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Abstract 

We analyzed wildfire hazard profiles across the Hyrcanian temperate forests of northern 
Iran (Guilan Province) by simulating a large set of wildfires with FlamMap MTT. We first 
derived geospatial data on terrain, fuel models, weather conditions, and historical wildfire 
occurrence (1992–2022) for the study area. We stratified fire weather conditions and fuel 
moisture based on the bioclimatic classification of the study area, considering observed 
extreme fire weather, as well as observed and random fire ignition locations for the simu-
lations. The wildfire simulations were used to estimate burn probability (BP), conditional 
flame length (CFL), fire size (FS), and crown fire probability (CFP). BP ranged from 0 to 
5.0 × 10−2, with mean values of 1.3 × 10−3 and 1.1 × 10−3 for observed and random scenarios, 
respectively. The mean value of CFL from random ignition simulations (0.78 m) was sub-
stantially higher than that obtained in the observed ignition simulations (0.54 m), ranging 
from 0 to 6.75 m. We evidenced significant differences between observed and random 
ignition simulations for all wildfire hazard metrics. The highest wildfire hazard profiles 
were observed in the Cold-Mountainous bioclimatic zone under the random ignition sim-
ulations. On average, the annual number of anthropic structures threatened by wildfires 
ranged from 97 (observed scenario) to 123 (random scenario). This research provides de-
tailed and spatially explicit fire hazard and exposure maps to inform fire modeling, land 
management, and policy actions. 

Keywords: burn probability; wildfire spread; wildfire hazard; ignition patterns; WUI; fire 
management 
 

1. Introduction 
Wildfires represent one of the main natural disturbances affecting forest and rural 

ecosystems around the globe. The multiple roles of wildfires largely vary across time and 
space, as they can regulate ecosystem processes, shape the pathways of ecological com-
position, structure, and function, and affect the interactions between environmental and 
human systems [1,2]. Wildfires occur when three conditions are met: a source of ignition, 
available fuels, and weather conditions that favor fire spread [3]. After the ignition, prop-
agation and behavior of wildfires are affected by numerous complex interactions among 
weather, fuel properties and conditions, and topography [4,5]. Within these factors, 
weather conditions are the most fluctuating element and can affect short-term wildfire 
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behavior and likelihood [6,7]. The links between weather elements and fire spread and 
behavior have been extensively researched [8,9]. Understanding fire–weather relations is 
of crucial importance for forest and wildfire risk management, especially considering cur-
rent and future climate changes and the rise in extreme wildfire occurrences [10,11]. Wildfires 
are also highly dependent on spatial ignition patterns, which influence, for instance, burn 
probability, landscape proneness, and the exposure of values to fires [12,13]. A number of 
studies investigated the impact of ignition patterns on wildfire spread and behavior across 
different regions and indicated that the ignition density and probability layers can signifi-
cantly impact the spatial forecasts of wildfire spread and behavior simulations [14–18]. 

Wildfire spread modeling studies have analyzed, at numerous spatial scales and for 
different ecosystems and fuel types, how past, current, and future conditions influence 
wildfire hazard [19–22]. Nowadays, there are several models and simulators available that 
focus on wildfire behavior [23–27]. Recent developments in assessing wildfire hazard 
have been achieved through the application of fire spread models [28–31], including the 
minimum travel time (MTT) algorithm-based models [32], which is an efficient fire simu-
lation algorithm capable of modeling thousands of fires over extensive regions [22,33]. 
The MTT algorithm is also integrated into the FlamMap modeling system [26], which is 
utilized to forecast and assess the spatial variability of wildfire behavior while maintain-
ing uniform environmental conditions throughout a landscape or to investigate how fire 
weather scenarios impact wildfire behavior [34–36]. 

The MTT algorithm was also implemented through some case studies in temperate 
forests to quantify landscape-level hazard components of wildfire risk [37,38], climate 
change influences on wildfire hazards [39,40], and the effects of fuel treatments on fire 
hazard [41–43]. Although wildfires play critical roles in shaping temperate forest ecosys-
tems, and their activity is expected to rise around the globe in response to climate change, 
fire hazard quantification and mapping in temperate regions have been relatively limited 
to a few studies. Moreover, primary data and information to enable comprehensive anal-
ysis in temperate forests are neither well known nor systematically collected [44,45], in 
some cases due to the lack of resources for the agencies responsible for forest manage-
ment. Meanwhile, these forests serve as critical habitats for biodiversity and are crucial 
for delivering numerous ecosystem services [46]. 

To assess wildfire hazard in the temperate Hyrcanian forests of northern Iran, we 
simulated thousands of wildfire events across the landscape and bioclimatic zones under 
extreme fire weather and fuel moisture conditions. We examined the influence of ob-
served versus random ignition locations on fire patterns, mapped the wildland–anthropic 
interface (WAI), and quantified wildfire exposure in these areas. This approach provides 
a tool for identifying key fire risk sources and informing mitigation strategies, offering 
insights applicable to landscape-level fire management in temperate forests. 

2. Materials and Methods 
2.1. Study Area 

The Province of Guilan, situated in northern Iran and lying south of the Caspian Sea, 
constitutes around 1% of Iran’s total land area (14,044 km2, Figure 1a). The terrain eleva-
tion ranges from −74 m to 3680 m a.s.l. (Figure 1b). The temperate climate of the Province 
is influenced by the height and direction of Alborz and Talesh mountains, the proximity 
to the Caspian Sea, the movement of northern and western air masses, local winds (e.g., 
Garmij (Foehn winds)), and dense forest cover. The area has high atmospheric relative 
humidity due to its location near the Caspian Sea. The average annual temperature is ap-
proximately 16.5 °C and ranges from 15 °C in the south to 18 °C in the center. The annual 
rainfall in the study area is 1100 mm on average, with minimum values (240 mm) in the 
south and peaks of 1430 mm in the center. Based on differences in climate and topography 
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features, the Province of Guilan was divided into the following four bio-climatic zones: 
Humid-Temperate (HT), Cold-Semi-Humid (CSH), Cold-Mountainous (CM), and Semi-
Humid (SH) [47] (Figure 1c; Table 1). 

 

Figure 1. Map of study area, Guilan Province (14,044 km2), in northern Iran: (a) elevation map (m 
a.s.l.) (b) and 16 municipalities with weather station locations (c). 

Table 1. Overview of the main characteristics of the bioclimatic zones of the study area. 

Bioclimatic Zone 
HT 

(Humid-Temperate) 
CSH 

(Cold-Semi-Humid) 
CM 

(Cold-Mountainous) 
SH 

(Semi-Humid) 
Total 

Municipalities 
Bandar Anzali, 

Somesara, Rasht, 
Shaft, Fooman 

Masal, Rezvanshahr, 
Talesh, Astara 

Rudbar 
Astaneh Ashrafieh, Lahijan, 

Roodsar, Langrood, 
Amlash, Siahkal 

- 

Size (ha) 363,710 375,567 243,662 421,461 1,404,400 
Inhabitants (2016) 1,367,597 414,420 94,720 653,959 2,530,696 

Population density (people 
per km2) 270 172 50 225 180 

Anthropic structures count 7454 2693 788 12,626 23,561 
Elevation 
(m a.s.l.) 

