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of intensive agriculture and climate warming associated 
rampant wildfires (Jones et al. 2022). Since the turn of the 
century, forest coverage has been halved due to human-
induced deforestation (Barnes et al. 2024; Ahmadi et al. 
2024). Rapidly rising global temperatures and drought have 
compounded this problem through making many remain-
ing forests vulnerable to disease and mortality (Allen et al., 
2010).

In the field of wildland fire management, “fire danger” is 
defined as the environmental conditions that affect the like-
lihood of a fire igniting and spreading. This includes fac-
tors such as atmospheric conditions (temperature, humidity, 
and wind), as well as fuel moisture content. Tools like the 
Fire Danger Rating System (FDRS) are commonly used to 
evaluate these conditions and predict fire behavior (Preisler 
et al. 2005; Vadrevu 2021). On the other hand, “fire risk” 
encompasses both the probability of a fire starting and the 
potential consequences of that fire. It considers not only 
environmental variables but also human activities, land use 
patterns, and the susceptibility of communities and ecosys-
tems to fire impacts. Therefore, while fire danger provides 
insight into immediate conditions that may lead to fire, fire 
risk offers a comprehensive view of the overall threat posed 
by wildfires (Miller and Ager, 2012; Ascoli et al. 2023).

Forest fires are caused by a wide range of factors, includ-
ing both natural phenomena and human activities (Bedia 

1  Introduction

Global climate change is considered one of the most press-
ing environmental, societal and political challenges of our 
time (e.g., Bulkeley and Newell 2010; Giddens 2015; Jans-
son and Hofmockel 2020). In the context of recent global 
warming, there have been increased hazards associated with 
wildfires in natural ecosystems (Kussul et al. 2023; Gajendi-
ran et al., 2024; Vigna et al., 2023). The rapid decimation of 
global forests continues unabated, driven by a combination 
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This study uses the Fire Weather Index (FWI) from the Canadian Wildfire Hazard Rating System (CFFDRS) to assess the 
danger of future wildfires in the Zagros Mountains under climate change. We use CanESM5 model data for the SSP245 
and SSP585 scenarios to estimate FWI changes in the past (1960–2020), near future (2031 − 2017), and distant future 
(2061–2090). Statistical analysis at the 95% confidence level verifies significant differences in FWI values, especially in 
the Northwest. We explore spatial and temporal trends using Emerging Hot Spot Analysis (EHSA). The results show that 
cold spots are decreasing, and warm spots are increasing over time. The results of this study highlight the continuing 
dangers of wildfires in the region. The study underscores the significance of implementing preventive fire management 
strategies that consider the dynamic nature of weather patterns.
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et al. 2015; Rodrigues et al., 2018). Natural causes may 
include lightning strikes, volcanic eruptions, and spon-
taneous combustion. Conversely, human-induced factors 
involve unregulated agricultural practices, alterations in 
land use, deliberate arson, and negligence. Vulnerability 
to fires is exacerbated by climate warming, which ampli-
fies the frequency and intensity of wildfires (Zidda et al., 
2023). From an ecological perspective, forest fires yield 
far-reaching repercussions such as ravaging habitats and 
jeopardizing plant and animal species. Additionally, forest 
fires disrupt vital ecological mechanisms, including nutrient 
cycling, and reshape patterns of succession and regenera-
tion (Chungu et al. 2019; Rustowska, 2022). Furthermore, 
forest fires heighten susceptibility to invasive species, thus 
compounding their ecological fragility (Nikolopoulos et 
al. 2018; Mansourihanis et al. 2024b). Soil degradation 
is an additional consequence of forest fires through nutri-
ent depletion, diminished fertility and reducing soil shear 
strength (Campos et al. 2016; Abney et al. 2017).

Numerous studies have investigated the effects of cli-
mate change on forest fires, some of which we summarize. 
Recently, Krikken et al. (2021) analyzed the relationship 
between climate change and the 2018 forest fires in Sweden 
using the Canadian Fire Weather Index. While short-term 
data indicate a slight decrease in fire risk, climate models 
forecast a significant increased fire risk under a 2 °C warm-
ing scenario, primarily driven by rising temperatures and 
regional changes in precipitation. It has also been estab-
lished through the FWI that the impact of climate change 
on wildfire risk has substantially increased over the period 
1979–2019, particularly in regions such as the Mediterra-
nean and the Pacific United States Jones et al. 2022). How-
ever, the influence of the FWI has been regionally variable, 
with human activity and fuel availability playing more sig-
nificant roles in savannahs. FWI using climate scenarios 
RCP 4.5 and RCP 8.5 have revealed a notable increase in 
fire risk in southern France, including a doubling of high and 
very high FWI days in areas such as Provence-Alpes-Côte 
d’Azur and Corsica, accompanied by heightened Initial and 
Seasonal Spread Indices (Varela et al., 2019). A subsequent 
study utilized the FWI and EURO-CORDEX climate mod-
els to similarly demonstrate that wildfires in Mediterranean 
France will likely increase, particularly under RCP 4.5 and 
RCP 8.5 scenarios (Fargeon et al. 2020). Their findings indi-
cated a doubling of high fire danger days attributed to ris-
ing temperatures, reduced humidity, and alterations in wind 
patterns, underscoring the necessity for improved wildfire 
management strategies. Such patterns extend to northern 
Spain and northwestern Portugal, for which increased fire 
risk under climate scenarios RCP 2.6, RCP 4.5, and RCP 8.5 
have been projected, including also a lengthening of the fire 
season (Bento et al. 2023). Similar findings have emerged 

from studies in eastern Europe where a rising trend in fire 
danger with elevated FWI values has been established for 
southeastern regions of Belarus and Ukraine over the period 
1990–2020, driven by climate change (Semenova et al., 
2022). The outcomes of these studies highlight the impor-
tance of establishing early warning systems for future fire 
prevention and enhanced capacity for fire management.

In Iran, the fragile forest and grassland ecosystems are 
also under increasing threat from wildfires (Eskandari and 
Chuvieco 2015). These fires have become synonymous with 
the yearly environmental challenges that Iran faces, ampli-
fied by a rapidly warming and drying climate (Jahdi et al. 
2020). According to climate projections, Iran is expected 
to experience an increase in the frequency and intensity of 
summer heatwaves (Modarres, et al., 2018; Masaeli et al. 
2023), which increases the danger of fire occurrence and 
intensity (Sousa-Silva et al., 2018). As a low forest cover 
nation, the repercussions of such wildfires are profound and 
multifaceted (Jahdi et al. 2023). Moreover, the aftermath of 
such fires is characterized by a cascade of secondary conse-
quences such as diminished air quality and associated health 
hazards, destabilized regolith and associated soil loss and 
mass movement hazards (e.g., landslides), and infrastruc-
tural losses (Grant and Runkle, 2022; Di Napoli et al. 2020). 
Given that forest fires in Iran have notable impacts on the 
environment, local societies and the economy (Ghorbanza-
deh et al. 2019), it is appropriate and important to better 
ascertain spatial and temporal patterns of such fires (Matin 
et al. 2017).

Given the significant environmental impacts of forest 
fires, a valuable initiative is to record, monitor and forecast 
forest fires for given regions (Tian et al., 2022; Mishra et al., 
2024; Mansourihanis et al. 2023). Such work would entail 
fire danger rating, fire behavior prediction, and fire spread 
simulation modelling. The prediction of forest fires has been 
the subject of extensive study. Notable examples include the 
Canadian Forest Fire Danger Rating System (CFFDRS), 
the U.S. Forest Service National Fire Danger Rating Sys-
tem (NFDRS), and the McArthur Forest Fire Danger Index 
(FFDI) (Di Giuseppe et al. 2016). Numerous fire danger 
indices have been developed to establish fire danger (Bett et 
al. 2020). While many fire danger indices are designed for 
specific geographic regions, others, such as the Fire Weather 
Index (FWI), offer versatility in assessing present and future 
fire danger levels across various scales, ranging from local 
to global contexts (Fujioka et al. 2008; Grillakis et al. 2022).

