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Abstract This study aimed at delineating the wild-
fire risk zones in a fire-prone region located in a rarely
addressed area of western Iran (Paveh city) by assessing
the potential of factors such as NDVI, topographic factors
(elevation, slope, and aspect), land cover, and evaporation
in explaining the fire occurrence probability. Analytic
hierarchy process (AHP) and geographical informa-
tion system (GIS) methods were used synergistically
to integrate the mentioned factors into analysis, fol-
lowing an informed categorization of each factor
based on the information on previous fire occurrence.
In the AHP process, elevation and evaporation data
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were considered to be the most critical factors. It
was found that the predicted wildfire risk areas were
in agreement with past fire events by the use of the
methodology proposed by this study. Accordingly, the
study’s final wildfire risk map indicated that approxi-
mately 64.7% of the study area is located in the high-
and very high-risk zones. Land-use planners and
decision-makers may use the developed map to setup
and implement fire prevention strategies and enhance
or develop the fire-surveillance logistics and infra-
structure, including but not limited to the positions of
fire watchtowers, fire lines, and fire sensors, with the
aim to minimize potential fire impacts.

Keywords Analytic hierarchy process -
Geographical information systems - Wildfire
management - Wildfire risk - Zagros vegetation zone

Introduction

Wildfire is among the most critical forest disturbances,
having a high impact on greenhouse gas emissions
(McGlynn et al., 2022), air pollution (Zhu et al., 2018),
and climate change (Boucher et al., 2020). It also has a
significant impact on forest regeneration (Santoro et al.,
2021; Swan et al., 2021), wildlife, and habitat resilience
(Sweitzer et al., 2016) and invariably causes high-level
socio-economic losses (Nyamadzawo et al., 2013). In the
past decade, much scientific attention has been given to
identifying fire-driving factors (Naderpour et al., 2021;
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Ozenen Kavlak et al., 2021), wildfire risk assessment
(Liu et al., 2021; Nuthammachot & Stratoulias, 2021),
and wildfire modeling (Emmett et al., 2021; Tiwari
et al., 2021). To this end, wildfire risk (WR) is defined
as the likelihood of fire to occur based on the nature
and incidence of causative agents (Hardy, 2005). In
recent years, many WR assessment studies have pro-
duced increasingly accurate wildfire risk indexes (WRI).
WRI models use a wide range of fire-driving factors,
remotely sensed data sets, spatial analysis techniques,
and modeling approaches. For example, Novkovic et al.
(2021) assessed WR in northwest Spain and produced
a forest WRI map by the use of the Normalized Differ-
ence Vegetation Index (NDVI; from Sentinel-2), aerial
LiDAR data, a high-resolution digital elevation model,
vegetation layers, and analytic hierarchy processes (AHP)
GIS-based spatial analysis. Their resulting maps showed
that half of the study area was located in a high fire-risk
zone. Most of the studies on the topic included a wide
range of factors such as topography (Ma et al., 2020),
land cover (Pham et al., 2020), temperature, evapora-
tion, evapotranspiration (Sevinc et al., 2020; Ying et al.,
2018), communication infrastructure, and human activi-
ties (Carrasco et al., 2021; Kim et al., 2019); these poten-
tial drivers were typically used to increase the model
performance and reduce WR assessment uncertainties.
Zhao et al. (2021) used topographic factors, temperature,
NDVI, road distance, and distance to residential centers
and produced a WRI map with an accuracy of 76.7%. In
another study, Milanovi€ et al. (2021) used in their WR
model vegetation type, population density, topographic
factors, and distance-based layers, including distance
to roads and rails and arable and agricultural lands. All
these studies agree that monitoring and modeling wild-
fires are complex processes because they involve factors
playing various roles in different regions. That is why
most studies planned their research on a local or regional
scale (Eslami et al., 2021; Gigovi¢ et al., 2019; Satir
et al., 2016) and it may be helpful to conduct WR assess-
ments in different regions and produce regional-based
WRI models to account for the variability in factors and
scales.