−74 to 3039 −43 to 3198 41 to 2745 −41 to 3680 −74 to 3680 

Mean annual precipitation 
(mm) 

1430 1300 240 1250 1100 

Mean annual temperature (°C) 17.8 15.9 15.7 16.3 16.5 

Main LULC types (>10% zonal 
area) 

Orchard-irrigation 
farming (49%) and 
Dense broadleaved 

forests (19%) 

Dense broadleaved 
forests (47%), Dense 

rangeland (13%), and 
Orchard-irrigation 

farming (12%) 

Dense broadleaved forests 
(29%), Medium density 
rangeland (21%), Dense 

rangeland (11%), and Dry 
farming (10%) 

Orchard-irrigation farming 
(31%) and Dense 

broadleaved forests (27%) 

Dense 
broadleaved 
forests (31%) 
and Orchard-

irrigation 
farming (26%) 

Inhabitant data refer to Iran’s Population and Housing Census [48]. Anthropic structures were 
derived from the buildings shapefiles available on Open Street Map [49]. Weather data were derived 
from the weather stations (Figure 1; 1992–2022). Main LULC types were derived from Figure 2. 

On average, from 1992 to 2022, the study area experienced 70 wildfires per year. The 
overall burned area across the study area was about 25,600 ha, and the mean annual 
burned area was about 790 ha (Table 2). The SH zone experienced approximately 33% of 
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the total fire ignitions, followed by the CSH (26%), HT (24%), and CM (17%) zones. For 
each zone, we obtained the ratio of burned area to fire number as a proxy to infer the 
flammability of the landscape over time [50]. The highest burned area/fire number ratio 
was observed in the CM zone (12.7), followed by the HT zone (12); the ratio for the whole 
study area was 11.3. For comprehensive information about the wildfire regime and 
activity in the study area, refer to Appendix A.1.1. 

Table 2. Wildfire regime characteristics (1992–2022) across the four bioclimatic zones of the study 
area. Values in parenthesis show the incidence of each bioclimatic zone (in percentage) in terms of 
total fire number and burned area. 

Bioclimatic Zone HT CSH CM SH Total 

Total fire number (#) 
533 

(23.7%) 
589 

(26.2%) 
374 

(16.6%) 
753 

(33.5%) 
2249 

Total burned area (ha) 
6409.6 
(25.1%) 

6131 
(23.9%) 

4732.3 
(18.5%) 

8291.3 
(32.4%) 

25,564.3 

Burned area/fire number ratio 12.02 10.40 12.70 11.01 11.36 
Annual fire number (# yr−1)      

Mean 17 18 12 24 70 
Minimum 1 0 0 0 2 
Maximum 54 75 77 100 287 

Annual burned area (ha yr−1)      
Mean 202.74 190.94 151.53 262.77 788.03 

Minimum 7.69 0.00 0.00 0.00 17.58 
Maximum 586.65 616.02 745.16 957.16 2427.55 

 

Figure 2. LULC (land use/land cover) types (a) and fuel models (fuel model codes and parameters 
are provided in Table 3) (b) of the study area. White lines separate the four bioclimatic zones in the 
study area. 
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2.2. Input Data for Modeling 

We gathered a set of geospatial data, such as topographic and Land Use and Land 
Cover (LULC) data, to be used for FlamMap MTT [24]. Topographic data were derived 
from 30 m SRTM DEM [51]. Aspect and slope maps were created from the DEM (using 
the Spatial Analyst Extension in ArcMap 10.8, ESRI). 

A total of 19 LULC types were first derived from satellite images (Landsat-8 OLI/TIRS 
L1TP for October 2021) and discriminated following the method described in Appendix 
A.1.2. After producing the LULC map, we developed the surface fuel model map (Figure 
2b) by assigning either a custom fuel model [43,52] or one of the standard fuel models 
[53,54] to each LULC class in the study area. The corresponding surface fuel values and 
standard model assignments are listed in Table 3, which includes the 40 Fire Behavior Fuel 
Models (FBFM40) [53] and the 13 Fire Behavior Fuel Models (FBFM13) [54]. For custom 
fuel models, field data for each fuel parameter—surface fuel model, crown base height 
(m), and canopy height (m)—were collected following established protocols [43]. 

Additionally, the 2021 canopy cover (%) map was derived from Landsat-8 imagery 
through the application of the Forest Canopy Density (FCD) model in ENVI, a well-
established approach that integrates vegetation indices and biophysical parameters to 
estimate canopy closure with improved accuracy over heterogeneous forest conditions. 

Table 3. Characteristics of the surface fuel models and the standard fuel model adopted (FBFM40 
[53]; FBFM13 [54]), used for fire simulations within FlamMap MTT. 

Fuel 
Type 

Fuel 
Model 
Code 

LULC Classes 
Standard Fuel 

Model 
Dead Fuel Load  

(t ha−1) 
Live Fuel Load 

(t ha−1) Fuel Bed 
Depth (cm) 

Fuel Moisture Values  

FBFM40 FBFM13 1-h 10-h 100-h LiveH LiveW 1-h 10-h 100-h LiveH LiveW 
Grass              

 FM3 Marshes & Reed beds GR3 3 2.5 0 0 0 0 10 5 7 9 100 70 
 GR3 Dry farming GR3 3 2.4 0 0 0 0 30 5 7 9 100 70 
 GR5 Scarce & low rangeland GR5 3 1 0 0 0 0 10 4 6 8 100 100 

 GR6 
Medium density 

rangeland 
GR6 3 1.2 0 0 0 0 10 5 6 8 100 100 

 GR9 Dense rangeland GR9 3 1.6 0 0 0 0 10 5 6 8 80 60 
Grass-Shrubs              

 GS3 
Moderate load grass-

shrubs  
GS3 1 0.7 0.2 0.1 0.2 0.1 10 5 7 9 80 60 

 GS4 High load grass-shrubs  GS4 2 0.9 0.3 0.1 0.3 0.1 10 5 7 9 80 60 
Shrubs             
 SH3 Shrublands SH3 7 2 1 0.1 0.9 1.1 40 5 7 9 80 60 
 SH4 Woodland SH4 7 2 1.6 0.4 0.7 0.3 20 5 7 9 80 60 

Timber litter            

 TL4 
Broadleaved plantation 

forest 
TL4 8 3.6 3.6 0.1 2.1 0.9 20 5 7 10 90 100 

 TL9 Dense broadleaved forest TL9 9 2.3 1.2 0.5 0.4 0.6 30 6 8 10 100 100 
Timber understory              

 TU1 Conifer plantation forest TU1 10 4.1 2 1.1 2.7 1.3 60 5 7 9 90 100 
 TU2 Sparse broadleaved forest TU2 10 2.2 1.1 0 0.1 0 10 6 8 10 70 100 

 TU3 
Semi-dense broadleaved 

forest 
TU3 10 3.5 2.1 0.2 0.4 0.6 30 6 8 10 70 100 

Although the DTM, land-cover, and canopy cover maps were originally derived at 
30 m resolution, all layers were resampled to 100 m to ensure consistency with field-based 
fuel parameters and to maintain computational stability during FlamMap simulations. 
Accordingly, a landscape raster layer (LCP file) with 100 m resolution was then prepared 
as input for FlamMap, incorporating topography along with surface and canopy fuel 
characteristics (Figure A3 in Appendix A). This landscape file was kept constant across all 
simulation scenarios. 
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2.3. Fire Weather Conditions 

To run FlamMap MTT, we generated a set of wind and fuel moisture files. We 
analyzed weather data for the most relevant months (December–February and June–
August) of the wildfire season, considering gridded data and station observations for 
1992–2022. We used daily weather records from local weather stations (Figure 1). The 
“meteoland 2.2.6.” software package was used in R [55] and offers a variety of tools for 
estimating daily weather conditions, both current and future. This package provides 
functionalities for (1) daily weather interpolation that considers topographic effects, and 
(2) bias correction for specific weather series (such as climate model outputs). 
Meteorological data spanning 31 years were interpolated at a spatial resolution of 1 km to 
match the spatial representativeness of meteorological observations and avoid 
introducing unsupported fine-scale variability. In contrast, terrain and fuel layers were 
maintained at 100 m resolution to capture landscape heterogeneity relevant to fire spread. 
Given the steady-state assumptions of FlamMap MTT, this resolution mismatch is not 
expected to significantly affect landscape-scale hazard patterns, although it may smooth 
fine-scale variability in fire behavior. 

