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Abstract: Wildfires present a major global environmental issue, exacerbated by climate change.
The Iranian Northern Zagros Forests, characterized by a Mediterranean climate, are particularly
vulnerable to fires during hot, dry summers. This study investigates the impact of climate change
on forest fires in these forests from 2006 to 2023. The analysis revealed significant year-to-year
fluctuations, with notable fire occurrence in years 2007, 2010, 2021, and 2023. The largest burned
area occurred in 2021, covering 2655.66 ha, while 2006 had the smallest burned area of 175.27 ha.
Climate variables such as temperature, humidity, precipitation, wind speed, heat waves, and solar
radiation were assessed for their effects on fire behavior. Strong correlations were found between
higher average temperatures and larger burned areas, as well as between heat waves and increased
fire frequency. Additionally, higher wind speeds were linked to larger burned areas, suggesting that
increased wind speeds may enhance fire spread. Multiple linear regression models demonstrated
high predictive accuracy, explaining 84% of the variance in burned areas and 69.6% in the variance
in fire frequency. These findings document the growing wildfire risk in the Northern Zagros region
due to climate change, highlighting the urgent need to integrate scientific research with policies to
develop effective wildfire management strategies for sustainable forest management.

Keywords: climate variables; Heat Wave Magnitude Index; fire ecology; forest management; Google
Earth Engine; multiple linear regression; NASA POWER Project; statistical analysis

1. Introduction

Forest fires are an important ecological phenomenon with profound impacts on bio-
diversity, climate, and human health [1,2]. Understanding the factors that contribute to
the occurrence and intensity of forest fires is essential for effective forest management and
mitigation strategies [3]. In recent decades, the global climate has changed dramatically,
with rising temperatures, altered precipitation patterns, and the increased frequency and
intensity of extreme weather events [4]. This change significantly influences forest ecosys-
tems, affecting the frequency and behavior of forest fires [5,6]. Scientists, politicians, and
the public have increasingly focused on the complex interactions between climate change
and wildfires due to their far-reaching implications for biodiversity, ecological services,
human health, and socioeconomic well-being [7].

Wildfires have long been a natural part of many ecosystems, performing essential
ecological processes such as nitrogen cycling, restoration, and habitat preservation [8].
However, climate change has disrupted these ecosystems’ equilibrium, leading to a surge
in wildfires that are more frequent, prolonged, and catastrophic than before. From the
northern forests of Canada to the tropical rainforests of the Amazon, no area has been
untouched. The Northern Zagros region of Iran, a biological treasure and a significant
barrier against soil erosion, drought, and desertification, has also experienced an increase
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in forest fires [9,10]. This trend raises concerns about the underlying causes and potential
impact of environmental and climatic variability on fire dynamics [11].

Several studies have highlighted the impact of climate change on global fire regimes,
particularly in temperate and Mediterranean ecosystems like the Zagros forests. Rising
temperatures, altered rainfall patterns, and the increased frequency of extreme weather
events have been identified as major factors affecting fire behavior and occurrence [12].
Temperature and relative humidity are critical in influencing fire behavior. High tempera-
tures increase vegetation flammability, while low humidity levels reduce moisture content,
making plants more susceptible to ignition [13]. Studies indicate that rising temperatures
and decreasing humidity significantly elevate the risk of forest fires in many regions [14]. In
the Zagros region, recent trends have shown rising temperatures and decreasing humidity,
potentially exacerbating fire risks [15,16]. Additionally, wind plays a pivotal role in fire
spread by driving flames and carrying embers over long distances, often transforming
small fires into large outbreaks [17]. Understanding local wind dynamics is crucial for
predicting fire behavior and developing effective management strategies. Heat waves,
defined by extended periods of extreme heat, have also been linked to increased fire activity,
significantly drying out vegetation and enhancing its flammability [18]. Current climate
research indicates an increase in the frequency and severity of heat waves globally [19],
underscoring the need to assess their impact on regional fire regimes.

Forest fires caused by climate change have far-reaching consequences, affecting the
human communities connected to these forests [20]. Rural communities relying on forest
resources face vulnerabilities, including loss of croplands and pastures, displacement, and
economic hardship. Additionally, the decline of forest ecosystem services such as water man-
agement and soil fertility impairs people’s ability to cope with environmental pressures [21].

Despite the evident connections between climatic and environmental variables and
forest fire activity, comprehensive statistical analysis is needed to quantify these relation-
ships in the Northern Zagros region and other areas with a Mediterranean climate. This
study aims to fill this gap by investigating the impact of climatic and environmental factors
on forest fire occurrence and the extent of burned areas. Using statistical methods such as
Multiple Linear Regression, this research seeks to identify significant variables influencing
fire dynamics and develop predictive models for wildfire management and prevention [22].