The Fire Weather Index (FWI), pioneered by Van Wagner 
in 1974, stands out for its superior efficiency compared to 
other forest fire indices (Schunk et al. 2016; Tremblay et al., 
2018; Mansourihanis et al. 2024a). The Fire Weather Index 
(FWI) assesses the impact of meteorological factors on for-
est fuel and fire occurrences by offering a relative numerical 
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assessment of fire danger across a specified area (Stocks et 
al., 1989). Initially tailored for Canadian pine stands, the 
Fire Weather Index (FWI) has been widely embraced across 
diverse forest environments owing to its adaptability. Addi-
tionally, it has received broad acceptance from numerous 
fire and land management agencies, which utilize it for 
issuing fire alerts and deploying field resources. However, 
it should be noted that the FWI system primarily provides 
a qualitative overview of projected fire regimes. Nonethe-
less, numerous studies have confirmed a robust association 
between FWI codes/indices and both fire incidence and 
behavior (e.g., Dimitrakopoulos et al., 2011; Papagiannaki 
et al. 2020).

The primary aim of this study is to explore whether 
recent climatic changes have influenced weather-related 
fire danger in the Zagros Mountains over the past decades, 
and to project future fire danger. To achieve this, we analyze 
the temporal variation of fire danger across different spatio-
meteorological conditions, as indicated by the FWI. The 
study compares future periods (2031–2060 and 2061–2090) 
with a reference period (1960–2020). We hypothesize that 
climatic changes significantly impact fire danger patterns, 

which can be detected using Emerging Hot Spot Analysis. 
This method, applied at a national scale in Iran, is innova-
tive and has rarely been used internationally for assessing 
spatial-temporal fire danger variability.

2  Study region

The Zagros Mountain range, extending from northwestern 
Iran, southeastward and parallel to the Persian Gulf (Fig. 1), 
is not only a prominent physical landmark, but also an eco-
logical and climatic keystone of the region. Spanning over 
1,500 km in length and varying in width from 200 to 400 km, 
the Zagros is characterized by its rugged terrain, high peaks, 
and extensive forested areas (Zafarani and Soghrat 2012). 
This mountain range plays a crucial role in shaping the cli-
mate of the surrounding areas, influencing precipitation pat-
terns, and serving as a critical water source for both human 
populations and biodiversity (Noroozi et al. 2020). The 
Zagros mountains are home to rich and diverse ecosystems, 
including expansive forests of oak, pistachio, and almond 
trees, which are integral to the environmental and economic 

Fig. 1  The Zagros Mountain study region
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sub-indices assessing fuel moisture (Fine Fuel Moisture 
Code, Duff Moisture Code, and Drought Code), along with 
two intermediate sub-indices evaluating spread rate (Ini-
tial Spread Index) and fuel accumulation (Buildup Index) 
(Varela et al., 2019; Bento et al. 2023) (Fig. 2). In our study, 
we solely focus on FWI, as it amalgamates the impacts of all 
FWI System components while also offering a quantitative 
assessment of fire intensity. Thus, it serves as a comprehen-
sive index for gauging fire danger.

The NEX-GDDP-CMIP6 dataset comprises global 
downscaled climate scenarios obtained from General Circu-
lation Model (GCM) runs conducted within the framework 
of the Coupled Model Intercomparison Project Phase 6 
(CMIP6). These scenarios encompass two of the four “Tier 
1” greenhouse gas emissions scenarios, known as Shared 
Socioeconomic Pathways (SSPs). The CMIP6 GCM runs 
were developed to support the Sixth Assessment Report 
of the Intergovernmental Panel on Climate Change (IPCC 
AR6). This dataset includes downscaled projections derived 
from ScenarioMIP model runs, with daily scenarios dis-
seminated through the Earth System Grid Federation. The 
Earth Engine public data platform facilitates the extraction 
and utilization of these data. Climatic data for FWI com-
putation were obtained from Earth Engine’s public data 
platform. Despite FWI indices typically being calculated at 
noon, Earth Engine only provides daily values of the neces-
sary variables.

health of the region. These forests not only act as significant 
carbon sinks, aiding in the fight against climate change, but 
also provide habitat for a variety of wildlife species, making 
the Zagros a vital area for conservation efforts. The region’s 
diverse climates, from the cold, snowy northern reaches to 
the warmer, semi-arid zones in the south, contribute to the 
wide range of agricultural products and traditional lifestyles 
found along its expanse (Noroozi et al. 2020). In the context 
of forest fire danger, the Zagros Mountain range presents 
a unique set of challenges and conditions. The variability 
in elevation, climate, and vegetation types across the range 
affects fire behavior and danger, making the study of fire 
weather indices (particularly the FWI) essential for under-
standing and mitigating fire dangers in these forests. The 
combination of natural beauty, ecological significance, and 
the threat posed by forest fires, makes the Zagros mountains 
an important and timely focus for research aimed at preserv-
ing these landscapes for future generations (Ghaedi et al. 
2020).

3  Data and methodology

3.1  FWI data

The FWI represents the final component within the FWI 
System, derived from the integration of three primary 

Fig. 2  Structure of the Canadian 
Forest fire weather index system 
(after De Groot 1987; de Rigo 
2016)
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function may alternatively be computed using the formula 
below:

sgn (xj − xk) =






+1 for (xj − xk) > 0

0 for (xj − xk) = 0

−1 for (xj − xk) < 0
� (2)

One of the following equations is then used to obtain the 
variance of S:

Var (S) =
n (n − 1) (2n + 5)−

∑ m
i=1t (t − 1) (2t + 5)

18
for n > 1� (3)

Var (S) =
n (n − 1) (2n + 5)− (n2 + 5)

18
for n < 10

Where n and m represent the number of sequences that 
include at least one duplicate data value. The frequency of 
similar data in a sequence is denoted by t. Finally, one of the 
following relations is used to calculate the Z statistic:

Z =
S − 1√
Var (S)

for S > 0

Z = 0 for S = 0 � (4)

Z =
S + 1√
Var (S)

for S < 0

In the case of a two-tailed trend test, the following criteria 
must be satisfied to accept the null hypothesis:

|Z| < Za/2 � (5)

where a is the significance level that is considered for the 
test and Za is the standard normal distribution statistic at the 
significance level of a, which becomes a2  because of the two 
domains of the test.

The FWI anomaly was subsequently estimated utilizing 
the Getis-Ord Gi statistic and is determined as follows (Car-
pio-Pinedo et al. 2022):

G∗
i =

∑
n
j=1wi,jxj−

−
X

∑
n
j=1wi,j

S

√[
n
∑ n

j=1w
2
i,j−

(∑ n
j=1wi,j

)2]

n−1

� (6)

In this formula, Xj is the attribute value for complication j, 
Wij is the spatial weight between complications i and j, and 
n is equal to the total number of complications.