Additionally, fuel moisture was determined using the Nelson Dead Fuel Moisture 
Model [56] alongside the National Fire Danger Rating System (NFDRS) [57], with 
moisture values calculated for the three time-lag size classes of 1-h (0–0.63 cm), 10-h (0.63–
2.54 cm), and 100-h (2.54–7.62 cm). Weather and fuel moisture parameters were calculated 
for all bioclimatic zones under extreme fire weather conditions (Table 4), which refer to 
the 97th percentile of historical NFDRS values. In other words, we replicated fire weather 
conditions linked to large wildfire incidents, which represented less than 10% of fire 
ignitions but accounted for over 70% of the total burned area during the study period. 
Additionally, prevailing wind conditions were specified in terms of speed and direction 
for each simulation scenario (Table 4; Figure A4 in Appendix A). 

Table 4. Weather data used for wildfire simulations in different bioclimatic zones under extreme 
fire weather conditions. 

Bioclimatic Zone HT CSH CM SH 

Fuel moisture 
1-h 7 6 6 6 
10-h 8 7 7 7 

100-h 9 8 8 8 
Wind speed (m s−1) 6 6 18 7 

Wind direction W (270°) SW (225°) W (270°) W (270°) 

2.4. Wildfire Simulations 

We used the MTT algorithm embedded in FlamMap to quantify and map wildfire 
hazard in the study area, with hazard defined as the likelihood and potential intensity of 
fire occurrence, as distinct from wildfire risk, which also includes exposure and 
vulnerability of assets. FlamMap models the interactions among fuels, weather, 
topography, and spatial patterns of ignition, and simulates fire behavior. The calibration 
of FlamMap was already done in the study area and presented in previous works [58,59]. 
These studies showed that the fires modeled corresponded well to observed fire 
behaviors, especially for herbaceous fuel types. Furthermore, the standard fuel models 
developed by Scott and Burgan [53] yielded more accurate simulated fires than those of 
Anderson [54]. 

FlamMap MTT was implemented using previously calibrated fuel models for the 
study area, combined with topographic and canopy inputs. Simulations were performed 
under extreme fire weather conditions, using 10,000 ignition points and a fixed burn 
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duration of 6 h, assuming steady-state environmental conditions. This fixed fire duration 
reflects a standardized active burning period commonly observed for large fire events in 
the study area. Although fire duration can affect absolute fire size, the study aims to assess 
relative spatial hazard patterns under consistent assumptions. No sensitivity analysis of 
burn duration was conducted, and this is acknowledged as a limitation. 

To assess the influence of spatial ignition patterns on fire predictions, empirical 
ignition data were used to generate an ignition probability grid, which was compared 
with a random ignition scenario. Two ignition scenarios were therefore developed to 
evaluate differences between historical and randomly assigned ignitions and their effects 
on wildfire hazard patterns, as well as to identify areas where human activities or natural 
sources may dominate ignition occurrence [14]. Based on historical ignition records across 
the study area, an observed (OBS) annual ignition density grid was derived following the 
method described in Appendix A.1.1. In parallel, a random (RND) ignition grid was 
generated by uniformly distributing ignition points across all burnable cells without 
weighting by landscape factors such as fuel type or elevation. This RND scenario 
represents an unbiased spatial distribution of ignitions and serves as a baseline for 
comparison with the observed ignition pattern. 

For both OBS and RND ignition grids, we simulated 10,000 wildfire events and 
maintained a constant burning duration of 6 h, which corresponds to the usual duration 
of substantial fire sizes observed in the study area. In this context, FlamMap MTT 
simulations work under steady-state assumptions (meaning environmental conditions 
stay the same for each event during the simulation) and cannot account for the dynamic 
changes in wildfire behavior and spread that may result from fluctuations in weather and 
fuel moisture. 

Under extreme weather conditions (Table 3), for the OBS and RND scenarios, we 
estimated a set of wildfire hazard metrics, including burn probability (BP), conditional 
flame length (CFL, m), fire size (FS, ha), and crown fire probability (CFP). All wildfire 
simulations were performed at 100 m resolution while considering steady weather and 
fuel moisture conditions for each simulated event. Fire suppression activities affecting fire 
duration and size were not considered. 

2.5. Wildland–Anthropic Interface (WAI) Mapping 

The wildland–anthropic interface (WAI) is a term commonly used in areas that 
experience wildfires. In this study, the term WAI is used instead of the more commonly 
used Wildland–Urban Interface (WUI) to better reflect the rural context of the study area. 
WAI refers to areas where wildland vegetation interacts with human presence, including 
dispersed settlements and agricultural lands, and therefore extends beyond strictly urban 
environments. 

The increasing risk of WAI fires due to housing growth in recent decades emphasizes 
the necessity of creating methodologies for mapping and characterizing WAI [60]. While 
WAI areas have been mapped globally [61], across the United States [62,63], regions of 
Europe [64], and other areas such as South Africa [65] and Argentina [66], Iran does not 
have a WAI map to date. In this study, using the generated LULC types, wildland and 
urban lands were extracted to characterize the WAI in the northern region of Iran. WAI 
areas were defined as zones in which anthropic structures, including isolated buildings, 
industrial and commercial structures, are located in or near wildland vegetation. 
Anthropic structures were obtained from OpenStreetMap (OSM) building shapefiles [49]. 
These structures were reclassified according to individual housing location, structure 
density, vegetation cover, and percent area coverage, determining the main LULC types 
(non-vegetated areas, rural, forest, and water bodies). Furthermore, the most intense 
wildfires were identified by determining a 2 km buffer from dense and contiguous forest 
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areas (>5 km2). These layers were combined to derive the 100 m WAI raster map, which 
was divided into four groups: (1) anthropic; (2) wildland–anthropic (WA); (3) dispersed 
anthropic (DA); and (4) non-anthropic [67,68]. Finally, the total area (ha) and percentage 
of the WAI classes were calculated relative to the total study area. In addition, the number 
of structures and wildfire-threatened structures (y−1) for the WAI classes were extracted. 

2.6. Wildfire Hazard Analysis 

An analysis of wildfire hazard was conducted to evaluate various wildfire 
simulations performed using different spatial reference layers. Initially, the analysis was 
performed at the landscape scale, using the wildfire simulation results generated for the 
entire study area to summarize the fire hazard potential for both OBS and RND 
simulations. The focus then shifted to analyzing the four bioclimatic zones and the five 
primary fuel types present in the study area. To achieve this, we intersected the simulation 
results with the reference layers and computed the mean values of BP, CFL, FS, and CFP. 
Finally, we identified the structures that were most at risk from wildfires within the study 
area. As detailed in Section 2.5, we created a WAI map using building shapefiles from 
OSM [49], and we intersected the centroids and polygons of buildings with the wildfire 
simulation outputs. This approach enabled the identification of structures most at risk 
from wildfire based on their exposure to areas with high burn probability. Exposure was 
defined using a threshold of BP > 0.01, representing locations with a non-negligible 
likelihood of burning under the modeled conditions and consistent with thresholds 
applied in previous studies [28,67]. Burn probability was selected as it directly reflects 
ignition likelihood; however, alternative metrics such as conditional flame length (e.g., 
CFL > 2.4 m) could also be applied [69]. The selected threshold influences the spatial extent 
of exposure and should therefore be interpreted as scenario-dependent. In this study, CFL 
is used as the primary metric of fire behavior, serving as a proxy for fire intensity, which 
physically represents the rate of energy release, while flame length provides an 
operational, model-derived indicator of fire behavior severity. 

