatsoever on the part of Research Square concerning the legal
status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 2

Flowchart of the current research
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Figure 3

Maps of effective factors on �re susceptibility: a) Elevation, b) Slope angle, c) Annual mean rainfall, d)
Annual mean temperature, e) Wind effect, f) TWI, g) Plan curvature, h) Distance to river, j) Distance to
road, and k) Distance to village Note: The designations employed and the presentation of the material on
this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.
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Figure 4

Importance of the effective factors in �re susceptibility mapping using RF algorithm
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Figure 5

The �re susceptibility maps in Golestan Province using data mining models: a) GAM, b) MARS, c) SVM,
and d) GAM-MARS-SVM Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.
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Figure 6

The ROC curve and the AUC values of four data mining models