X =

∑
n
j=ixj

n
S =

√∑
n
j=1x

2
j

n
−
(
X

)2� (7)

Following methodologies outlined in previous studies 
(Moriondo et al. 2006; Carvalho et al. 2009; Giannakopou-
los et al. 2009; Bento et al. 2023), we computed FWI com-
ponents based on daily mean 2-m temperature (°C), relative 
humidity, 10-m wind speed, and daily accumulated precipi-
tation. Consequently, FWI values were estimated daily for 
each grid-point over historical and future periods, corre-
sponding to two different Shared Socioeconomic Pathways 
(SSPs). Fire danger classes in this study were determined 
based on the classification provided in Table 1 (Júnior et al. 
2022).

The research period spans from 1960 to 2020 for the his-
torical period, as well as the near-future (2031–2060) and 
distant-future (2061–2090) periods. All data, both historical 
and future, were derived from the CanESM5 model for two 
scenarios, SSP245 and SSP585, with spatial dimensions of 
0.25° * 0.25°. To validate the CanESM5 model data, obser-
vational data from eight meteorological stations, distributed 
throughout the region, were utilized (Fig.  1). In addition 
to station observation data, ECMWF and TRMM satellite 
databases were also employed for CanESM5 model data 
validation, for which results are presented in Table 5.

3.2  The Mann–Kendall technique

The Mann-Kendall technique was employed for both tem-
poral and spatial analyses to assess the trend of changes in 
the FWI in the Zagros Mountain region. Additionally, the 
hotspot analysis function was utilized to delineate intensity 
anomaly zones of the FWI. This method involves calculat-
ing the difference between each observation and all other 
observations to obtain the parameter S. For a random sample 
comprising n observations, the estimator S can be computed 
using the following equation (Roshan et al., 2016; Zahraei 
et al., 2019):

S =
∑

n−1
k=1

∑
n
j=k+1sgn (xj − xk)� (1)

Where n is the total number of series observations, xj and xk 
indicate the jth and kth data points, respectively. The “sgn” 

Table 1  FWI value categorization
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samples, enabling a detailed evaluation of all relevant 
aspects such as overall, spatial, and quantity accuracy.

For the classification features, at each time point, we cre-
ated an image collection based on all the Landsat images 
captured during the growing season (from April to Septem-
ber) and calculated pixel-wise spectral–temporal metrics 
(STMs) based on the resulting image collections. In addi-
tion to the spectral bands, common vegetation indices (dif-
ference vegetation index [DVI]; normalized DVI [NDVI]; 
enhanced vegetation index [EVI]) were used to distinguish 
different vegetation types to perform LULC mapping (Nasiri 
et al. 2023). Finally, STMs were calculated as the median, 
standard deviation, minimum, maximum, and percentile 
(25th, 50th, and 75th) values for all bands and vegetation 
indices (Table 4). For further analysis, the LULC map was 
classified into seven distinct classes: urban areas, water bod-
ies, shrubland, grassland, bare areas, dense and open forests, 
and cropland.

The training samples (Table 3) and STMs (Table 4) were 
used to train a random forest (RF) model for LULC classifi-
cation. The RF model, rooted in decision trees, demonstrates 
exceptional performance in analogous studies owing to its 
ability to effectively differentiate and map classes sharing 
similar spectral attributes (Chang et al. 2020; Nasiri et al. 
2023). Unlike alternative methods, RF demands less com-
putational time, has fewer parameters to tune, and exhibits 
adeptness in managing multi-modal data. The effective-
ness of the RF model correlates with its hyperparameters 
employed during training. These parameters can be fine-
tuned to enhance the learning process and generate more 
precise models. In this study, we utilized the GEE-based 
hyperparameter optimizer to ascertain the optimal LULC 
value. The alteration in accuracy assessment served as a cri-
terion for determining LULC.

3.4  Change detection, transition potential, and 
LULC prediction

During the study period, the multitemporal LULC maps 
were used to identify and track changes. We preferred the 
Markov Chain (MC) model to the Markov Chain-Cellular 
Automata (MC-CA) model because of its simplicity, empha-
sis on transition probabilities, and computational efficiency. 
The MC model is better suited to studies that emphasize 
temporal change predictions over complex spatial patterns. 
It assumes that future land-use changes will primarily fol-
low past trends, making it ideal for making predictions 
based on historical data. Furthermore, the MC requires less 
data and has simpler calibration, which is advantageous for 
studies that focus on temporal analysis. We conducted Mar-
kov chain analysis to predict future LULCCs, and then used 
the predictions as input data to analyze LULC in the coming 

The G∗i statistic (z-score) output represents the statistical 
significance of clustering for a specified distance (ESRI, 
2018). The z-score was then compared with a range of val-
ues entailing seven confidence levels: -0.01 (values < -2.58); 
-0.05 (values ranging from − 2.58 to -1.96); -0.1 (values 
ranging from − 1.96 to -1.65); 0 (values ranging from − 1.65 
to1.65); 0.1 (values ranging from 1.65 to 1.96); 0.05 (values 
ranging from 1.96 to 2.58); and 0.01 (values > 2.58).

We subsequently undertook emerging hotspot analysis 
(EHA) using ArcGIS Pro software (ESRI, 2023) to eluci-
date spatiotemporal fluctuations in emergency calls during 
the study period. EHA is a novel method integrated into 
GIS-based analyses, and its application in spatiotemporal 
analysis is widely used (e.g., Rabiei-Dastjerdi and McAr-
dle 2020; Reddy et al., 2020; Hart 2021; Salehi Mava et 
al. 2022; Morckel and Durst 2021; Khosravi et al. 2024). 
These data are utilized to analyze different zones based on 
the frequency of EHSA occurrences in various metropolitan 
areas over the 23-year period. Using ArcGIS Pro 3.1 soft-
ware, the categories outlined in Table  2 were utilized for 
this assessment.

3.3  Remote sensing datasets and LULC maps

The production of accurate LULC maps, through remote 
sensing, is the first component of studies establishing spa-
tio-temporal characteristics of deforestation (Nasiri et al., 
2022b). Based on our research objectives and methodology, 
we used the capabilities of the Google Earth Engine cloud 
computing platform to process multisensor Landsat data. As 
a primary step in LULC mapping, a multitemporal refer-
ence dataset, including training and validation samples, was 
generated based on in situ recording using the Global Posi-
tioning System and the visual interpretation of aerial and 
very-high-resolution (VHR) Google Earth images. Field 
surveys were performed in the summer of 2020 to collect 
precise samples, which were grouped in classes with a high 
level of spectral similarity (Table  3). For the other time 
points, these samples were overlaid with the abovemen-
tioned VHR images, and a revision process undertaken. We 
conducted a structured process to evaluate land use maps 
in the years 1992, 2000, and 2010. This method included 
the visual interpretation of ultrafine Google Earth images 
as complementary techniques. For each time point (1992, 
2000, 2010 and 2020), a total of 911 samples representing 
six LULC classes were collected as follows: dense and open 
forests, shrubland, croplands, bare areas, grassland, urban 
areas, and water bodies. The samples in the reference data-
set were randomly divided into training (70%) and testing 
(30%) subsets. We consequently applied the Kappa coeffi-
cients (K_no, K_location, and K_quantity) to measure the 
concordance between the classified maps and validation 
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categories remain consistent over time based on historical 
observations. Essentially, the model assumes that the prob-
abilities of transitioning from one land-use class to another 
are determined by the historical sequence of changes. This 
assumption of persistence or dependency on past trends 
forms the core principle of the Markov Chain model in this 
study and guides our predictive capability. In the Markov 
model, the LULCC at t2 was obtained using its distribution 

decades. The probability of changing the land cover of a 
system into a situation at a particular time (t2) was obtained 
from information about the same system in the past (t1) 
and did not depend on information from times before t1, 
as such a transition is a one-time process (Eq. 8). The pri-
mary assumption in Markov chain analysis is that future 
land-use changes are primarily influenced by past trends or 
patterns in land-use changes. This assumption is rooted in 
the idea that the transition probabilities between land-use 

Pattern Name Definition
No Pattern 
Detected

Does not fall into any of the hot or cold spot patterns defined below.