Freely available remote sensing data such as the
MODIS Fire Information for Resource Manage-
ment System (FIRMS), Landsat, and the European
Space Agency (ESA) Sentinel datasets were used as
excellent sources to identify fire hot spots (Banerjee,
2021; Landi et al., 2021); calculate land surface tem-
perature (Esfandeh et al., 2021), evapotranspiration
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(Roche et al., 2018), and vegetation indices (Ma et al.,
2018; Moradi et al., 2022; Talucci et al., 2020); and
also to develop land use and land cover maps (Nasiri
et al., 2022; Sobhani et al., 2021). For mapping and
further analyzing these datasets, GIS-based spatial
analysis techniques have been used as powerful tools
(Novkovic et al., 2021). Following the preparation
of the datasets, approaches for reliable modeling of
WR are required. For doing so, different modeling
approaches such as machine learning models (Bot &
Borges, 2022; Li et al., 2022), fuzzy models (Nebot
& Mugica, 2021), and AHP (Nikhil et al., 2021)
were used. As a multi-criteria decision analysis, AHP
integrates easily with GIS and provides a clear, user-
friendly, and straightforward modeling approach
(Saaty, 1988). It is a powerful and flexible decision-
making method used to rank different features (Coban
& Erdin, 2020).

Wildfires are among the most critical problems in
the Mediterranean and semiarid climate zones, affecting
countries such as France (Ruffault & Mouillot, 2017),
Spain (Quintano et al., 2018), Portugal (Carmo et al.,
2011), Italy (Elia et al., 2020), Greece (Mallinis et al.,
2018), Lebanon (Mitri et al., 2015), Turkey (Akbulak
et al., 2018), and Iran (Bashari et al., 2016; Jaafari et al.,
2017). In Iran, each year, the Zagros Mountainous vege-
tation zone having a Mediterranean and semiarid climate
experiences pasture fires that affect the sparse forest
resources and cause irreparable damage to the region’s
ecosystems. High regional fire frequency and the lack of
quality information have guided this study to assess the
WRs and determine the high-risk areas in these valuable
ecosystems. Hence, this study aimed at generating a WR
map for the fire-prone part of the Mediterranean region
of Iran. This was achieved through the application of
AHP and GIS tools to analyze the relationship between
potential factors and the risk of wildfire.

Materials and methods
Study site

The study site is located in the Zagros Mountains veg-
etation zone, west of Iran (Paveh city). The study area
holds approximately 80,514 ha and extends between
latitudes 35° 01'-35° 04’ N and longitudes 46° 20'—46°
23" E (Fig. 1), with the mean elevation of 1540 m
above sea level. The area has been largely affected
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by wildfire events, with the highest WR occurring
during the dry season (i.e., May to September). The
annual precipitation varies between 600 and 800 mm
and the minimum rainfall occurs in the middle of
summer. In the studied region, dominant tree species
include Persian oak (Quercus brantii), gall oak (Q.
infectoria), wild pistachio (Pistacia atlantica), and
Montpellier maple (Acer monspessulanum).

Overall methodology

This study considered all the available factors that
can affect wildfire occurrence. To assess the risk of
wildfire, several sources of information were used,
including satellite imagery, land cover maps, climatic
data, and topographic features. All the layers were
mapped and resampled at a 10-m resolution using
the bilinear interpolation method (e.g., Jiang et al.,
2021; Lanaras et al., 2018). After that, we classified
each layer based on previous wildfire information into
four classes: low, moderate, high, and very high WR
levels. Finally, a WR map was produced based on the
AHP- and GIS-based map algebra. Figure 2 illustrates
the workflow we used to construct the WR model.
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Fig. 1 The geographic location of study area

Wildfire risk (WR) factors

This study involved all the available factors in the mod-
eling workflow and producing an accurate WRI map.
We extracted a high-resolution vegetation index from
satellite images as the starting point for wildfire factors
preparation. The vegetation index is used to account for
the vegetation density as an attribute in WRI model con-
struction. Based on previous studies, NDVI can provide
valuable information about the health status of trees,
moisture content, and productivity (Amiri & Pourgha-
semi, 2022; Jiang et al., 2022). In this regard, the Level-
1C products of Sentinel-2A (S-2A), a multispectral
instrument covering 13 spectral bands (443-2190 nm),
with a swath width of 290 km and a spatial resolution
of 10 m (four visible and near-infrared bands), 20 m
(six red edge and shortwave infrared bands), and 60 m
(three atmospheric correction bands), dated 2019-
08-11, were downloaded from the Copernicus Open
Access Hub (https://scihub.copernicus.eu/) and corrected
atmospherically using Sen2Cor (Ver. 2.5.5). Sen2Cor
converts the top of atmosphere reflectance (TOA) to
the bottom of atmosphere reflectance (BOA) and gener-
ates Level-2A products. Then we used band 4 (665 nm,
10 m spatial resolution) and band 8 (842 nm, 10 m
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Fig. 2 Workflow of wildfire risk (WR) model construction, which consists of datasets, data processing, and results

spatial resolution) to extract the NDVI based on Eq. 1.
The analysis was implemented in the SNAP (Ver. 8.0.5)
software.
Band8 — Band4