Through this study, we aim to deepen the understanding of the interplay between
climate variability and forest fire risks in the Northern Zagros. Our findings will provide
valuable insights for policymakers, forest managers, and conservationists working to
mitigate the adverse effects of forest fires and promote sustainable forest management
practices in this ecologically sensitive region. Therefore, this study addresses the following
research questions:

1. How have the frequency and intensity of wildfires in the Zagros forests changed over
the past few decades?

2. Which climatic variables have the most significant correlation with wildfire occur-
rences in the Zagros forests?

3. How do changes in climatic conditions impact the likelihood and intensity of fires in
the Zagros forests?

2. Materials and Methods
2.1. Study Region

This study was carried out in the Zagros forests of northwest Iran, encompassing
regions within the West Azarbaijan and Kurdistan provinces. The continuous vegetation
of the Zagros forests extends from West Azarbaijan to the Fars province in southwestern
Iran and spans nine other provinces [23]. The specific areas of focus include Sardasht
city in West Azarbaijan and the cities of Baneh, Sarvabad, Sanandaj, Kamyaran, and
Marivan in Kurdistan (Figure 1), where the Zagros forests are located. These locations
are situated between latitudes 34◦43′ and 36◦28′ N and longitudes 45◦14′ and 47◦20′ E,
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covering altitudes ranging from 593 to 3122 m above sea level. In 2023, the forest land area
in West Azarbaijan was 122,197.50 ha, while in Kurdistan it was 202,261.03 ha [23].

Figure 1. Distribution of Zagros forests in western Iran (polygon with yellow hatching), as well as
the geographic location of the studied regions in the north of Zagros (polygon with gray hatching).

The region is characterized by a Mediterranean climate, featuring hot, dry summers
and mild, wet winters, which significantly influence the local vegetation and fire patterns.
The dominant vegetation includes oak species (Quercus spp., occurring mostly as coppice
stands), alongside pistachio (Pistacia spp.), almond (Amygdalus spp.), and juniper (Juniperus
spp.) [24]. The mountainous topography of the Zagros range creates diverse microclimates,
contributing to the rich biodiversity of the area [25].

The local population primarily comprises rural Kurdish communities whose livelihoods
depend on agriculture, livestock, and forest resources. These forests are culturally important
and play an essential role in preventing soil erosion, supporting biodiversity, and regulating
the regional climate.

2.2. Data Collection: Fire Data and Climatic Variables Sources

The Natural Resources Departments of the West Azarbaijan and Kurdistan provinces
provided data and information on all fires documented in the Iranian Northern Zagros
forests (i.e., studied sites) between 2006 and 2023. These statistics included the number
(frequency) and extent of fires (in hectares) during this period.

To explore the effect of climate variables on the frequency and intensity of forest fires,
a multifaceted strategy was employed, utilizing data from several sources and platforms.
Meteorological factors significantly impact fuel accumulation and humidity, which in turn
affect the probability, timing, and location of fires [26]. This study focuses on the following
climatic variables for the period from 2006 to 2023, selected based on data availability and
their established influence on fire dynamics (see references for details on their effects on
forest fires): Minimum Temperature (◦C) [27], Maximum Temperature (◦C) [28], Average
Temperature (◦C) [29], Average Relative Humidity (%) [30], Average Precipitation (mm) [31],
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Average Wind Speed (m/s) [32], Wind Direction (◦) [33], Heat Waves (including: Heat
Wave Magnitude and Frequency) [34], and Surface Solar Radiation (kW-hr/m2/day) [35].

Annual maximum, minimum, and average temperatures, annual average precipita-
tion, relative humidity, wind direction, and surface solar radiation data were obtained from
the NASA POWER (Prediction of Worldwide Energy Resources) project [36]. This data
source provides high-resolution, globally available meteorological data derived from satel-
lite observations and reanalysis models [37], integrating both satellite and ground-based
observations.

To analyze wind speed in the study area, the u and v wind components of the ERA5
reanalysis dataset were used, which was accessed via the Google Earth Engine platform [38].
The ERA5 dataset provides high-resolution climate and weather data, which are useful for
accurately modeling and analyzing meteorological variables. Produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF), ERA5 offers comprehensive atmo-
spheric data with a spatial resolution of approximately 27 km [39]. The dataset includes
hourly values of u (zonal wind component) and v (meridional wind component) at various
pressure levels [40]. The u and v wind components were extracted for the study period
(2006–2022), and wind speed at each grid point was calculated using Equation (1):