New Hot Spot A location that is a statistically significant hot spot for the final time step has never been a 
statistically significant hot spot.

Consecutive 
Hot Spot

A location with a single uninterrupted run of statistically significant hot spot bins in the 
final time-step intervals. The location has never been a statistically significant hot spot 
before the final hot spot run, and less than 90% of all bins are statistically significant hot 
spots.

Intensifying 
Hot Spot

A location that has been a statistically significant hot spot for 90% of the time-step inter-
vals, including the final time step. In addition, the intensity of clustering of high counts in 
each time step is increasing overall, which is statistically significant.

Persistent Hot 
Spot

A location that has been a statistically significant hot spot for 90% of the time-step 
intervals with no discernible trend indicating an increase or decrease in the intensity of 
clustering over time.

Diminishing 
Hot Spot

A location that has been a statistically significant hot spot for 90% of the time-step inter-
vals, including the final time step. In addition, the intensity of clustering in each time step 
is decreasing overall, and that decrease is statistically significant.

Sporadic Hot 
Spot

A location that is an on-again, then off-again hot spot. Less than 90% of the time-step 
intervals have been statistically significant hot spots, and none have been statistically 
significant cold spots.

Oscillating 
Hot Spot

A statistically significant hot spot for the final time-step interval with a history of also 
being a significant cold spot during a prior time step. Less than 90% of the time-step 
intervals have been statistically significant hot spots.

Historical Hot 
Spot

The most recent period is not hot, but at least 90% of the time-step intervals have been 
statistically significant hot spots.

New Cold 
Spot

A location that is a statistically significant cold spot for the final time step and has never 
been a statistically significant cold spot before.

Consecutive 
Cold Spot

A location with a single uninterrupted run of statistically significant cold spot bins in the 
final time-step intervals. The location has never been a statistically significant cold spot 
before the final cold spot run, and less than 90% of all bins are statistically significant 
cold spots.

Intensifying 
Cold Spot

A location that has been a statistically significant cold spot for 90% of the time-step inter-
vals, including the final time step. In addition, the intensity of clustering of low counts in 
each time step is increasing overall, which is statistically significant.

Persistent 
Cold Spot

A location that has been a statistically significant cold spot for 90% of the time-step 
intervals with no discernible trend, indicating an increase or decrease in the intensity of 
clustering of counts over time.

Diminishing 
Cold Spot

A location that has been a statistically significant cold spot for 90% of the time-step inter-
vals, including the final time step. In addition, the intensity of clustering of low counts in 
each time step is decreasing overall, and that decrease is statistically significant.

Sporadic Cold 
Spot

A location that is an on-again, then off-again cold spot. Less than 90% of the time-step 
intervals have been statistically significant cold spots, and none have been statistically 
significant hot spots.

Oscillating 
Cold Spot

A statistically significant cold spot for the final time-step interval with a history of being 
a statistically significant hot spot during a prior time step. Less than 90% of the time-step 
intervals have been statistically significant cold spots.

Historical 
Cold Spot

The most recent period is not cold, but at least 90% of the time-step intervals have been 
statistically significant cold spots.

Table 2  Spatial and temporal 
patterns for Emerging Hot Spot 
Analysis (ESRI, 2023; Ghangher-
meh et al. 2024)
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considered: elevation; slope; aspect; and distance from for-
ests, rangelands, croplands, artificial lands, water bodies, 
and roads. The elevation, slope, and aspect layers were gen-
erated based on the shuttle radar topography mission digi-
tal elevation model. The distance between LULC classes 
was calculated based on the multitemporal LULC maps, 
and the distance between roads was calculated based on a 
road map obtained from the National Cartographic Center 
of Iran. The Artificial Neural Network (ANN) model uti-
lized actual changed pixels from the last time point for both 
training and testing data (dependent variables). The driving 
forces mentioned earlier served as explanatory variables 
(independent variables). This approach led to an iterative 
model calibration process, where the training data enabled 
the model to estimate change potential in areas without 
samples. The model computed training RMSE and tested 
RMSE errors, enabling accurate monitoring of the calibra-
tion process. Lower testing errors during iterations signified 
effective model training, ensuring its readiness for predic-
tive use. Additionally, setting stopping criteria, including 
RMS = 0.01 and iterations = 1000, was crucial for success-
ful model calibration.

We used past LULC data (from 1992 to 2020) and associ-
ated transfer probability maps to forecast future LULCCs. 
To assess the accuracy of our simulations, we compared 
the simulated LULC maps with the classified LULC maps 
using three agreement metrics, namely, Kno , Klocation , and 
Kquantity  (Eqs. 11–13). This is because these coefficients are 
widely accepted and provide a more comprehensive assess-
ment of agreement between the actual and projected maps. 
Kno measures overall agreement, K_location focuses on 
spatial precision, and K_quantity estimates the accuracy 
of projected growth across land cover levels. In addition, 
we used the Kappa coefficient to account for the number 
of incorrect pixels in the classification. Overall, the Kappa 
coefficient provides us with a deeper understanding of the 
model’s performance across the dataset.

Kno =
P0 − NQNL
1 − NQNL � (11)

Klocation =
P0 − MQNL

MQPL − MQNL� (12)

Kquantity =
P0 − NQML

PQML − NQML� (13)

The observed correct proportion, denoted as P0, measures 
the accuracy of the results. NQNL  represents the expected 
correct proportion in cases without quantity and location 
information. MQNL  indicates the percentage of correct 
outcomes when there is a moderate ability to specify the 

at t1 by calculating the transition matrix. The Markov chain 
is expressed as Eq. 9 (Eastman 2003; Rajitha et al., 2010):

vt2 = Mvt1 � (8)

In this equation, vt1 is the land cover vector at t1, vt2 is the 
land cover vector at t2, and M  is the transition probability 
matrix m× m  for the time interval ∆ t = t2 − t1.

The probability of transition between two states (Pij ) is 
calculated using Eq. 10.

Pij =
nij

ni
,� (9)

where ni  is.

ni =
∑

q
j=1nij� (10)

Here, nij  is the number of pixels of class i  at t1 that are 
changed into pixels of class j  at t2 and q  is the total number 
of classes.

The Markov chain had three outputs. The model gen-
erated a transition probability matrix and a transition area 
matrix to show the probability of class changes and the 
number of pixels that may be converted into pixels of other 
classes. The model also generated a set of status probability 
images to indicate the position of each landcover (Pontius 
2000; Fan et al., 2008). Various biophysical variables were 

Table 3  The characteristics of the reference dataset for the year 2020 
(pixel size = 30 m)
LULC Training samples Validation Samples

Samples no Pixels 
no

Samples no Pix-
els 
no

Dense and open 
forests

154 1386 66 594

Shrubland 98 882 42 378
Cropland 98 882 42 378
Bare areas 63 567 27 243
Grassland 84 756 36 324
Water bodies 63 567 27 243
Urban areas 78 697 33 288

Table 4  Details of image collections and features used for LULC map-
ping

Sensor Images 
no

Features (STMs) Fea-
tures 
no

1992 Landsat-5, TM 9 Median, Standard 
Deviation, Minimum, 
Maximum and Per-
centiles (25th, 50th 
and 75th)

64
2000 Landsat-5, TM 14
2010 Landsat-5, TM 20
2020 Landsat-8, OLI 23
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the CanESM5 model data, as indicated by the obtained 
p-value < 0.05 (see Table 5).