NDVI = Band8 + Band4 M

Also, previous studies reported that topographic fac-
tors such as elevation, slope, and aspect could influence
the probability of fire occurrence (Airey-Lauvaux et al.,
2022; Si et al., 2022). This information can be extracted
from high-resolution Digital Elevation Models (DEM).
We used the ALOS PALSAR—Radiometric Terrain
Correction (resolution 12.5 m) DEM (https://asf.alaska.
edu). Slope and aspect layers were produced by extract-
ing the elevation from the DEM layer. Data related to
land cover and evaporation were obtained from the
Department of Natural Resources and Watershed Man-
agement (DNRW) of the Kermanshah province. Our
land cover map contained the classes of high-density
natural forest (canopy cover>75%), medium-density
natural forest (canopy cover=50-75%), low-density
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natural forest (canopy cover<50%), planted forests,
meadows, moderate-density grassland, and low-density
grassland at 10-m resolution.

Reference information, overlaying process, and
weights of the classified layers

We used previous wildfire statistics to generate a suit-
able source in our modeling and validation process.
Therefore, all of the 74 wildfires (i.e., ground-truth
data) which occurred during 2016-2020 were taken as
reference data from DNRW. The information on previ-
ous wildfires was divided into two subsets. The first
subset (70%) was used in the overlaying process, and
the second subset (30%) was used to validate the final
wildfire map. As a first step, we classified each wild-
fire factor (NDVI, elevation, slope, aspect, land cover,
and evaporation) into four classes based on its range.
Then, the first subset of the wildfire layer containing
30% of the data was overlaid on the classified factor
layers. Based on the number of fires and burnt areas
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in each class, the WR classes were determined. At the
end of the process, four WR classes (very high, high,
moderate, and low risk) were assigned to each factor.
The GIS-based analyses were carried out in the QGIS
(Ver. 3.16) interface, open-source GIS software.

Analytical hierarchy process (AHP)

The goal of the AHP technique is to select the best
option based on different criteria through pairwise
comparison (Lamat et al., 2021). The technique is
also used for weighting criteria. Many studies have
reported that AHP is a suitable tool for WR assess-
ment (Akay & Sahin, 2019; Busico et al., 2019;
Nikhil et al., 2021; Sivrikaya & Kiigiik, 2022). To
determine the weight of each factor based on AHP,
two general steps should be implemented: building a
comparison matrix and calculating the weights of the
factors. In the first step, all factors were compared
with each other in terms of their importance. This
step aims at determining which factors from each
pair are more important and how many times more.
To support the AHP, we generated a table based on
all wildfire factors, which was used to conduct a pair-
wise comparison between all factors and to deter-
mine their importance based on findings of previous
studies (Novkovic et al., 2021; Zhao et al., 2021)
and discussions with local experts from the Natural
Resources Bureau of Kermanshah province. Then,
the weights of each factor were determined based on
the pairwise compression. A pairwise comparison
matrix was developed to compare all factors against
each other based on their importance (equal, moder-
ate, strong, very strong, and extremely strong). The
weights for each factor were calculated by dividing
the sum of each row with the total number of factors.
Finally, to verify the generated weights, we used the
Consistency Ratio (CR), which is calculated based
on Eq. 2.

e

CR=—
RI

@)
where CI (Consistency Index) is the index character-
izing the consistency of judgments across all pairwise
comparisons and R/ is the value of the random consist-
ency index. Earlier studies reported that if the CR is
lower than 0.1, then the set of judgments and weights
are reliable (Nuthammachot & Stratoulias, 2021).

Validation of the wildfire risk (WR) model

The final product in the form of WR map was devel-
oped based on the linear combination of all six cri-
teria (i.e., NDVI, elevation, slope, aspect, land cover,
and evaporation). The weights of each criterion were
assigned based on the estimations of the AHP. For the
validation process, we overlaid the second subset of
WR information (30%) with the resulted WR map.
The accuracy of WR map was evaluated based on
the overlapping of the areas contained in the modeled
WR map classes (low, moderate, high, and very high)
with the frequency of previous wildfire data.