Differences in wildfire hazard values between the OBS and RND scenarios were 
calculated for each output variable, and statistical comparisons were performed using the 
nonparametric Wilcoxon signed-rank test. The analysis was conducted at the grid-cell 
level using paired hazard metric values, with each raster cell treated as a sampling unit. 
This approach was selected due to the paired structure of the data and the non-normal 
distribution of variables, which persisted even after log transformation. Although spatial 
autocorrelation in raster data may violate the independence assumption of the test, the 
analysis is intended to assess overall distributional differences between scenarios rather 
than independent samples. This limitation is acknowledged, and results are interpreted 
in the context of spatially structured data. 

3. Results 
3.1. Wildfire Hazard at the Landscape Level 

The analysis showed significant differences in all simulation outputs based on the 
OBS and RND ignition point densities under extreme fire weather conditions. For 
example, the spatial differences in BP values between OBS and RND simulations 
throughout the study area are presented in Figure 3. Specifically, RND BP values were 
higher than OBS BP (positive values in Figure 3) in about 18% of burnable fuels, especially 
in dense broadleaved forests and dense rangelands in the southern regions, which are 
characterized by low historical fire ignition likelihood. On the contrary, RND BP values 
were lower than OBS BP, primarily located in the central part of the study area (negative 
values in Figure 3). In about 61% of burnable fuels, the differences in BP between RND 
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and OBS ignition patterns were limited. We applied the Wilcoxon signed-rank test to 
assess whether there were significant variations in BP values between the OBS and RND 
scenarios. The results indicated that the differences between the two simulations were 
statistically significant (p-value < 0.001). 

Across the study area, focusing on BP simulations (Figure 4a,b), the OBS scenario 
highlighted a mean BP close to 1.3 × 10−3; most of the study area (~60%) exhibits relatively 
low BP values (<2 × 10−4; Table 5). Under the RND scenario, the average BP (1.1 × 10−3) was 
lower compared to the OBS scenario, and about 38% of the study area exhibited low BP 
values (<2 × 10−4). The highest BP values (>0.01) were recorded in fewer than 4% of the 
study area for both OBS and RND simulations, primarily situated in the central–southern 
zone of the region. 

 

Figure 3. Difference in BP values obtained from simulations with random (RND) and observed 
(OBS) fire ignitions. White lines separate the four bioclimatic zones in the study area. 

The average CFL values were 0.54 m and 0.78 m for the OBS and RND scenarios, 
respectively (Table 5). Under the OBS scenario (Figure 4c), low CFL (<1.2 m) and moderate 
CFL (1.2–2.4 m) values were observed in almost 77% and 19.5% of the study area, 
respectively. High CFL (>2.4 m) values, a reference threshold typically used to assess 
challenges in fire suppression [69], covered approximately 3.5% of the study area. Under 
the RND scenario (Figure 4d), low CFL values covered 68% of the study area. About 27.5% 
and 4.4% of the study area presented moderate and high CFLs, respectively, associated 
with high BPs (>0.01). High burn severity potential is primarily concentrated in the south-
central part of the region. In contrast, low flame length values dominate the rest of the 
region. 

The spatial analysis of FS indicates that large portions of the study area (34%) have a 
relatively low potential for originating large fires (<250 ha; Figure 4e,f) for both OBS and 
RND scenarios. The highest FS values (>1000 ha) were recorded in almost 42% of the 
region, primarily focused in the south-central pixels. The average FS values were 917 ha 
and 960 ha for the OBS and RND simulations, respectively (Table 5). 
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Guilan has historically been very little affected by crown fires. This was confirmed 
by our simulations, which evidenced a low mean CFP (0.094) for the OBS scenario (Table 
5). In more detail, the highest CFP values (>0.1) were focused in small areas (16%) of the 
southern portions of Guilan (Figure 4g). Under the RND scenario, the study area 
presented a slightly higher mean CFP (0.103) than in the OBS simulations, and about 17% 
of the study area had CFP > 0.1 (Figure 4h). 

 

Figure 4. Burn probability (BP (a,b)), conditional flame length (CFL (m); (c,d)), fire size (FS (ha) (e,f)), 
and crown fire probability (CFP (g,h)) for OBS (observed (a,c,e,g)) and RND (random (b,d,f,h)) fire 
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ignition location simulations, under extreme fire weather conditions. White lines separate the four 
bioclimatic zones in the study area. 

Table 5. Simulated values (mean ± standard deviation (STD)) of wildfire hazard metrics for 
observed (OBS) and random (RND) ignition scenarios under extreme fire weather, across the four 
bioclimatic zones and the entire study area. Different superscript letters (a, b) within each column 
indicate statistically significant differences between OBS and RND simulations (p-value < 0.05). 

Wildfire  
Hazard 

Fire  
Ignition Scenario 

Bioclimatic Zone 
Total 

HT CSH CM SH 

Burn  
Probability (BP) 

OBS 
7.2 × 10−4 ±  
2.4 × 10−3 a 

9.9 × 10−4 ±  
2.2 × 10−3 a 

3.4 × 10−3 ±  
6.9 × 10−3 a 

9.2 × 10−4 ±  
2.4 × 10−3 a 

1.3 × 10−3 ±  
3.7 × 10−3 a 

RND 
5.0 × 10−4 ±  
8.6 × 10−4 b 

1.2 × 10−3 ±  
9.9 × 10−4 b 

3.1 × 10−3 ±  
3.6 × 10−3 b 

8.6 × 10−4 ±  
1.0 × 10−3 b 

1.2 × 10−3 ± 1.9 × 
10−3 b 

Conditional Flame 
Length (CFL, m) 

OBS 0.25 ± 0.55 ᵃ 0.56 ± 0.72 ᵃ 0.93 ± 1.06 ᵃ 0.53 ± 0.81 ᵃ 0.54 ± 0.81 ᵃ 
RND 0.42 ± 0.67 ᵇ 0.93 ± 0.69 ᵇ 1.19 ± 1.00 ᵇ 0.72 ± 0.82 ᵇ 0.78 ± 0.83 ᵇ 

Fire Size  
(FS, ha) 

OBS 411.18 ± 586.60 ᵃ 1046.46 ± 565.93 ᵃ 1632.10 ± 1702.13 ᵃ 827.89 ± 809.48 ᵃ 917.28 ± 1017.39 ᵃ 
RND 421.94 ± 586.26 ᵇ 1067.72 ± 572.74 ᵇ 1770.61 ± 1836.64 ᵇ 862.73 ± 840.75 ᵇ 961.13 ± 1081.29 ᵇ 

Crown Fire 
Probability (CFP) 

OBS 0.035 ± 0.174 ᵃ 0.032 ± 0.165 ᵃ 0.234 ± 0.340 ᵃ 0.075 ± 0.232 ᵃ 0.096 ± 0.254 ᵃ 
RND 0.042 ± 0.179 ᵇ 0.032 ± 0.161 a 0.257 ± 0.347 ᵇ 0.080 ± 0.224 ᵇ 0.097 ± 0.250 a 

3.2. Wildfire Hazard at the Bioclimatic Zones Level 

The highest mean BP values (3.4 × 10−3 and 3.1 × 10−3 under the OBS and RND 
scenarios, respectively) were observed in the Cold-Mountainous (CM) zone. In this area, 
peaks in BP were concentrated in the Rudbar municipality, bordering the municipalities 
of Rasht and Siahkal (Figure 1c), with values between 0.01 and 0.05 (Figure 4a). Lower 
mean BP values were observed in the Humid-Temperate (HT), Semi-Humid (SH), and 
Cold-Semi-Humid (CSH) zones, with values ranging from 5 × 10−4 to 1.2 × 10−3 (Table 5) 
for both fire ignition location simulations. 