4.2  Temporal analysis of intra-annual changes in 
FWI

Initially, long-term seasonal averages of the FWI index 
were determined for different seasons of the year, and sub-
sequently, the frequency of the FWI values (> 38) identified 
for each season. Given that the “very high” and “extreme” 
classes entail greater danger intensity, the frequency analysis 
was solely based on FWI values > 38. Essentially, frequen-
cies refer to the average number of days experiencing FWI 
values > 38 in each season. Seasonal FWI averages increase 
successively from winter through spring, then autumn and 
summer (Fig. 2). Based on the overall averages of all scenar-
ios (SSP245 and SSP585) and study periods (reference and 
future), it is evident that the lowest seasonal average belongs 
to winter (5.52), followed by spring (16.64), autumn (34.57) 
and summer (51.62). Findings indicate that for the SSP245 
scenario, the seasonal FWI average increased for both the 
near-future decades (2031–2060) and the distant-future 
decades (2061–2090), compared to the reference period. 
Since these changes show a higher rate for the distant-future 
compared to the near-future, it is projected that the seasonal 
FWI average for the distant-future will increase by 2.4 in 
winter, by 1.5 in spring, and by 4.4 and 3.7 for summer and 
autumn respectively. For SSP585, it is also evident that FWI 
values have increased in both near- and distant-future peri-
ods, with a higher rate observed for the 2061–2090 period. 
Hence, for the distant future, the FWI average is projected 
to increase to 2.56, 0.91, 6.33, and 6.03, for winter, spring, 
summer and autumn respectively, compared to the reference 
period. In both scenarios, it is evident that the summer sea-
son will experience the highest rate of increase in seasonal 
FWI averages for future decades, while the cold seasons 
(autumn and winter) will not be exempt from this increase 
in seasonal FWI averages (Fig. 2).

The percentage of FWI > 38 values ​​was also estab-
lished for each season, which, considering the entire 
study period (1960–2090), indicates that only 0.22% of 
days experienced values exceeding this threshold in win-
ter, 12.56% in spring, 46.97% in autumn, and 84.14% in 
summer. Both scenarios indicate that except for spring in 
the SSP585 scenario, which experienced a reduction in 
frequency by -0.37% and − 0.129% for the near- and dis-
tant-futures, respectively, other seasons show increasing 
frequencies for both scenarios. For the SSP245 scenario, 
the highest rate of increase in the near future is in sum-
mer (4.23%), followed closely by autumn (4.12%). How-
ever, for the distant future, the highest rate of increase 
is in autumn (8.38%), followed by summer (4.68%). For 

quantity but no ability to specify the location. MQPL  rep-
resents the percentage of correct outcomes when there is a 
moderate ability to specify the quantity and a perfect ability 
to specify the location. NQML  indicates the percentage 
of correct outcomes when there is no ability to specify the 
quantity and a moderate ability to specify the location (for 
additional details, see Pontius 2000). Following the accu-
racy assessment of the simulated LULC maps, we used all 
observed changes to forecast LULCCs for the years 2030, 
2040, 2050, 2060, 2070, 2080 and 2090.

4  Results

4.1  Validation of model data based on 
observational data

Validation of the CanESM5 model data was conducted 
using station observation and reanalysis data. Seven sam-
ple stations with long and reliable statistical records were 
selected from the target area, and the validity of these 
time series was assessed using various statistical meth-
ods. It is important to note that while the output of the 
CanESM5 model has a spatial resolution of 0.25°, obser-
vational data are available at a station scale. Therefore, in 
addition to using observational data, reanalysis data from 
two ECMWF databases and TRMM satellite output data 
were utilized, with spatial dimensions of 0.1° and 0.25°, 
respectively. These databases were only utilized for pre-
cipitation (TRMM) and wind (ECMWF), which exhibit 
greatest spatial variability. For temperature and relative 
humidity, the same station observation data were utilized. 
Overall, the validity of CanESM5 data was evaluated for 
all stations by using observational, ECMWF and TRMM 
time series data. The outcome demonstrates high valid-
ity and confidence levels. However, among the four cli-
mate components considered, the wind component of the 
CanESM5 model had a lower confidence level compared 
to other variables. For Baneh (p-value = 0.244), Kuhrang 
(p-value = 0.578) and Poldokhtar (p-value = 0.118) 
stations, the credibility of the CanESM5 model data, 
compared to the observational time series, was not sta-
tistically significant. However, based on the ECMWF 
database, the validity of the CanESM5 model data is con-
firmed. Wind variability is known to be highly dependent 
on local variations, leading to potentially significant dif-
ferences between observed values at the station level and 
those of the CanESM5 model, with a resolution of 0.25 
degrees. However, the spatial dimensions of the ECMWF 
time series used in this study closely match those of 
the CanESM5 model, thus supporting the validity of 
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4.3  Spatiotemporal variability of FWI over the 
study region

Based on the proposed classification of FWI thresholds, a 
six-level classification for FWI was introduced (Table 1), 
and based on these proposed classes, the study area for 
both reference and future periods was categorized. Nota-
bly, the annual average of this index serves as the basis 
for interpreting our results. As observed in Fig. 4, for the 
“very low” class using the SSP245 scenario, there is no 

the SSP585 scenario, for both near- and distant-future 
periods, the maximum rate of increase is projected for 
autumn (5.94% and 12.49% respectively). This implies 
greatest expected increase in future wildfires during 
autumn (Fig. 3).

Table 5  Validation of CanESM5 data based on observation, ECMWF and TRMM data for seven selected stations
Stations Model R R square Adjusted R square Durbin-Watson F Sig.
Baneh Obs-Wind .086a 0.007 0.002 1.509 1.366 .244b