Results
Potential wildfire factors, WR classes, and weights

The spatial distribution of the WR classes belonging to
the 6 factors was mapped (Fig. 3; Table 1) across the
study site, which was covered with vegetation (mainly
with forests and grassland). Based on the overlaying
results, low-density natural forests had a high level of
WR probability (Fig. 3A). Areas with low elevation
(Fig. 3B), and with the slope in the range of 40-60%
(Fig. 3C), were found to have a high level of WR prob-
ability. Regarding the aspect classes, south-facing sides
had a high WR probability (Fig. 3D). Land cover maps
showed that a high-density natural forest class had the
highest risk probability (Fig. 3E). In regard to the evap-
oration rate, WR increased in areas with an evaporation
rate between 1539 and 2280 mm (Fig. 3F).

AHP-based WR model and validation

The comparison matrix and the weights of each factor
are shown in Table 2. Based on our results, the eleva-
tion and aspect-based WRI layers had the highest and
lowest weights, respectively. Also, the CR value of
our model was 0.0798, which shows that the weights
obtained from AHP are statistically reliable.

Based on the weights determined reliably by the means
of the AHP, the WRI map was produced using Eq. 3.

WRI = (23.7 X Elevation) + (23.5 X Evaporation)
+ (15.9 x NDVI) + (14.1 x Slope) 3)
+ (12.1 X LandCover) + (10.6 X Aspect)

@ Springer



644 Page 6 of 13

Environ Monit Assess (2022) 194: 644

380,000 590,000 600,000 610,000 620,000 630,000 640.000

N

A 3

g wi VE
s

g

H

g

i

:}“
£
% NDVIbased WR classes

Low
Moderate
3 -
e
v e Kilometer
0 5 10
580,000 590.000 600,000 610,000 620,000 630,000 640,000
350000 000 oo s10000 620000 630,00 )
3 N
: C Ges ]
H W E
) S
g
£
a " i Y
H
] iy
i
ke
g Ao o
% Slope based WR classes t 5 o5
Low
g Moderate
¢ I nio
& - Very Hi;
s Kilometer
[ 10
550000 0000 0000 410000 200 000 sa0000
300000 50,000 sano00 a0 c20000 6000 sano00
N
i E '
H A kL
- ) W E
S

3,580,000 3,890,000

3,570,000

Land cover based WR classes

Low
P Moderate
| R
Bl veo s

3,860,000

350,000

Kilometer

600,000 610,000 620,000 630,000 640,000

550,000 590,000
g8
IR
g
i
g5
1
s
23 Elevation based WR classes
Low
83 Moderate
1
B Ve High
0
350,000 390.000
550,000 590,000
gg
is D
£
i
g8
i
1
E % Aspect based WR classes

Low

Moderate
§' g B i
e B Voo s

0
350,000 390,000
350,000 590,000

3,880,000 3,890,000 3,900,000
3,880,000 3,890,000 3,900,000

3,870,000
3,870,000

" Evaporation based WR classes

Low
g8 Moderate
2 B e
B veo i ‘;
530000 50000

"

610,000

620000

=
3,900,000

3,880,000 3,890,000

3,870,000

3,860,000

Kilometer
610000 620,000 630,000 640,000
610,00 620,000 630,000 540,000

=
=
3,900,000

3,890,000

3,870,000

Kilometer
0

600,000
600,000

600,000

610,000
610,000

=
m
3,000,000

S
g
§
g
i
g
g
g
i
Kilometer
0
610,000 620000 620,000 640,000

Fig. 3 Information layers used to develop the wildfire risk (WR) map in a study area. A NDVI; B elevation; C slope; D aspect; E
land cover; and F evaporation
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Table 1 Datasets used,
factor values, weights, and
wildfire risk (WR) class

Datasets NDVI values Weights WR class
Remote sensing vegetation index <0.15 4 Very high
0.15-0.3 3 High
0.3-0.5 2 Moderate
>0.5 1 Low
Elevation (m a.s.l) Weights WR class
Topographic features <1000 4 Very high
1000-2000 3 High
2000-3000 2 Moderate
> 3000 1 Low
Slope (%) Weights WR class
40-60 4 Very high
> 60 3 High
2040 2 Moderate
<20 1 Low
Aspect Weights WR class
South 4 Very high
Southeast-southwest 3 High
West—east-northeast 2 Moderate
North-northwest-flat 1 Low
Land cover Weights WR class
Land cover High to medium density natural forests 4 Very high
Low density natural forest-planted forest 3 High
Meadows 2 Moderate
Moderate to low density grasslands 1 Low
Evaporation (mm yr~!) Weights WR class
Climate 1539-2280 4 Very high
1352-1538 3 High
1180-1351 2 Moderate
640-1179 1 Low

The resulting WRI map is shown in Fig. 4. Our WRI
map resulted in four zones, low, moderate, high, and very
high WR, which have areas of 16,113; 25,044; 47,555;
and 28,049 ha, respectively (Figs. 4 and 5). In more
detail, 64.8% of our study site areas are located in high-
and very high-risk zone classes (Fig. 5).