The RND scenario exhibited the highest mean CFL values compared to the OBS 
scenario across all bioclimatic zones (Table 5). For instance, in the CM zone, the average 
CFL increased from 0.93 m (OBS scenario) to about 1.2 m (RND scenario), and the mean 
CFL exceeded the critical value of 2.4 m in the Rudbar municipality due to high fuel loads 
and complex topography. 

The CM bioclimatic zone had notably higher mean FS values (>1500 ha) under both 
scenarios tested. Regarding the other bioclimatic zones, under the OBS scenario, the mean 
FS values of 411, 1046, and 828 ha correspond to the HT, CSH, and SH zones, respectively 
(Table 5). 

The CM bioclimatic zone also showed the highest mean CFP (0.234 and 0.257 for OBS 
and RND simulations, respectively), significantly higher than the mean values presented 
by the other zones. Under the OBS scenario, CFP mean values of the HT, CSH, and SH 
zones were 0.035, 0.032, and 0.075, respectively. Under the RND scenario, mean CFP 
values were comparatively higher than those obtained with OBS simulations for all 
bioclimatic zones (Table 5). 

Boxplots depicting the spread of the descriptive fire hazard outcomes (BP, CFL, FS, 
and CFP) across the bioclimatic zones demonstrate significant variability (Figure 5). 
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Figure 5. Box plot of burn probability (BP; (a,b)), conditional flame length (CFL (m); (c,d)), fire size 
(FS (ha); (e,f)), and crown fire probability (CFP; (g,h)) distribution in different bioclimatic zones for 
OBS (observed; (a,c,e,g)) and RND (random; (b,d,f,h)) fire ignition location simulations under 
extreme fire weather conditions. The dotted line is the median value. Outliers (values beyond 1.5 × 
the interquartile range (IQR) from Q1 or Q3) are shown as distinct symbols, with different marker 
shapes (e.g., stars, diamonds, circles) indicating datasets or categories (e.g., OBS vs. RND). 

3.3. Wildfire Hazard Among Fuel Types 

Five main fuel types have been identified (Table 3), and the proportion of burned 
areas for each fuel type under the two fire ignition scenarios is presented in Table A1 of 
Appendix B. Timber litter accounted for the highest mean annual burned area (385.6 ha 
yr−1 and 461.6 ha yr−1 for the OBS and RND fire ignition simulations, respectively). For 
both OBS and RND scenarios, the simulations revealed that most wildfires affected timber 
litter fuels (about 47.5%), followed by timber understory (about 32.5%). Grass, grass-
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shrubs, and shrubs received about 12.2%, 2.5%, and 5.2% of all fires, respectively. The 
burned area resulting from ignitions on each main fuel type was not proportional to the 
overall area occupied by each fuel type (i.e., timber understory: 9.7% of land cover vs. 
32.5% of total area burned; grass: 20.3% of land cover vs. 12.2% of total area burned) (Table 
A1). 

Figure 6 presents scatterplots comparing average BP with average CFL (m) for the 
main fuel types in the region across the two simulated scenarios. The differences among 
and within fuel types in spatial pattern and magnitude, depending on the reference 
scenarios, are considerable. Fire hazard values were limited in grass (0.31 m CFL and BP 
6 × 10−4), especially in the OBS scenario. We observed the highest average values of CFL 
(1.5 m) and BP (2.2 × 10−3) for timber litter (the most “flammable fuel”), and CFL (0.96 m) 
and BP (1.9 × 10−3) for timber understory (the second in terms of “flammability”), under 
the RND scenario. Fires in shrubs (0.81 m CFL and BP 1.5 × 10−3) and grass-shrubs (0.9 m 
CFL and BP 1.3 × 10−3) showed moderate fire hazard values under the RND scenario. 

 

Figure 6. Scatterplots of average burn probability (BP) and average conditional flame length (CFL, 
m) for the main fuel types in the study area, for OBS (observed; plain fill, no line) and RND (random; 
plain line, no fill) ignition scenarios. Bubble size represents the average fire size (FS, ha). 

3.4. Wildfire Exposure at Wildland Anthropic Interface (WAI) Level 

The WAI map for the whole study area is presented in Figure 7. The predominant 
WAI type is dispersed anthropic (DA, 53.2%), consisting of non-vegetated areas (26%), 
forest areas (16.7%), and rural areas (10.5%). Regarding the anthropic area, 6.6% of Guilan 
is covered by this class. The total area of wildland–anthropic zones (WA) is about 152,000 
ha, which corresponds to 10.8% of the land area. Of this area, about 85,000 ha are classified 
as WA-Interface (6% of the study area), and about 67,000 ha are classified as WA-intermix 
(4.8% of the study area). Finally, non-anthropic areas occupy 29.3% of the region (Table 
A2). 
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Figure 7. Wildland–anthropic interface (WAI) map of the Guilan Province. White lines separate the 
four bioclimatic zones in the study. 

We analyzed the number of WAI structures exposed to wildfires considering high 
burn probabilities (>0.01) for the OBS (observed) and RND (random) fire ignition 
simulations (Table 6). In WAI areas, the number of structures threatened by simulated 
wildfires for the bioclimatic zones and the whole study area is shown in Table 5. The total 
exposure in the region is 97 and 123 threatened structures (0.41% and 0.52% of the total 
number of structures) for the OBS and RND fire ignition locations, respectively. 

The WAI types that showed the highest number of structures threatened by wildfires 
were the dispersed anthropic class (DA; 41% and 38%) and the wildland–anthropic class 
(WA; 36% and 40%) for the RND and OBS fire scenarios, respectively. Under the RND 
scenario, the DA class comprised approximately 41% of the overall fire exposure of 
structures, mostly in rural areas (22%), followed by non-vegetated areas (16%) and forest 
areas (3%). About 36% of the structures exposed to wildfires were in the wildland–
anthropic class (WA), including WA-Interface (10%) and WA-Intermix (26%). The 
remaining threatened structures (23%) were concentrated in anthropic areas. Under the 
OBS scenario, the proportions of threatened structures were 38%, 40%, and 22% for DA, 
WA, and anthropic areas, respectively. 

Regarding the bioclimatic zones, the most exposed zone (52 threatened structures) 
was the Semi-Humid (SH) zone under the RND scenario. Under the OBS scenario, the 
number of structures threatened by wildfires ranged from 17 in the Cold-Semi-Humid 
(CSH) zone to 40 in the SH zone. 
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Table 6. Wildland–anthropic interface (WAI) structures threatened by wildfires for OBS (observed) 
and RND (random) ignition scenarios. Threatened structures were calculated in areas with burn 
probability (BP) > 0.01. Data are reported for WAI classes and bioclimatic zones. 