ECMWF-Wind .159a 0.025 0.020 0.669 4.712 .031b

Obs-Rain .473a 0.224 0.220 1.370 52.822 .000b

TRMM-Rain .496a 0.246 0.242 1.258 59.632 .000b

Obs-Tem .971a 0.943 0.943 1.560 3054.404 .000b

Obs-Humidity .875a 0.765 0.764 1.340 595.447 .000b

Borujen Obs-wind .154a 0.024 0.019 0.494 4.786 .030b

ECMWF-Wind .557a 0.310 0.306 1.624 88.874 .000b

Obs-Rain .340a 0.116 0.111 1.465 26.387 .000b

TRMM-Rain .305a 0.093 0.088 1.244 20.656 .000b

Obs-Tem .965a 0.931 0.930 1.338 3999.262 .000b

Obs-Humidity .800a 0.640 0.639 1.146 529.196 .000b

Kermanshah Obs-Wind .215a 0.046 0.042 0.698 9.768 .002b

ECMWF-Wind .001a 0.000 -0.005 1.873 0.000 .989b

Obs-Rain .439a 0.193 0.189 1.370 48.204 .000b

TRMM-Rain .402a 0.162 0.158 1.078 38.985 .000b

Obs-Tem .973a 0.947 0.947 1.425 5373.625 .000b

Obs-Humidity .862a 0.744 0.743 1.210 865.166 .000b

Kuhrang Obs-Wind .039a 0.002 -0.003 0.809 0.311 .578b

ECMWF-Wind .189a 0.036 0.031 1.530 7.443 .007b

Obs-Rain .370a 0.137 0.133 1.186 32.015 .000b

TRMM-Rain .400a 0.160 0.156 1.068 38.499 .000b

Obs-Tem .967a 0.936 0.935 1.185 4327.881 .000b

Obs-Humidity .850a 0.723 0.722 1.147 778.320 .000b

Poldokhtar Obs-Wind .114a 0.013 0.008 0.879 2.472 .118b

ECMWF-Wind .376a 0.142 0.137 1.857 31.198 .000b

Obs-Rain .534a 0.285 0.281 1.603 75.639 .000b

TRMM-Rain .453a 0.205 0.201 1.146 48.990 .000b

Obs-Tem .976a 0.953 0.952 1.458 3926.817 .000b

Obs-Humidity .890a 0.791 0.790 1.390 739.023 .000b

Sepdan Obs-Wind .685a 0.470 0.465 1.521 104.558 .000b

ECMWF-Wind .538a 0.290 0.283 1.417 48.081 .000b

Obs-Rain .418a 0.175 0.168 1.277 24.964 .000b

TRMM-Rain .401a 0.161 0.154 1.228 22.665 .000b

Obs-Tem .966a 0.934 0.933 1.352 1658.821 .000b

Obs-Humidity .783a 0.614 0.610 1.405 181.152 .000b

Shiraz Obs-Wind .610a 0.372 0.368 0.842 119.436 .000b

ECMWF-Wind .224a 0.050 0.045 0.944 10.660 .001b

Obs-Rain .196a 0.039 0.034 1.427 8.106 .005b

TRMM-Rain .261a 0.068 0.064 1.186 14.793 .000b

Obs-Tem .974a 0.949 0.949 1.398 5590.350 .000b

Obs-Humidity .791a 0.625 0.624 1.162 497.085 .000b
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11–60 days per annum are recorded (Fig. 7). However, FWI 
frequencies of 120–160 days per annum are evident for cen-
tral areas, and up to 160–200 days per annum for southeast-
ern areas (Fig. 7).

For the SSP245 scenario, maximum near-future FWI 
increases of 20–30 and 30–40 days per annum are projected 
for the northwestern area. Significant portions of the cen-
tral and southeastern areas are expected to experience only 
minor FWI increases ranging from 4 to 10 days per annum. 
However, projected distant-future changes indicate that the 
northwestern area will continue to experience the highest 
rate of FWI increase (30–50 days per annum), but decreases 
in rate towards southeastern areas. Moreover, model out-
puts indicate that the lowest rate of increase (4–10 days per 
annum) is expected in localities within the eastern central to 
southeastern areas (Fig. 8).

For SSP585 scenario outputs, FWI areal increases are 
modelled for classes of 41–80 days per annum (near-
future; 3.50%), 81–120 days per annum (distant-future; 
1.73%), and 121–160 days per annum (near-future; 
6.16%) (Fig.  6). For all study periods, the lowest fre-
quency rates of extreme values (FWI > 38) are observed 
in northwestern regions (Fig. 7). For the reference period, 
this threshold ranges between 11 and 40 days per annum, 
while for the near- and distant-futures, it includes thresh-
olds of 40–80 and 80–100 days per annum respectively. 
However, from a general perspective encompassing 
results from all-time series, it is evident that in central 
regions, the threshold of 120–160 days per annum domi-
nates. This expands towards southern and southeastern 
areas, where the frequency increases to a threshold of 
181–200 days per annum (Fig. 7). Spatially, the pattern 
of this scenario is almost identical to that for SSP245 
scenarios. It is notable that for both near- and distant-
future periods, the maximum rate of FWI increase occurs 
in northwestern areas. Apart from the northwestern area, 
other study areas are projected to experience an increase 
in FWI of between 4 and 10 days per annum (Fig.  8). 
However, for the distant future, this rate decreases with 
expansion towards southern and southeastern areas, apart 
from increases in concentrated smaller portions of the 
southeastern area (Fig. 8).

occurrence during the study periods, and only 0.37% of 
the study area falls into the “low” category during the 
reference period. However, the area of “moderate” class 
increases compared to the two previous classes (24.19% 
during the reference period and 13.04% and 11.37% for 
the near- [2031–2060] and distant- [2061–2090] futures 
respectively). The “high” class area shows a higher value 
for the near- (86.97%) and distant- (83.49%) futures, 
compared to the reference period (75.45%). Additionally, 
only a small portion of the area (5.15%) falls within the 
“very high” class in the distant future, while no areas are 
projected for the “extreme” class.

Our results for the SSP585 scenario are similar to those 
for the SSP245 scenario. For SSP585, no areas occur in the 
“very low” class, and only 0.43% of the area falls within 
the “low” category during the reference period. Moreover, 
the “moderate” class covers 25.03% of the area during the 
reference period, and 13.10% and 9.88% for the near- and 
distant-futures respectively. The largest area belongs to 
the “high” class in the SSP585 scenario, with 86.90% and 
86.14% for the near- and distant-futures respectively, com-
pared to 74.55% for the reference period. While none of the 
areas have their annual averages within the “extreme” class, 
3.98% of the Zagros region falls within the “very high” 
class during the distant-future. From a spatial distribution 
perspective, the outputs of all scenarios demonstrate that the 
minimum annual average FWI is located in the northwest-
ern Zagros, with the maximum annual average FWI experi-
enced moving towards its southeast (Fig. 5).

Our findings suggest that under the influence of cli-
mate change (i.e. warming, drying) in future decades, the 
area associated with some frequency classes will increase. 
According to SSP245 scenario results, there is expected to 
be a 3.47% areal increase associated with a 41–80 day fre-
quency threshold for the near-future, and a 0.60% increase 
within the 81–120 day class in the distant-future. Projected 
areal increase associated with the 121–160  day class is 
4.75% for the near-future, while that for the 161–200 day 
class is 3.94% for the near-future and 1.28% for the distant-
future, compared to the reference period (Fig. 6).

For all study periods, the lowest FWI frequencies are 
observed in the northwestern region where frequencies of 

Fig. 3  Seasonal average FWI and 
percentage of seasonal FWI > 38 
considering the time series of the 
reference period and future data
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areas (22.51%) (Fig. 10). During the near- future (2031–
2060), croplands continue to dominate, increasing in area 
by 1.12%, whilst bare areas are projected to increase by 
3.7%, but dense and open forests decrease by 4.9%. For 
the distant-future, croplands continue to expand (reach-
ing 41.2% of total area), as do bare areas (to 28.83% of 
total area), but dense and open forests decline by 9%, 
representing only 22.9% of the total area (Fig.  10). 

4.4  Fire warning in forested areas

Figure 9 illustrates the spatial distribution of land use pat-
terns over different periods of time. The reference period 
data encompass land-use over the period 1992–2020. For 
our four study periods, the predominant land-use cover is 
cropland (38.85% of total area). Other dominant land-use 
types include dense and open forests (31.52%) and bare 

Fig. 4  Comparison of the area corresponding to the annual average of different FWI classes based on the temporal series of the reference period 
and future data
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Fig. 5  Spatial distribution of the annual average FWI considering the reference period and future data series
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categories below 1000 m asl exceeds that of other eleva-
tions, there is an increasing trend observed for eleva-
tions > 1000 m asl.

The average annual rate of FWI change for both near- 
and distant-futures, applying SSP245 and SSP585 sce-
narios, indicates that the rate of increase for all elevation 
categories is higher in the distant-future, compared to the 
near-future. The most pronounced increase in FWI (using 
the SSP245 scenario) is projected for elevations between 
1000 and 2000 m asl (3.11 for both near and distant futures). 
In contrast, when applying the SSP585 scenario, maximum 
changes (4.30) are projected for elevations below 1000 m 
asl (Fig. 12). Due to ongoing projected climate warming in 
forthcoming decades, the fire occurrence will increase at 
all elevations but will be most pronounced for the distant 
future (i.e., 2061–2090) at elevations of 1000–2000 m asl 
(Fig. 13).