Wind Speed =
√

u2 + v2 (1)

where u is the zonal wind component and v is the meridional wind component [41].
To analyze heat waves in the Northern Zagros forests of Iran, the Heat Wave Magni-

tude Index (HWMI) was used. This index is specifically designed to assess the intensity
and duration of heat waves and can aid in understanding thermal impacts on forest ecosys-
tems [42]. For the calculation of HWMI, temperature data were used from NASA POWER,
including daily maximum and minimum temperatures from 2006 to 2023. The baseline tem-
perature was defined as the average of daily maximum temperatures during non-heat wave
days, typically derived from the 30-year average of maximum temperatures under normal
climatic conditions [43]. For each day, the deviation of the maximum temperature from
the baseline was calculated, with positive deviations indicating heat wave conditions [44].
The intensity of the heat wave was computed using the deviations in temperature with
Equation (2):

HWMI =
n

∑
i01

(Ti − Tbase) (2)

where Ti is the daily maximum temperature on day i and Tbase is the baseline temperature [45].
To identify heat waves, HWMI values were compared to predefined thresholds. In this

study, the threshold was defined as the maximum of three consecutive days with maximum
temperatures exceeding the 90th percentile. This threshold was derived empirically using
historical data [46]. The analysis and computation of the HWMI were performed using the
R software environment (version 4.4.1). Specifically, the data were processed and analyzed
using the “dplyr” and “lubridate” packages in R [47].

2.3. Statistical Analysis

To explore the impact of climatic variables on the number and extent of forest fires
in the Northern Zagros forests, several statistical methods were used. The Kolmogorov–
Smirnov test was first used to assess the normality of the fire data and climatic variables,
since normality of data is a prerequisite for many other statistical analyses. The test
indicated that the data followed a normal distribution.

Pearson’s correlation and multiple linear regression (MLR) analyses were used to
investigate the relationships between fire frequency, extent, and climate variables. MLR
allows for the simultaneous evaluation of the relationship between a dependent variable
(the number or the extent of forest fires) and multiple independent variables (climate
variables) [48]. In this study, the coefficients of the independent variables were calculated to
understand their individual influences on the dependent variable. The MLR model assumes
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a linear relationship between the dependent variable and the independent variables, as
expressed in Equation (3):

Y = a + b1x1 + b2x2 + · · ·+ bnxn (3)

where Y is the dependent variable, x1, x2, . . ., xn are the independent variables, and b1,
b2, . . ., bn are their coefficients. The constant a reflects the value of Y when all independent
variables are zero, while the coefficients bi indicate the change in Y for a unit increase in
the corresponding independent variable [49]. The error term (ϵ) represents the difference
between the observed values and the values predicted by the model, calculated as:

ϵ = Y − Ŷ (4)

Additionally, the assumptions of the MLR were checked to ensure the validity of the
model. Linearity was verified to confirm a linear relationship between the independent
and dependent variables (burned area and fire frequency). This Appendix A is presented
in Figures A1 and A2. Homoscedasticity was assessed by plotting the residuals against the
fitted values, with Appendix A shown in Figures A3 and A4. Multicollinearity was checked
using the Variance Inflation Factor (VIF), with values less than 10 indicating acceptable
levels (Table A1). The independence of residuals was verified using the Durbin–Watson
statistic, with values close to 2 indicating no autocorrelation (Table A2). The effectiveness
of the MLR model was assessed using several statistical metrics. The coefficient of de-
termination (R2) quantifies the proportion of variance in the dependent variable that is
explained by the independent variables [50]. An R2 value approaching 1 suggests that the
model accounts for a significant portion of the variance, indicating a good fit. However,
R2 does not adjust for the number of predictors in the model, which may result in over-
fitting, particularly in models with many predictors [51]. To address this limitation, the
Adjusted R2 was also calculated. The Adjusted R2 refines the R2 value by considering both
the number of predictors and the sample size, offering a more accurate assessment of the
model’s explanatory power, especially when comparing models with different numbers
of predictors. Unlike R2, the Adjusted R2 only increases if the added predictor enhances
the model’s predictive capability by more than what would be expected by chance [52].
Additionally, the correlation coefficient (R) was employed to evaluate the strength and
direction of the linear relationship between the observed and predicted values. The R value
ranges from −1 to 1, with values close to 1 or −1 indicating a strong linear relationship,
while values near 0 suggest a weak or no linear relationship [53]. Furthermore, the p-value
was used to assess the statistical significance of the relationships between the indepen-
dent variables and the dependent variable. The p-value indicates the probability that the
observed results occurred by chance. A p-value less than 0.05 typically suggests that the re-
lationship is statistically significant, meaning the independent variables have a meaningful
impact on the dependent variable [54]. By integrating these metrics—R, R2, Adjusted R2,
and p-value—the effectiveness and predictive capacity of the model were comprehensively
evaluated. These measures collectively provide a robust understanding of how well the
independent variables explain the variance in the dependent variable and of how the model
will generalize with new data. The statistical analyses in this study were carried out using
SPSS version 27 [55].