WAI Type Ignition 
Scenario 

Bioclimatic Zones 
HT CSH CM SH Total 

Threatened Structures 
(count) (%) (count) (%) (count) (%) (count) (%) (count) (%) 

Anthropic 
Medium & 

High Anthr. 
Presence 

OBS 5 0.74 7 1.46 4 1.61 9 0.22 25 0.46 

RND 5 0.74 8 1.66 5 2.01 10 0.25 28 0.52 

Wildland–Anthropic (WA) 

WA Interface 
OBS 1 1.04 4 4.30 1 5.56 4 10.26 10 4.07 
RND 1 1.04 3 3.23 2 11.11 6 15.38 12 4.88 

WA Intermix 
OBS 4 2.27 5 0.41 4 1.34 16 0.35 29 0.47 
RND 4 2.27 6 0.49 5 1.67 17 0.38 32 0.52 

Dispersed Anthropic (DA) 
DA in Forest 

Areas 
OBS 0 0.00 0 0.00 2 7.41 0 0.00 2 4.26 
RND 0 0.00 0 0.00 3 11.11 1 14.29 4 8.51 

DA in Rural 
Areas 

OBS 2 3.92 0 0.00 8 6.35 10 0.85 20 1.46 
RND 3 5.88 2 33.33 9 7.14 13 1.10 27 1.98 

DA in Non-
Vegetated 

Areas 

OBS 6 0.09 1 0.11 3 4.35 5 0.17 15 0.15 

RND 8 0.12 4 0.45 3 4.35 5 0.17 20 0.19 

Total WAI 

Total WAI 
OBS 18 0.24 17 0.63 22 2.79 40 0.32 97 0.41 
RND 21 0.28 23 0.85 27 3.43 52 0.41 123 0.52 

4. Discussion 
4.1. Wildfire Hazard 

We analyzed wildfire hazard in the fire-prone Hyrcanian temperate forests of 
northern Iran under observed (OBS) and random (RND) ignition scenarios, considering 
extreme fire weather conditions. Under the OBS scenario, approximately 3.7% of the 
landscape was classified as high burn probability (BP > 0.01), ~23% showed moderate to 
high conditional flame lengths (CFL > 1.2 m), ~41.5% had large fire sizes (FS > 1000 ha), 
and 16% exhibited high crown fire probability (CFP > 0.1) (Figure 4). RND simulations 
produced higher values for CFL, FS, and CFP, though BP remained similar to OBS (Table 
5). The higher wildfire hazard values observed in the RND scenario can be attributed to 
the broader spatial distribution of ignition locations, which allows fires to initiate in areas 
with more favorable combinations of fuel continuity, topographic complexity, and wind 
exposure. In contrast, observed ignitions are more spatially clustered. Differences in BP 
between the OBS and RND scenarios were evaluated using the spatial average across all 
grid cells, though other approaches, such as point sampling, could also be applied [70]. 
The results highlight significant spatial differences between OBS and RND outputs, 
consistent with previous studies [14,17], while emphasizing that ignition effects interact 
with fuels, topography, and weather [71]. Although RND scenarios may introduce spatial 
errors, OBS ignitions better capture interactions among landscape variables for more 
accurate BP estimation [16]. However, with climate change increasing fire likelihood in 
historically unburned areas, relying solely on OBS points may underestimate emerging 
hazards, underscoring the value of incorporating alternative ignition scenarios. 

Our findings indicate that more than 90% of the study area shows an estimated BP 
lower than 0.01 for both OBS and RND scenarios. These low BP values are associated with 
previously burned areas, marshes, and reed beds, which can withstand low-intensity fires, 
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especially when soil moisture is high and there is a low potential for fire ignitions in 
sparsely populated areas. On the contrary, less than 4% of Guilan has the potential to 
produce high BP (>0.01). Three of the 16 municipalities (i.e., Rudbar, Siahkal, and Astara) 
showed a significant density of high BP values. Areas with higher BPs are found close to 
the southern boundary of the region and are associated with elevation, population 
density, and broadleaved forest land cover. Specifically, dense broadleaved forests above 
500 m exhibit higher BP than lowland forests, reflecting the combined influence of ignition 
density, fuel characteristics, and terrain. Steep slopes and continuous, dense fuels promote 
fire spread, while elevation-related patterns indicate that mountainous areas experience 
more intense fire behavior due to stronger wind regimes and terrain-driven effects that 
enhance fire propagation. This result aligns with earlier research highlighting the 
connections between BP and elevation [72,73]. In contrast, Rogeau and Armstrong [74] 
found that an increase in elevation is related to reduced BP in forests. BP values are 
uniform across the mountainous landscapes located in the two distinct sectors of the 
mountain range, i.e., east and west of the region. Furthermore, the southern edge of the 
region is mainly defined by unmanaged forests and lower population density, which are 
subject to higher BP. Similarly, Bountzouklis et al. [75] and Joshi et al. [76] indicated that 
BP increased in sparsely populated areas with continuous forest cover. However, 
Sjöström and Granström [77] observed a beneficial effect of population density on BP. 
Overall, fire characteristics, including BP patterns, can differ significantly and are affected 
by numerous environmental factors in the area. 

Low values of average fire intensities (CFL ≤ 1.2 m) were recorded in about 77% and 
68% of the region for the OBS and RND scenarios, respectively (Figure 4). Most of Guilan 
Province showed moderate values of CFL (1.2–2.4 m) for both ignition scenarios (19.5% 
and 27.5% of the region for the OBS and RND simulations, respectively). The spatial 
distribution of low CFL values was mostly associated with the presence of grass fuels, 
particularly scarce and low rangeland and medium-density rangeland. 

As a result, the predicted CFL map shows a notable distinction between the low fire 
intensities observed in flat areas, especially along the southern coast of the Caspian Sea, 
covered by lowland grassland and sparsely vegetated areas, compared with the mid-
elevation areas of the region. In contrast, less than 5% of the region has high fire intensities 
(CFL > 2.4 m) for both OBS and RND scenarios. CFL values exceeding 2.4 m are primarily 
found in the center and south of Guilan. These high CFL values are located mainly in the 
Rudbar municipality in southern Guilan due to high fuel loads and complex topography 
(Figure 4). As highlighted by Wade [78], CFLs constantly fluctuate with topography and 
fuel variations in the fire environment and changes in weather conditions, particularly 
wind speed and wind direction. Similarly, Valencia et al. [79] found that high burn 
severities mainly involve areas with high fuel loads. 

FS analysis shows that high FS values (>1000 ha) are situated in the municipality of 
Rudbar (Figure 4), which also coincides with the region exhibiting the highest historical 
ignition probability (Figure A1a). These values were linked to complex topographical 
features and substantial fuel loads, particularly in the south-central part of the region. 
Conversely, flat terrains featuring grasslands and sparse vegetation showed lower FS 
values. The regions to the north and west exhibit the lowest average FS values, falling 
below 250 ha. These areas are dominated by built-up and agricultural LULC types, which 
are likely the limiting factors determining fire growth. This finding agrees with results 
reported by Bruni et al. [36] for wildfires in north-western Portugal. 

Correspondingly, the spatial distribution of FS is marked by a preference for 
relatively low values, whereas the southern sector of the region shows the highest FS 
values, forming three extensive patches in dense broadleaved forests at altitudes of 250–
1500 m. These findings are most likely the result of the combined effects of various factors 
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driving high FS values in temperate broadleaved forests within the study area. For 
instance, these forests, during autumn leaf fall and under warm southern winds (the so-
called “Garmij”), are highly vulnerable to wildfire [43]. 

The results indicated that CFP was low despite the extreme fire weather conditions, 
primarily due to lower values of canopy fuel characteristics. The study area mainly 
represents uneven-aged forest stands, where canopy bulk density ranges from 0 to 20 × 
10−2 kg m−3 (mean 8.5 × 10−2 kg m−3) and canopy base height from 0 to 3.6 m (mean 2.4 m). 
This finding substantially aligns with the results of Mitsopoulos and Dimitrakopoulos 
[80], who reported that in uneven-aged stands, the characteristics of the lower canopy 
fuels were reduced, which decreased the likelihood of crown fires. Within the study area, 
fire propagation was generally constrained to surface fuels across the majority of forested 
regions. According to Jahdi et al. [43], the historical fire regime in the Hyrcanian forests of 
Iran is characterized by surface fires; therefore, the vulnerability of different forests to the 
onset and spread of crown fires is minimal. However, under extreme fire weather 
conditions, about 16% (OBS scenario) and 17% (RND scenario) of the study area had high 
CFP values (>0.1), with crown fire–prone areas primarily concentrated in the southern 
regions extending eastward. 