4.6  FWI trends

The annual frequency of days exceeding the specified 
FWI > 38 threshold for each year was calculated, and the 
median of the data determined for each decade. FWI trends 
are established for a time series comprising 18 records over 
the period 1960–2090. Our results demonstrate no decreas-
ing trends in FWI. The most significant and meaningful 
increases in FWI are observed for northwestern and central 
regions (Fig. 14). According to the SSP245 scenario, 28.83% 
of the study area has not experienced any significant trend, 
but when applying the SSP585 scenario, only 1.80% of 
the area has not experienced any significant trend. SSP245 
shows that 15.32% and 50.45% of the area experiences an 

Spatially, croplands dominate northwestern areas, while 
sparser forest coverage is evident in this region. In the 
central area, dense and open forests initially prevail, fol-
lowed by bare areas and croplands. In the southeast, bare 
areas dominate (Fig. 9).

Our findings indicate that for the reference period (1992–
2020), the FWI averages 26.27 and 26.07 for SSP245 and 
SSP585, respectively. However, for the near future, the 
average FWI for both scenarios has reached the maximum 
value compared to other periods, with values of 28.87 for 
SSP245 and 28.88 for SSP585, showcasing a slight differ-
ence between the two scenarios.

For the distant-future, annual FWI values average 27.93 
for SSP245 and 28.78 for SSP585 (Fig. 11a). The average 
number of days per annum experiencing FWI values > 38 is 
determined. The reference period records the lowest occur-
rences, with values of 142.52 and 141.59 days per annum 
for SSP245 and SSP585, respectively. Notably, the maxi-
mum frequency of extreme values is anticipated during the 
near future, with 153.73 days per annum for SSP245 and 
151.94 days per annum for SSP585. Although the frequency 
rates decrease in the distant-future, compared to the near-
future, SSP245 still exhibits higher frequencies (147.56 
days per annum) compared to SSP585 (149.21 days per 
annum) (Fig. 11b).

4.5  FWI changes and elevation

It is evident that the highest annual average FWI is asso-
ciated with elevation categories of less than 1000 m asl, 
predominantly in the western parts of the study region 
(Fig. 12). Although the annual average FWI for elevation 

Fig. 6  Comparison of the area corresponding to the average annual frequency of FWI > 38 based on the time series of the reference period and 
future data in scenarios SSP245 and SSP585
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Fig. 7  Comparison of the spatiotemporal distribution of the average number of days per year with FWI > 38 for the reference and future periods
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Fig. 8  Daily frequency (average number of 
days per annum) of FWI > 38 values for future 
decades, relative to the reference period
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Fig. 9  Spatiotemporal changes in land use across the Zagros region during the study period: 1992–2090
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of 38. Although 17 classes are introduced for EHSA, 
based on our time series data, only 9 classes are relevant 
to our region (Table 2). For these 9 classes, occurrence 
patterns occur for only one of the scenarios for 5 classes, 
and for the remaining 4 classes, occurrence patterns can 
be observed for both scenarios. Among these 5 classes, 
Historical Cold Spot, New Hot Spot, and Oscillating Hot 
Spot are experienced only for SSP585, while the patterns 
of Persistent Hot Spot and Sporadic Cold Spot exist only 
for SSP245 (Fig. 15; Table 7).

The spatial pattern of EHSA changes indicates that 
in both scenarios, a Diminishing Cold Spot pattern 
concentrated over the northwestern area, accounts for 

increase with confidence levels of 95% and 99% respec-
tively, while SSP585 records 18.02% and 72.97%, respec-
tively. Overall, 65.8% of SSP245 and approximately 91% 
of SSP585 exhibit a significant increasing trend (above the 
95% level), indicating a higher intensity and extent in the 
SSP585 scenario (Table 6).

4.7  Temporal and spatial changes of emerging hot 
spots of FWI

Using the Emerging Hot Spot Analysis (EHSA) tool, spa-
tiotemporal changes in FWI are now investigated. For 
this, FWI includes values greater than the threshold value 

Fig. 11  a Comparison of annual average FWI and b average frequency of days per year with FWI > 38 values based on time series of dense and 
open forests land use areas

 

Fig. 10  Percentage land use cover 
for different periods of time
 

1 3

72



Stochastic Environmental Research and Risk Assessment (2025) 39:55–80

Persistent Hot Spot (21.6% of total area) and the other 
Intensifying Hot Spot (5.4% of total area). The SSP585 
outputs indicate that the most important pattern in the 
southern and southeastern regions belongs to the Intensi-
fying Hot Spot class, covering 27% of the Zagros region 
(Fig. 15; Table 7).

5  Discussion

Our results demonstrate that weather-related fire danger will 
expand spatially across the Zagros Mountains in both the 
near- and distant-futures according to both SSP scenarios 
(245 or 585).

9% (SSP245 scenario) and 14.4% (SSP585 scenario). 
Towards lower latitudes, the Sporadic Cold Spot pat-
tern is observed over 2.7% of the area (SSP245 sce-
nario), while for the SSP585 scenario, this is 1.8% of 
the area. For most central areas, the outcome is ‘No Pat-
tern Detected’, covering 45.9% of the area for SSP245 
and 32.4% of the area for SSP585. The Consecutive Hot 
Spot pattern in SSP245 appears as two zones, one in the 
central area and the other in the southeast, covering 9% 
of the total area. However, for SSP585, this pattern of 
occurrence is scattered into three separate zones from the 
central to southern areas, covering a total of 14.4% of the 
area. In SSP245, two different classes are concentrated 
over the southern and southeastern regions, one being 

Fig. 13  The percentage annual frequency of FWI > 38 based on different elevation classes for a SSP245 and b SSP585

 

Fig. 12  The mean annual FWI for elevation classes from < 1000 m asl to > 3000 m asl considering the reference period and future data series
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Our Mann-Kendall results also indicate a significant and 
increasing trend in FWI for the northwestern region, 
which significantly coincides with the occurrence of 
Diminishing Cold Spot patterns, thus adding confidence 
in our FWI projections. Numerous studies worldwide 
have reported a similar future projection and increasing 
trends in wildfires, including research conducted in Iberia 
(Bento et al. 2023), the Attica region in Greece (Politi et 
al. 2023), the United States of America (Vose et al., 2012; 
Kookhaie et al., 2014; Varela et al., 2019), the French 
Mediterranean region in Provence-Alpes-Côte d’Azur, 
Spain (Moreno et al. 2023), Korea (Chang et al. 2024), 
and Africa (Justino et al. 2013).

Notable similarities and differences exist between 
our findings and those of previous research examining 
the relationships between climatic variables and their 
impacts on fire risk. For instance, in alignment with our 
findings from the Zagros region, Krikken et al. (2021) 
attribute the rise in forest fires in Sweden to climate 
change, indicating that global warming substantially 
contributes to fire danger. Similarly, findings from west-
ern- (Iberia) and eastern- Europe have advocated that 

Findings indicate that the long-term annual average 
FWI for some areas in the distant future (2061–2090) is 
likely to fall within the “very high” danger class. More-
over, the frequency of extreme FWI > 38 occurrences 
is projected to increase across the entire study region. 
Although the lowest annual average FWI and the lowest 
frequency of extreme FWI values during the reference 
period were observed in northwestern areas of our Zagros 
study region, the largest increase in FWI > 38 is pro-
jected for this region in the context of global warming. 