3. Results
3.1. Trends in Fire Frequency and Intensity

The analysis of burned areas in the Northern Zagros forests from 2006 to 2023 shows a
significant variability in the extent of the affected areas (Figure 2a). These data illustrate
several important trends: First, there is considerable fluctuation in the burned area from
year to year, with peaks occurring in 2007, 2010, 2021, and 2023. The largest burned area
was recorded in 2021, with 2655.66 ha, while the smallest was in 2006, with 175.27 ha.
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Figure 2. Variation in extent (a) and frequency (b) of forest fires occurring in Northern Zagros from
2006 to 2023.

The data show that the number of wildfires in the Northern Zagros forests varied
between 2006 and 2023 (Figure 2b). Overall, the highest number of wildfires was observed
in the years 2006, 2015, and 2021, reaching 294, 278, and 298 incidents, respectively. In
contrast, the years with the lowest number of wildfires, such as 2009 and 2012, recorded 33
and 47 incidents, respectively, reflecting a significant decrease during this period.

3.2. Annual Changes in Weather Variables
3.2.1. Temperature

The results indicate that temperature variables in the Northern Zagros forests from
2006 to 2023 have shown notable fluctuations. The minimum temperatures ranged from
−18.66 ◦C to −9.39 ◦C (Figure 3a), while the maximum temperatures varied between
37.86 ◦C and 40.83 ◦C (Figure 3c). The average temperatures ranged from 11.86 ◦C to
15.20 ◦C (Figure 3b).
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Significant variations can be observed in both the minimum and maximum tempera-
tures throughout the study period. For instance, the highest minimum temperature was
recorded in 2020, whereas the lowest was in 2018. Similarly, maximum temperatures
peaked in 2021, with the lowest recorded in 2007. The average temperatures also reflect
this variability, with the highest values noted in 2021 and the lowest in 2018.

3.2.2. Precipitation and Humidity

Significant shifts in average relative humidity and precipitation were recorded in
northern Zagros forests between 2006 and 2023. The average relative humidity varied
between 44.60% and 56.02%, with the highest value recorded in 2015 and the lowest in
2014 (Figure 4b). This indicates a considerable variability in moisture levels over the years.
Similarly, the average precipitation ranged from 37.78 mm to 89.74 mm, with notable peaks
in 2015 and 2022 (Figure 4a).
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3.2.3. Wind

Throughout the study period (2006–2023), the average yearly wind speed fluctuated
significantly. The lowest average wind speed was recorded in 2017 at 2.58 m/s, while the
highest was in 2023 at 3.16 m/s (Figure 5a). Over the years, there appears to be a general
increasing trend in wind speed, particularly notable in the last few years of the study.
The results indicate that the predominant wind direction in the northern Zagros forests
varied over the study period from 2006 to 2023. Specifically, in the years 2007, 2020, and
2023, the prevailing wind direction was southern, whereas in the remaining years, it was
predominantly southwestern (Figure 5b).

3.2.4. Heat Wave Characteristics and Surface Solar Radiation

The magnitude of heat waves showed a considerable variability, with values ranging
from 8.24 to 14.99. The highest heat wave magnitudes were recorded in the most recent
years, specifically 2022 (14.99) and 2023 (12.86), indicating an increasing trend in heat wave
intensity (Figure 6a). This suggests that the region has experienced more severe heat waves
in recent years.
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Similarly, the frequency of heat waves varied across the study period, with a minimum
of 3.50 and a maximum of 9.36 occurrences per year (Figure 6b). The years 2022 and 2023
also saw the highest frequencies, at 9.11 and 9.36, respectively. This trend indicates that
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not only have heat waves become more intense, but they have also become more frequent,
particularly in the last few years of the study.

The average surface solar radiation levels remained relatively stable, but showed
slight variations ranging from 5.07 to 5.62 kWh/m2/day (Figure 6c). The highest levels of
solar radiation were observed in 2022 and 2023, with values of 5.54 and 5.62 kW-h/m2/day,
respectively. This increase in solar radiation could be contributing to the higher magnitude
and frequency of heat waves observed.

3.3. Relationships between Fire and Climate Variables

The analysis of the Pearson correlation between the dependent variables (fire frequency
and burned area) and various climatic and environmental factors yielded meaningful
findings. A strong positive correlation was found between the annual average temperature
and the burned area, significant at the 99% confidence level (r = 0.746, p-value < 0.001)
(Table 1). This suggests that higher average temperatures are strongly associated with larger
burned areas, highlighting the role of temperature in influencing fire spread and intensity.