Table 2 The comparison
matrix of wildfire factors
and their weights based on
AHP

The results of the WRI map were validated by
comparing them against the previous wildfire infor-
mation (validation subset, 30% of the data). Based
on the comparison results, we found that among the
52 fires which occurred during 2016-2020, a num-
ber of 38 data points were located in the high- and

Datasets Elevation Slope Aspect Landcover NDVI Evaporation Weight (%)
Elevation 1 2 2 3 2 1 23.8
Slope 0.5 1 1 1 0.5 14.1
Aspect 0.5 1 1 0.5 1 0.33 10.6
Land cover  0.33 0.5 2 1 1 0.5 12.1
NDVI 0.5 1 1 1 1 1 15.9
Evaporation 1 2 3 2 1 1 23.5
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Fig. 4 Wildfire risk (WR) 580,000 590,000
map of the study area (in
white are the residential
areas)
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very high-risk zones of WR (Table 3). Therefore, the
accuracy of the produced WRI map is of 87.57%.
Discussion

In the last decade, an accurate assessment of WR has
become a challenge for natural resources managers.

600,000 610,000 620,000 630,000 640,000

?ﬁ.
&R
tm

3,890,000

3,880,000

3,870,000

3,860,000

Kilometer
10

600,000 610,000 620,000 630,000 640,000

To increase the accuracy of WR assessments, the
majority of previous studies considered factors such
as topography, land use and land cover, and climato-
logical and meteorological information. This study
attempted to use all available datasets to produce a
reliable WR model based on AHP- and GIS-based
spatial analysis. Our results indicated that eleva-
tion is the most critical factor in WR modeling. The
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Table 3 The results of overlaying previous wildfire data
points with wildfire risk index (WRI) map (n=52)

Classes Point Percentage
Low 4 7.69
Moderate 10 19.23
High 22 42.31
Very high 16 30.77

high weight of topographic factors was also reported
in previous studies. For example, Zhao et al. (2021)
allocated in their AHP-based WRI model the high-
est weight to topographic factors, including eleva-
tion, slope, aspect, and topographic wetness index.
From a spatial point of view, our model’s highest
WR areas were located in the low-elevation areas of
the study. Past research showed that fire tends to be
less severe at higher elevations due to high rainfall
(Sharma et al., 2012), high temperature (Bentekhici
et al., 2020; Sivrikaya & Kiiciik, 2022), and the fact
that fewer human activities occur in high elevation
area (Yang et al., 2021). On the other hand, the low
WR found by our model at high elevation gradients
can be due to a lack of plant material and fuel, lower
temperature, high humidity, low human accessibility,
or a combination of these factors. In terms of aspect,
the highest WR was observed on the southern sides,
which can be explained by the incidence of more
sunlight, making the fuel drier and more flammable.
Accordingly, the aspect plays a significant role in
WR susceptibility since it gives information about
the terrain’s relationship with sunlight and wind, thus
greatly impacting fire ignition and spread (Arca et al.,
2020; Jaiswal et al., 2002). The southern aspects
receive more sunlight than the northern aspects,
and, therefore, the southern aspects are more vulner-
able to WR (Bentekhici et al., 2020; Lin & Rinaldi,
2009; Sari, 2021; Sivrikaya & Kiigiik, 2022). Past
research suggested that steeper slopes, south-facing
aspects, and lower elevations are also associated with
a stronger likelihood of a WR (Prestemon et al., 2002;
Bhandary & Muller, 2009). The influence of the slope
factor was somewhat strong (14.1%). By overlaying
the slope layer with previous wildfire data points, we
found that slopes in the range of 40-60% experienced
the highest number of previous wildfires, while on
slope classes of less than 40% and more than 60%,
the fire occurrence rate was lower. The NDVI factor