Table 6  Significant levels of change in the FWI (> 38), using the 
Mann–Kendall test
The significance level Trend_BIN SSP245-

Area (%)
SSP585-
Area 
(%)

Down Trend − 99% Confidence -3 0 0
Down Trend − 95% Confidence -2 0 0
Down Trend − 90% Confidence -1 0 0
No Significant Trend 0 28.83 1.80
Up Trend − 90% Confidence 1 5.4 7.2
Up Trend − 95% Confidence 2 15.3 18.0
Up Trend − 99% Confidence 3 50.5 73.0

Fig. 14  Changes in FWI (> 38) over the Zagros Mountains using the Mann–Kendall method
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Additionally, regional assessments in France have link-
ing fire danger projections to other changing climate vari-
ables, such as wind speed and relative humidity (Varela et 
al., 2019; Fargeon et al. 2020). While acknowledging the 
role of global warming, they emphasize some uncertain-
ties when using climate models for establishing future 
fire occurrence (risk). Notwithstanding such caution, 
these studies collectively reinforce the understanding 
that contemporary climate change, accelerated by global 
warming, significantly heighten fire occurrence and asso-
ciated hazards. The alignment of our findings with those 
of previous work from other regions, further reinforces 
that ‘fire weather’ patterns are not only increasing in fre-
quency, but also expanding spatially.

Climate change impact over Iran is highly variable 
given diversity in topography and atmospheric sys-
tems over the region (Hamidi et al. 2024; Alijani 2002; 
Daneshvar et al., 2019). For instance, it has been dem-
onstrated that geographical factors (longitude/latitude, 
elevation, distance from oceans) have varied climatic 
influence and hence responses to climate warming in 
future decades (Ghanghermeh et al. 2022). The Zagros 

recent temperature increases, altered precipitation pat-
terns and more prolonged droughts have contributed to 
an enhanced frequency of ‘fire weather’ and heightened 
fire danger (Semenova and Sumak 2022; Bento et al. 
2023). In contrast, Jones et al. (2022) present a broader 
analysis of global and regional drivers of fire under cli-
mate change, identifying various factors, including land 
use and vegetation changes. Their work underscores 
the importance of localized studies, like ours, in pro-
viding valuable insights into specific regional impacts. 

Table 7  Area related to FWI (> 38) anomalies according to each of the 
EHSA patterns
Row Pattern SSP245 SSP585
1 Consecutive Hot Spot 9.01 14.41
2 Diminishing Cold Spot 15.32 12.61
3 Historical Cold Spot 0.00 1.80
4 Intensifying Hot Spot 5.41 27.03
5 New Hot Spot 0.00 2.70
6 No Pattern Detected 45.95 32.43
7 Oscillating Hot Spot 0.00 1.80
8 Persistent Hot Spot 21.62 0.00
9 Sporadic Cold Spot 2.70 0.00

Fig. 15  Spatiotemporal anomalies of FWI (> 38) over the Zagros Mountains using EHSA analysis
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Socioeconomic Pathway scenarios restricts the explora-
tion of diverse future climate scenarios, limiting the com-
prehensiveness of the findings. Additionally, relying solely 
on the Fire Weather Index may oversimplify the intricate 
relationships between climate, vegetation, and fire behavior. 
Finally, omitting indices related to drought and heatwaves 
restricts a holistic understanding of the future fire danger 
landscape. Each of these limitations highlights the need for 
more robust models and broader considerations to enhance 
the accuracy and applicability of the study’s conclusions.

6  Conclusion

This study has investigated the impact of climate change on 
fire danger in the Zagros Mountains for near- and distant-
futures. This has been achieved through utilizing climate 
model simulations under two Shared Socioeconomic Path-
way (SSP) scenarios. These scenarios are based on assump-
tions regarding socioeconomic and land-use changes. The 
findings presented here thus offer insights into potential 
changes in fire danger and provide a foundation for design-
ing management strategies aimed at fire prevention and 
mitigation in the area.

The future potential for increased wildfire risk in the 
Zagros region can be attributed to various atmospheric fac-
tors. Climate warming and longer drought periods or dry 
spells accelerate the desiccation of vegetation and enhance 
the flammability of combustible materials. Additionally, 
global warming also contributes to greater atmospheric 
instability (e.g. Rädler et al. 2019), resulting in more fre-
quent thunderstorms that can ignite wildfires through higher 
lightning flash density.These interconnected atmospheric 
factors underscore the significance of our findings, empha-
sizing the need for proactive measures to mitigate future 
wildfire risks.

Priority should be given to developing and implement-
ing fire alarm systems tailored to the geographic and cli-
matic conditions of the study region. Future research will 
focus on utilizing Regional Climate Models (RCMs), 
driven by outputs from various Global Climate Models 
(GCMs), to assess bias patterns and signals of climate 
change more efficiently. Future work should additionally 
incorporate drought and heat wave indices for establish-
ing fire danger.

Author contributions  Conceptualization, G.R.R.; methodology, 
G.R.R., A.A.G., M.A.E., R.S.; software, A.A.G., M.A.E., R.S.; vali-
dation, A.A.G.; formal analysis, G.R.R., investigation, G.R.R., and 
A.A.G.; data curation, A.A.G., and R.S.; writing—original draft prep-
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G.R.R. and A.A.G.; All authors have read and agreed to the published 
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Mountains extend northwest to southeast, causing signifi-
cant differences in longitude (distance from the Persian 
Gulf) and latitude. It has been established that tempera-
tures have increased in recent decades over the Alborz 
Mountains, but that these have varied elevationally and 
latitudinally due to irregularity of lapse rates across the 
region (Roshan et al., 2024a; Roshan et al. 2024b). Simi-
lar work has also projected that longitude (continentality) 
will have an increasing climatic influence on solar radia-
tion patterns in the distant future (2061–2080) (Roshan et 
al., 2023). These factors in combination, account for spa-
tially variable susceptibilities to future climate change 
over these mountains (Masoodian and Keikhosravi 
Kiany 2020; Arsalani et al. 2022; Mohimi and Esmaeily 
2023; Sadrianzadeh et al., 2023). The cumulative effects 
of these variable projected climatic changes over time, 
will then most likely also influence future wildfire pat-
terns and danger in the region. In this study, for the first 
time, we used emerging hotspot analysis to reveal spatio-
temporal changes of different patterns of cold and hot 
spots for forest fire danger. To this end, in our compari-
son between the two scenarios of SSP245 and SSP585, 
we found that the patterns related to EHA for SSP585 
had more diversity compared to SSP245. Examining the 
climatic data for each SSP scenario could offer a deeper 
understanding of the differences in input data originating 
from the SSPs. However, such analysis falls outside the 
scope of the current research.

Land use change is among the most influential and 
important factors affecting the diversity of EHA patterns. 
One of the most impacted land use types by wildfires is 
forested areas. We find that the percentage of land allo-
cated to this land use type will decrease in future decades. 
This conclusion is made under the assumption that the 
impact of wildfires on the rate of decline in this land use 
type will increase, and thus one can expect less future 
forested areas in this study region. This poses a signifi-
cant danger to the ecosystem of the Zagros region, lead-
ing to considerable adverse environmental consequences 
such as loss of biodiversity, potential increased soil ero-
sion and slope instability.

Notwithstanding the value of our findings, we acknowl-
edge that there are study limitations that need to be recog-
nized. Firstly, the downscaled climate models may overlook 
localized microclimates, particularly in the complex terrains 
of the Zagros Mountains. The limited validation, based on 
only eight meteorological stations and two satellite datasets, 
introduces uncertainties that could affect the reliability of 
the model outputs. Moreover, while focusing on fire weather 
indices is essential, it fails to consider other crucial elements 
like forest management and socio-economic factors that 
influence fire dynamics. The exclusive use of two Shared 
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