Table 1. Correlation between burned area, fire frequency, and climatic/environmental factors in
northern Zagros forests.

Factor
Burned Area Fire Frequency

Correlation (r) p-Value Correlation (r) p-Value

Minimum Temperature 0.365 ns 0.137 0.573 * 0.013
Maximum Temperature −0.012 ns 0.963 −0.012 0.963
Average Temperature 0.746 ** <0.001 0.501 * 0.034

Average Relative Humidity −0.395 ns 0.104 0.167 0.509
Average Precipitation 0.042 ns 0.870 0.371 0.130
Average Wind Speed 0.740 * 0.036 0.304 0.219

Wind Direction −0.030 ns 0.907 −0.149 0.556
Heat Wave Magnitude 0.177 ns 0.482 0.479 * 0.021
Heat Wave Frequency 0.269 ns 0.280 0.371 0.129

Surface Solar Radiation 0.519 * 0.027 0.330 0.181

** and * indicate correlations that are significant at the 99% and 95% confidence levels, respectively, while ns
denotes non—significant correlations.

The annual average wind speed demonstrated a significant positive correlation with
the burned area at the 95% confidence level (r = 0.740, p-value = 0.036) (Table 1). This
indicates that higher wind speeds are associated with larger burned areas, likely due to
fires spreading more rapidly across a wider area, thereby increasing the total burned area.
Additionally, surface solar radiation showed a significant positive correlation with the
burned area at the 95% confidence level (r = 0.519, p-value = 0.027) (Table 1), implying that
increased solar radiation, likely due to its effect on drying vegetation, contributes to larger
burned areas.

Regarding fire frequency, a significant positive correlation was observed between
the annual minimum temperature and the frequency of fires at the 95% confidence level
(r = 0.573, p-value = 0.013) (Table 1). This indicates that higher minimum temperatures,
which can prevent nocturnal cooling and contribute to the persistence of fire-prone condi-
tions, are linked to a higher frequency of fires. Similarly, the annual average temperature
also showed a significant positive correlation with fire frequency at the 95% confidence level
(r = 0.501, p-value = 0.034) (Table 1), reinforcing the impact of overall warmer conditions on
the likelihood of fire occurrences.

Moreover, the magnitude of heat waves demonstrated a significant positive correla-
tion with fire frequency at the 95% confidence level (r = 0.479, p-value = 0.021) (Table 1).
This finding suggests that more intense heat waves contribute to an increased number of
fires, likely due to the extreme drying and stress on vegetation during such periods. No
significant correlations were found between the dependent variables and other climatic
factors such as maximum temperature, average relative humidity, average precipitation,
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wind direction, or heat wave frequency, indicating that these factors did not have a strong
direct impact on the burned area or fire frequency in this study.

The Multiple Linear Regression (MLR) models yielded R values of 0.916 and 0.834
(Table 2), indicating strong positive correlations between the observed and predicted values
of the dependent variables (i.e., burned area and fire frequency, respectively). These high R
values suggest that the models fit the data well.

Table 2. Summary of MLR analysis for climatic and environmental factors predicting burned area
and fire frequency in northern Zagros forests.

Model R R2 Adjusted R2 Std. Error of the Estimate

Burned area 0.916 a 0.840 0.546 549.72

Fire frequency 0.834 a 0.969 0.139 84.71
a Predictors (i.e., climatic and environmental factors).

The R2 values of 0.840 and 0.696 indicate that approximately 84% and 69.6% of the
variance in the dependent variables (burned area and fire frequency, respectively) can be
explained by the independent variables included in the model (Table 2). These high R2

values demonstrate that the model is effective in capturing the variability of the dependent
variables based on the selected predictors.

The Adjusted R2 values of 0.546 and 0.139, although lower than the R2 values, still
indicate that around 54.6% and 13.9% of the variability in the dependent variables (burned
area and fire frequency, respectively) is explained by the model when taking into account
the number of predictors and the sample size.

The ANOVA results for both multiple linear regression models suggest that the inde-
pendent climatic and environmental variables are significant predictors of both burned area
and fire frequency in the Northern Zagros forests. The statistically significant p-values (0.034
for burned area and 0.048 for fire frequency) indicate that these models effectively capture
the variability in the dependent variables based on the selected predictors (Table 3). This
finding underscores the importance of climatic and environmental factors in understanding
and predicting wildfire dynamics in this region.

Table 3. ANOVA results for MLR models assessing burned area and fire frequency in northern Zagros
forests.

Model Sum of Squares df Mean Square F Sig.