had a weight of 15.9%. In similar studies, NDVI was
always used to resemble vegetation attributes such as
vegetation density and health status (Edwards et al.,
2018; Giuseppi et al., 2021). Lower NDVI values in
this study area increase WR, similar to the finding of
Hong et al. (2018). Besides the NDVI, we also used
a land cover map characterizing seven land cover
classes: high-density natural forest, medium-density
natural forest, low-density natural forest, planted
forests, meadows, moderate-density grassland, and
low-density grassland. Since our study site is mainly
covered with forests and grasslands, more vegeta-
tion factors such as forest type, grassland type, forest
canopy density, dead trees, and existing ground fuels
could have been beneficial in increasing the assess-
ment accuracy and producing a more accurate WRI
map. Tomar et al. (2021) considered the forest type
map in their process and allocated the highest weight
to it. They reported that forest type is an essential fac-
tor because it provides sufficient information about
the abundance of flammable materials. Other impor-
tant factors in WR assessments that have always been
of interest are climatological and meteorological fac-
tors. ToSi¢ et al. (2019) used meteorological factors
including temperature, precipitation, relative humid-
ity, and wind speed and reported that these factors
could produce a reasonable model for assessing WRs.
In this study, we used the evaporation factor with a
weight of 23.5% because it can also characterize other
meteorological factors such as wind speed, tempera-
ture, and precipitation. The use of other factors such
as evapotranspiration, vegetation types, tree health
status, water content, socioeconomic factors, and
long-term climatic conditions can improve the out-
puts of the WRI. Predictions on future climate change
in the Zagros mountain vegetation zone (Dolatshahi
et al., 2017) depict a trend of temperature increment
at lower elevations, which will make thousands of
hectares more vulnerable to wildfires.

Based on the WRI map, most of our study site is
located in the high-risk zone (40.7% of the area), fol-
lowed by a very high-risk zone (24.0% of the area),
moderate-risk zone (21.4% of the area), and low-risk
zone (13.8% of the area). As it can be seen, 64.7% of
the study site is located in high- and very high-risk
zones. Finding out which areas are susceptible to fire
could help mitigate the problem and improve pre-
ventative actions. For instance, prescribed burning is
one action that has been shown to be very effective in
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fire-vulnerable areas (Edwards et al., 2021; Fernandes
& Botelho, 2003). Therefore, it is necessary to develop
and improve strategies for overcoming WR, such as
allocating fire watchtowers and effective fire monitoring
in areas with more fire events.

This study used AHP to compare factors and deter-
mine their weights. Although AHP is the most used
model in WR assessment studies, some research-
ers used other approaches such as logistic regression
(Milanovi¢ et al., 2021), neural networks (Zhang et al.,
2021), random forest (Ma et al., 2020), and regres-
sion trees (Mohajane et al., 2021). The majority of
these models need sufficient samples regarding previ-
ous wildfire information for model training and test-
ing. Providing such information related to WR factors
and samples is a methodological challenge. Integration
of AHP and GIS, on the other hand, can output a rea-
sonable model accuracy while producing an accurate
WRI map based on a small set of labeled samples and
available wildfire drivers. Accordingly, the accuracy of
our model was found to be reasonable, accounting for
approximately 88%. Therefore, AHP and GIS can be
used as valuable tools for WR assessments. The high
degree of agreement might be partially attributed to the
AHP technique we have used for data analysis; simi-
lar studies have demonstrated a high accuracy when
using AHP and GIS for WR assessment (Akbulak
etal., 2018; Arca et al., 2020; Rasooli et al., 2018; Sari,
2021; Sivrikaya & Kiiciik, 2022).

Conclusion

The aim of this study was to evaluate the potential
contribution of several wildfire drivers and to develop
a local WRI map using GIS and AHP for the Zagros
Mountains vegetation zone, which is a first-degree
fire-sensitive region in the Mediterranean region of
Iran. Our risk assessment process involved all availa-
ble factors, including topographic factors, NDVI, land
cover, and evaporation. Each factor was classified
based on previous wildfire information, and, finally,
WR classes were produced. In the AHP process,
elevation and evaporation layers were considered the
most critical factors. The accuracy of resulted WRI
map was assessed using previous wildfire information
and the efficiency of our methodology was confirmed.
The final risk map shows that approximately 64.7%
of the study area is located in the high- and very

@ Springer

high-risk zones. WR maps are commonly used in
many countries around the world, allowing for assess-
ing factors that could lead to fires and providing use-
ful information to the managers of natural resources,
decision-makers, and firefighters.
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