4.2. Wildfire Hazard Among Fuel Types 

Simulations revealed that most fires (80%) during 1992–2022 burned in timber litter 
and timber understory fuel types. The highest burned area among non-timber fuels 
occurred in the grass fuel type (12.2%), especially in the GR3 (dry farming, 6.7%) fuel 
model. Although fires in dry farming areas affect smaller surfaces than those in natural 
landscapes [81], in this agricultural type, inappropriate dry farming practices are typically 
associated with landscape alterations and anthropogenic fires [82]. In addition, under 
climate change-driven increases in drought conditions, fires increasingly burn dry and 
open landscapes and agricultural areas. Consequently, the burned area affected by 
ignitions from different fuel types did not correlate proportionally with the overall area 
occupied by each fuel type. 

Furthermore, scatterplots comparing average BP to average CFL (m) for the main fuel 
types indicated that simulations showed the lowest fire hazards in grass, grass-shrubs, 
and shrubs. However, timber litter and timber understory types showed the highest fire 
hazards. In these fuel types within temperate broadleaved forests, the combination of 
warmer and drier summer conditions has resulted in increased forest growth at higher 
elevations, high fuel loads primarily because of large loads of dead and down woody 
debris (DWD), and increased vulnerability to wildfires during Foehn winds in the lee of 
mountain ranges [43]. 

The large amount of DWD in these natural forests can result from the implementation 
of the “forest rest” strategy [83], under which industrial logging was prohibited for ten 
years. Similarly, several studies suggest that broadleaved forests are more likely to 
experience fires [84,85]. Grünig et al. [86] reported changes in wildfire patterns in Europe 
in recent years, showing increased fire activity and burned areas in temperate 
broadleaved forests compared to the Mediterranean biome. For instance, more than 50% 
of the overall burned area in Europe in 2020 occurred in temperate broadleaved forests. 
This aligns with recent findings identifying the “spring window” period following 
snowmelt and preceding leaf budding as a time when broadleaved forests are relatively 
more favorable to fires [87]. In contrast, several studies have highlighted that wildfires 
occurring in broadleaved forests generally tend to be less extensive and intense, mainly 
due to higher fuel moisture values and lower flammability [88,89]. 
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4.3. Wildfire Exposure to WAI 

The wildland–anthropic interface (WAI) map of Guilan Province (Figure 7) shows 
clear spatial contrasts between the southern coastal municipalities (especially in the 
Humid-Temperate (HT) zone) and the other municipalities. Most WAI areas were 
concentrated along the southern coast of the Caspian Sea. In the Caspian Sea region of 
Iran, accelerated population growth and associated urbanization, industrial development, 
and, more recently, intensive tourism have occurred near or within the Hyrcanian forests 
[90]. In other words, northern Guilan comprises WAI totaling approximately 240 km in 
linear extent. 

The comparison of wildfire exposure results in WAI areas between the two fire 
ignition scenarios revealed that the RND scenario had higher exposure estimates, with 
123 threatened structures compared to 97 under the OBS scenario (Table 6). The 
proportion of threatened structures distributed among different WAI classes varies across 
the study area, with most exposure concentrated in the wildland–anthropic (WA) and 
dispersed anthropic (DA) classes. Of the six WAI classes analyzed, DA in non-vegetated 
areas contained the highest number of structures (10,263; Table A2). However, the 
majority of threatened structures were located within the WA-intermix class (29 and 32 
for the OBS and RND scenarios, respectively), aligning with findings from earlier research 
[91,92]. Based on the study by Syphard et al. [93], two WA types (interface and intermix) 
were associated with burned structures compared to other WUI classes, and more burned 
buildings were found in the WA-intermix instead of the WA-interface, similar to this 
study. In the study area, a low number of structures mostly dispersed in wildlands 
combined with the highest fire exposure (i.e., BP > 0.01) levels, a result validated by earlier 
research [29,94]. This result contrasts with the findings of Argañaraz et al. [92], where most 
structures were located in areas with elevated BP values. These results provide a spatial 
and quantitative measure of the buildings threatened by fires and allow us to identify 
regions where structures meet with hazardous wildlands and vegetative fuels [64]. 

4.4. Limitations and Uncertainty 

While this study provides a comprehensive assessment of wildfire hazard under 
extreme conditions, several limitations should be acknowledged. The simulations were 
conducted using a single extreme fire weather scenario (97th percentile NFDRS) to 
represent severe fire environments. Wind speed was spatially differentiated across 
bioclimatic zones, with higher values assigned to mountainous areas to account for 
terrain-driven effects. Although this approach is appropriate for evaluating wildfire 
hazard under critical conditions, the use of a single scenario may influence the magnitude 
of simulated fire behavior; incorporating multiple weather scenarios or conducting 
sensitivity analyses would improve the robustness of the results. 

In addition, independent quantitative validation of the simulated outputs was not 
performed due to limitations in the availability and spatial consistency of historical fire 
data, as well as the scenario-based design of the simulations. The FlamMap model was 
previously calibrated in earlier studies; therefore, the present work focuses on its 
application to assess relative wildfire hazard patterns rather than on model validation or 
the reconstruction of individual fire events. Despite the absence of formal validation, the 
spatial distribution of simulated burn probability shows general agreement with areas of 
historically frequent fire occurrence, particularly in forested and mountainous regions. 
Accordingly, the results should be interpreted as relative, landscape-scale indicators of 
wildfire hazard under controlled simulation conditions, rather than as validated 
predictive outputs. 
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5. Conclusions 
The findings of this research emphasize the significance of choosing ignition 

locations for model wildfires with spatial precision. The patterns of wildfire hazards in 
the region were primarily influenced by the spatial distribution of ignition points, fuel 
moisture levels, and wind conditions, including speed and direction. Significant 
differences were found between observed and random ignition scenarios, with the 
random one exhibiting higher average values for CFL, FS, and CFP, while the observed 
scenario had a higher average BP. Among different fuel types, fires in timber litter and 
timber understory are expected to pose the highest hazard levels, whereas grass, grass-
shrub, and shrub fuels indicate the lowest hazard levels. A modeling framework for 
estimating wildfire hazards in fuel types, ignition location change patterns, and weather 
change scenarios is described. Historical wildfires may provide reliable fire hazard values. 
Although historical wildfires can yield dependable fire hazard data, the limited number 
of years available is inadequate for mapping fire hazards at a scale necessary for informed 
fire management decisions. Therefore, a fire database is needed to generate input data for 
realistic fire modeling. However, our findings suggest that simulated landscape hazards 
can provide actionable insights about which landscape locations are particularly 
vulnerable to burns. From this perspective, this research provides a strategic decision-
support tool to enhance wildfire management at the landscape level in fire-prone 
Hyrcanian temperate forests. 
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Appendix A 
Appendix A.1. Methods 

Appendix A.1.1. Wildfire Regime and Activity 

Based on the data collected, 2249 wildfire locations were identified as reliable and 
accurate inventory records (Figure A1). The most significant number of wildfires (287), 
together with the largest share of burned area (2427 ha), were recorded in 2021. In general, 
during 2017–2021, a significant increase in burned area and the number of fires was 
observed compared to previous years. Furthermore, 2010 was one of the worst years for 
firefighting in Guilan, when 2328 ha were burned (Figure A2). 
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Wildfire regime components, including annual fire ignition point density (aIPD, # 
km−2), fire seasonality, fire frequency (number of fires), and fire sizes, were extracted for 
the study area for the period 1992–2022. The aIPD was derived by interpolating historical 
ignition points using an inverse distance weighting (IDW) algorithm with a fixed 5 km 
radius. This approach provides a computationally efficient representation of spatial 
ignition patterns while preserving local spatial variability and limiting excessive 
smoothing. Although kernel density estimation (KDE) is commonly used in similar 
applications, IDW was adopted as it represents relative spatial weighting without 
requiring bandwidth calibration. The ignition density grid was generated at 100 m 
resolution to maintain consistency with the spatial resolution of the landscape inputs used 
in FlamMap. The interpolated values were subsequently normalized to a probability 
surface by scaling them such that their sum across all burnable cells equals one, ensuring 
a valid spatial probability distribution for ignition sampling. 