Burned area Regression 87,581.87 11 963,400.56 4.76 0.034
Residual 33,699.45 6 202,196.70

Total 121,281.32 17

Fire frequency Regression 1938.20 11 21,320.21 4.12 0.048
Residual 862.61 6 5175.66

Total 2800.81 17

The MLR analysis indicates that several climatic variables significantly predict burned
area and fire frequency in the northern Zagros forests (Table 4). For the burned area,
higher average temperatures, lower precipitation, higher wind speeds, and increased
surface solar radiation are significant predictors. For fire frequency, higher minimum
and average temperatures, lower precipitation, and greater heat wave magnitude are
significant predictors. These findings highlight the importance of specific climatic factors
in influencing wildfire dynamics in this region.
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Table 4. MLR analysis coefficients for predicting burned area and fire frequency in northern Zagros
forests.

Model
Unstandardized Coefficients Standardized Coefficients

t Sig.
B Coefficient Std. Error Beta

Bu
rn

ed
ar

ea

(Constant) 3738.379 18,026.805 0.207 0.043
Minimum Temperature 125.494 69.356 0.388 1.809 0.120
Maximum Temperature −277.873 307.930 −0.272 −0.902 0.402
Average Temperature 809.017 451.082 0.829 1.794 0.023

Average Relative Humidity −5.711 121.488 −0.021 −0.047 0.964
Average Precipitation −18.975 28.615 −0.322 −0.663 0.032
Average Wind Speed −1410.154 1658.836 −0.155 −0.850 0.028

Wind Direction 2.093 14.032 0.031 0.149 0.886
Heat Wave Magnitude −24.356 102.559 −0.057 −0.237 0.820
Heat Wave Frequency −69.383 195.340 −0.134 −0.355 0.735

Surface Solar Radiation 200.314 1731.642 0.035 0.116 0.012

Fi
re

fr
eq

ue
nc

y

(Constant) −2725.357 2777.825 −0.981 0.004
Minimum Temperature 22.978 10.687 0.634 2.150 0.005
Maximum Temperature 32.669 47.450 0.286 0.688 0.517
Average Temperature 46.586 69.509 0.427 0.670 0.028

Average Relative Humidity 18.814 18.721 0.603 1.005 0.354
Average Precipitation −4.155 4.409 −0.629 −0.942 0.012
Average Wind Speed −122.269 255.617 −0.120 −0.478 0.649

Wind Direction −1.200 2.162 −0.157 −0.555 0.599
Heat Wave Magnitude 8.927 15.804 0.186 0.565 0.033
Heat Wave Frequency −15.259 30.101 −0.263 −0.507 0.630

Surface Solar Radiation 238.614 266.836 0.373 0.894 0.406

The MLR equations for predicting burned area and fire frequency are presented in
Equations (5) and (6).

Burned Area = 3738.379 + (125.494 × Minimum Temperature) + (−277.873 × Maximum Temperature) +
(809.017 × Average Temperature) + (−5.711 × Average Relative Humidity) + (−18.975 × Average Temperature) +
(−1410.154 × Average Wind Speed) + (2.093 × Wind Direction) + (−24.356 × Heat Wave Magnitude) + (−69.383 ×
Heat Wave Frequency) + (200.314 × Surface Solar Radiation)

(5)

Fire Frequency = −2725.357 + (22.978 × Minimum Temperature) + (32.669 × Maximum Temperature) +
(46.586 × Average Temperature) + (18.814 × Average Relative Humidity) + (−4.155 × Average Precipitation) +
(−122.269 × Average Wind Speed) + (−1.200 × Wind Direction) + (8.927 × Heat Wave Magnitude) + (−15.259 ×
Heat Wave Frequency) + (238.614 × Surface Solar Radiation)

(6)

4. Discussion

The analysis of the Northern Zagros forests from 2006 to 2023 reveals notable trends in
fire frequency and intensity. The fluctuations in burned area, with significant peaks in 2007,
2010, 2021, and 2023 underscore the variability in fire activity over the study period. The
largest burned area was recorded in 2021 (2655.66 ha), highlighting a concerning increase
in fire intensity. These findings are consistent with previous studies that have documented
regional variability in fire occurrence, influenced by climatic and environmental factors [56].

The temperature data indicated a considerable variability, with minimum tempera-
tures ranging from −18.69 ◦C to −9.39 ◦C and maximum temperatures between 37.86 ◦C
and 40.83 ◦C. These fluctuations reflect the broader climatic variability in the region. The
highest minimum temperature in 2020 and peak maximum temperatures in 2021 align with
the global trends of rising temperatures [57], corroborating the hypothesis that temperature
increases are linked to heightened fire risks [58]. Precipitation and humidity data show
significant changes, with an average relative humidity of between 44.60% and 56.02%, and
precipitation ranging from 37.78 mm to 89.74 mm. These variations suggest that moisture
levels have been highly variable, influencing fuel moisture content and fire potential. The
peaks in precipitation in 2015 and 2022, along with the variability in humidity, highlight the
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dynamic nature of the region’s climate. Wind speed analysis reveals a general increasing
trend, with the highest average wind speed in 2023. This trend, alongside the predominant
southern wind direction in certain years, underscores the role of wind in fire dynamics,
affecting fire spread and intensity [59]. The heat wave data indicate a significant increase
in both magnitude and frequency, with values ranging from 8.24 to 14.99. The years 2022
and 2023 experienced the highest heat wave magnitudes and frequencies, highlighting
an increasing trend in heat wave severity. This aligns with global trends showing more
frequent and intense heatwaves due to climate change [45]. The increase in surface solar
radiation, particularly in 2022 and 2023, reinforces the link between solar radiation and
heat wave intensity, contributing to the drying of vegetation and increasing fire risk.

Pearson correlation analysis reveals strong correlations between temperature variables
and the burned area. The significant positive correlation between the annual average
temperature and burned area (r = 0.746, p-value < 0.001) confirms that higher temperatures
are strongly associated with larger burned areas, consistent with previous findings [56,60].
Interestingly, wind speed shows a positive correlation with the burned area (r = 0.740,
p-value = 0.036), suggesting that higher wind speeds are associated with larger burned
areas. This finding highlights the role of wind in fire dynamics, where higher winds
can promote fire spread and increase the total burned area, supporting the complexity
of fire behavior under varying environmental conditions [61]. Surface solar radiation’s
positive correlation with the burned area (r = 0.519, p-value = 0.027) indicates that increased
solar radiation contributes to greater fuel drying, enhancing fire spread and intensity.
The significant positive correlation between minimum temperature and fire frequency
(r = 0.573, p-value = 0.013), along with the average temperature’s correlation (r = 0.501,
p-value = 0.034), reinforces the link between warmer temperatures and increased fire
occurrences. Moreover, the magnitude of heat waves shows a positive correlation with fire
frequency (r = 0.479, p-value = 0.021), highlighting the role of extreme heat in increasing
fire frequency. These findings underscore the importance of temperature and heat wave
characteristics in shaping fire dynamics in the northern Zagros forests.

The MLR analysis reveals several significant predictors for both the burned area and
fire frequency in the northern Zagros forests. For the burned area, the model highlights
that higher average temperatures (p-value = 0.023) significantly increase the burned area,
indicating the strong influence of temperature on fire spread. Lower average precipitation
(p-value = 0.032) also significantly correlates with larger burned areas, emphasizing the role
of moisture in fire dynamics. Additionally, higher average wind speeds (p-value = 0.028)
are associated with larger burned areas, suggesting that wind can exacerbate fire spread by
providing additional oxygen and facilitating the movement of embers. Increased surface
solar radiation (p-value = 0.012) significantly correlates with larger burned areas, likely due
to its effect on drying out vegetation and making it more susceptible to burning.

For fire frequency, higher minimum temperatures (p-value = 0.005) are significant
predictors, suggesting that even night-time temperatures contribute to the likelihood of
fires. Higher average temperatures (p-value = 0.028) also increase fire frequency, reinforc-
ing the importance of overall warming trends. Conversely, lower average precipitation
(p-value = 0.012) significantly increases fire frequency, underlining the critical role of mois-
ture in preventing fires. Higher heat wave magnitude (p-value = 0.033) is another significant
predictor, indicating that extreme temperature events are crucial in driving fire occurrences.

MLR analysis shows that climate and environmental variables are effective predic-
tors of the burned area. These results are consistent with those from earlier studies that
highlighted these variables as critical factors in fire activity [60,62,63]. The MLR model’s
strong coefficients and predictive capability suggest its potential to improve fire manage-
ment policies and prediction accuracy. Including climate and environmental variables
provides a clearer understanding of the complex relationship between weather conditions
and fire behavior. The role of heat wave magnitude, precipitation, surface solar radia-
tion, temperature, and wind speed in the regression model underscores its importance
in influencing fuel moisture, affecting fire spread and intensity [64,65]. Thus, integrating
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these variables into prediction models can enhance fire risk assessment accuracy and refine
prevention strategies.

Various factors, such as vegetation type, topography, and human activities, influence
fire behavior [62,66]. Future research should incorporate these factors into comprehensive
models to better capture the diverse dynamics of fire in the northern Zagros forests. Also,
effective fire control requires a multifaceted approach combining scientific research, policy
making, and community involvement. Strategies like controlled burns, fuel reduction,
and optimized land use can help mitigate fire risks and enhance ecosystem resilience [67].
Investing in early detection, response capabilities, and public education is crucial to min-
imizing the adverse impacts of wildfires on human health, infrastructure, and natural
resources [68]. Additionally, fostering international collaboration and information sharing
can facilitate the exchange of best practices and lessons learned in fire management across
borders [69]. By adopting transdisciplinary approaches and leveraging technological and
modeling advancements, stakeholders can better predict forest fire trends and develop
adaptive strategies to reduce their impact [70].

These findings have significant implications for fire management and climate change
adaptation in the northern Zagros forests and beyond. As temperatures continue to rise,
proactive measures like fuel reduction, early warning systems, and community prepared-
ness are becoming increasingly essential. Moreover, integrating climate change considera-
tions into forest management can enhance ecosystem resilience to fire disturbances.

This research has several important limitations. Data quality and availability issues,
particularly in historical climate and fire data, can affect the reliability of the findings.
The multiple linear regression models used may not fully capture the complexities of fire
behavior, and the exclusion of key variables such as vegetation types, land use changes,
and human activities restricts the analysis. Additionally, while significant correlations
were found between climatic variables and fire metrics, these do not establish causation.
Future research should address these limitations by incorporating a broader range of
variables, utilizing advanced modeling techniques, and including longer temporal and
wider geographic scopes.

5. Conclusions

This study provides valuable insights into the relationship between climate change
and forest fires in the Northern Zagros, Iran. The observed trends in fire frequency, intensity,
and climatic variables underscore the increasing vulnerability of this region to wildfires.
The significant correlations and predictive power of the climatic variables highlight the
need for targeted fire management strategies that account for the changing climate. The
findings emphasize the importance of incorporating climate change considerations into
forest management practices. Strategies such as fuel reduction, early warning systems,
community preparedness, and the promotion of adaptive land use practices are essential.
Enhancing collaboration at the national and international levels will also be important
in sharing knowledge and best practices to mitigate the impact of wildfires. Future re-
search should continue to refine predictive models, incorporating additional factors such
as vegetation type, topography, and human activities to improve our understanding of
fire dynamics. This will enable the development of more effective and sustainable fire
management and climate adaptation strategies in the Northern Zagros forests and similar
regions worldwide.
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Appendix A

Assumptions Validation for Multiple Linear Regression Analysis
1. Normality of Residuals
The normality of residuals was assessed using Normal P-P plots of regression stan-

dardized residuals. For both dependent variables, the burned area and fire frequency, the
results are shown in Figures A1 and A2, respectively. In these plots, the points generally
follow a straight diagonal line, suggesting that the residuals are normally distributed. This
finding supports the assumption of normality, which is essential for the validity of the
regression model.
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2. Homoscedasticity
The assumption of homoscedasticity, which means that the variance of the residuals

is constant across all levels of the predicted values, was evaluated using scatter plots of
residuals. Figures A3 and A4 show the homoscedasticity plots for the burned area and
fire frequency, respectively. The plots reveal a random distribution of residuals around the
horizontal axis without any discernible pattern, indicating that the variance of the errors is
homoscedastic and that this assumption holds true.
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3. Multicollinearity
To detect potential multicollinearity issues, the Variance Inflation Factor (VIF) was

calculated for each independent variable, as presented in Table A1. The VIF values for
all variables are below the commonly accepted threshold of 10, with most values being
significantly lower. This indicates that multicollinearity is not a concern in this model,
allowing for reliable interpretation of the regression coefficients.

Table A1. Results of the multicollinearity test using the variance inflation factor (VIF).

Independent Variables
Dependent Variable

Fire Frequency Burned Area

Minimum Temperature 1.684 1.716
Maximum Temperature 2.378 2.362
Average Temperature 2.967 2.643

Average Relative Humidity 1.119 2.887
Average Precipitation 2.445 2.066

Average Wind Speed-GEE 1.175 1.209
Wind Direction 2.741 1.513

Heat Wave Magnitude 2.112 1.779
Heat Wave Frequency 1.206 1.333

Surface Solar Radiation 2.432 2.512

4. Independence of Errors
The independence of errors was tested using the Durbin–Watson statistic, with the

results provided in Table A2. The Durbin–Watson values were 2.789 for the burned area
and 1.618 for fire frequency. Both values are close to the ideal value of two, suggesting
that there is no significant autocorrelation in the residuals for either dependent variable,
thereby fulfilling the assumption of independent errors.

Table A2. Durbin–Watson statistic for the regression model with dependent variables.

Dependent Variable Durbin-Watson Value

Burned area 2.789
Fire frequency 1.618

These analyses collectively confirm that the assumptions required for performing a
valid Multiple Linear Regression are largely satisfied, ensuring the robustness and reliability
of the regression results.
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