The resulting aIPD exhibited pronounced spatial variability (Figure A1a), with the 
highest values (>0.03) concentrated in the south-central part of the study area. Overall, the 
Cold-Mountainous (CM) and Semi-Humid (SH) zones exhibited the highest ignition 
density. 

In addition, fire seasons were determined according to the burn date derived from 
the regional fire dataset as March–May (spring), June–August (summer), September–
November (autumn), and December–February (winter) (Figure A1b). Winter months 
represent 51% of the total area, extending from west to east of the province. Accordingly, 
8%, 13%, and 28% of the study area experienced fires during spring, summer, and autumn, 
respectively. The Cold-Semi-Humid (CSH) zone attained the highest occurrence of 
autumn fires, while the other three zones experienced fires mostly in winter. In general, 
most fires (>70%) have historically occurred between December and February and 
between June and August, which were labeled as the fire season in the region to quantify 
weather data for fire simulations. 

Moreover, the distribution of fire frequency was calculated for the historical fire 
perimeters in the study area (Figure A1c). Fires most frequently occur in the east-central 
region; however, the largest fires occurred mainly in the southern region (Figure A1d), 
where aIPD is also higher. The SH zone historically experienced frequent fires (Figure 
A1c). Most fires were of small size, with less frequent large fires; large fires (>50 ha) 
accounted for only 2.1% of the total number of fires but represented 15.4% of the total 
burned area. Frequent small fires (<10 ha) accounted for 65.3% and 35% of the total 
number of fires and burned area, respectively. Medium fires (10–50 ha) resulted in 32.6% 
and 50% of the total number of fires and burned area, respectively. 



Fire 2026, 9, 176 21 of 30 
 

https://doi.org/10.3390/fire9040176 

 

Figure A1. Spatial patterns of annual fire ignition point density (aIPD, # km2; (a)), fire seasonality 
(b), fire frequency (c), and fire sizes (ha (d)) in four different bioclimatic zones in the study area, 
derived from 2249 historical fire events occurred during the 1992–2022 study period. White lines 
separate the four bioclimatic zones in the study area. 
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Figure A2. Fire number and burned area (ha) for the total area (a) and each bioclimatic zone (b–e) 
by year (1992–2022). 



Fire 2026, 9, 176 23 of 30 
 

https://doi.org/10.3390/fire9040176 

 

Figure A3. Raster layers produced to run FlamMap MTT: canopy cover (% (a)), canopy height (m 
(b)), canopy bulk density (100 kg m−3 (c)), canopy base height (m (d)), aspect (° (e)), and slope (% 
(f)). White lines separate the four bioclimatic zones in the study area. Elevation and fuel model raster 
layers were presented in the main text. 
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Figure A4. Wind Roses for daytime wind speed and direction during fire season (December–
February and June–August) from 1992 to 2022 for each of the bioclimatic zones in the study area. 

Appendix A.1.2. Fuel Mapping Methodology 

This section provides methodological details supporting the LULC classification 
described in the main text. LULC-type data were first derived from satellite images 
(Landsat-8 OLI/TIRS L1TP for October 2021) and were analyzed using ENVI 5.6 software. 
The pre-processing steps for these images included radiometric calibration and 
atmospheric correction using the FLAASH method, which converts the brightness values 
of every pixel into true reflectances as if they had been measured on the ground [95]. 
Furthermore, to remove cloud cover from these images, we used the FMASK algorithm 
[96]. Next, composite images were generated, and the contrast of the satellite images was 
enhanced. 

Then, in supervised classification, a training data set was identified that shows 
different LULC types. These LULC types were selected by field surveys, such as forests, 
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rangelands, water bodies, dry farming, orchard irrigation farming, bare ground, and built-
up lands. These regions were detected utilizing the Support Vector Machine (SVM) 
supervised classification method, a popular machine learning-based approach currently 
in use [97]. Reference for selecting appropriate training samples for machine learning 
classification of Landsat images was obtained from Google Earth images and the LULC 
map of the region from the Management and Planning Organization of Guilan Province 
[98]. 

A total of 1000 ground truth points were randomly selected, with 200 reference points 
used to assess the accuracy of the classification. The overall accuracy (0.91) and Kappa 
coefficient (0.88) were calculated using the classification error matrix and the Ground 
Truth ROIs tool in ENVI. Following the analysis of the satellite image, 19 LULC types 
were recognized in the research area (Figure 2a). 

Appendix B 

Table A1. Mean annual burned area (ha yr−1) and percentage of burned areas for main fuel types 
(burnable LULC (land use/land cover) types (=975,585.3 ha (69.5%) of the study area; Figure 2) 
considering OBS (observed) and RND (random) fire ignition location simulations. 

Fuel Type LULC Classes Area (ha) Area (%) 
Fire Ignition Scenario 

OBS RND 
Mean BA (ha yr−1) Percentage of BA Mean BA (ha yr−1) Percentage of BA 

Grass 

Marshes & Reed beds 15,336.2 1.09 7.51 0.92 10.20 0.90 
Dry farming 56,155.1 4.00 53.90 6.66 60.90 6.61 

Scarce & low rangeland 7138.2 0.51 2.62 0.33 4.10 0.46 
Medium density rangeland 90,838.4 6.47 20.23 2.48 24.00 2.54 

Dense rangeland 115,878.8 8.25 14.42 1.78 18.51 1.71 
Total Grass 285,346.7 20.32 98.69 12.17 117.71 12.23 

Grass-Shrubs 
Moderate grass-shrubs load 24,637.8 1.75 9.91 1.21 11.60 1.35 

High grass-shrubs load 24,449.3 1.74 10.37 1.28 12.30 1.32 
Total Grass Shrubs 49,087.1 3.50 20.28 2.50 23.90 2.67 

Shrubs 
Shrublands 3559.4 0.25 1.54 0.19 3.30 0.41 
Woodland 50,209.1 3.58 40.77 5.02 47.40 4.90 

Total Shrubs 53,768.5 3.83 42.31 5.22 50.70 5.31 

Timber litter 
Broadleaved plantation  20,828.7 1.48 55.86 6.89 65.90 6.60 

Dense broadleaved forest 430,023.1 30.62 329.74 40.69 395.70 40.66 
Total Timber litter 450,851.8 32.10 385.60 47.58 461.60 47.27 

Timber 
understory 

Conifer plantation  13,640.6 0.97 17.89 2.42 21.50 2.71 
Sparse broadleaved forest 62,188.7 4.43 133.24 16.45 150.10 15.05 
Semi-dense broadleaved 

forest 
60,701.9 4.32 110.98 13.67 141.70 14.77 

Total Timber understory 136,531.2 9.72 262.11 32.54 313.30 32.52 
Study area  975,585.3 69.47 809.00 100.00 967.21 100.00 

Table A2. Total area (ha) and percentage, and number (#) of structures of the wildland–anthropic 
interface (WAI) classes (Figure 7) for the bioclimatic zones and the whole study area. 

WAI 

Bioclimatic Zones 
Total 

HT CSH CM SH 

Area (ha) 
Area 
(%) 

Str. (#) Area (ha) 
Area 
(%) 

Str. (#) Area (ha) 
Area 
(%) 

Str. 
(#) 

Area (ha) 
Area 
(%) 

Str. (#) Area (ha) 
Area 
(%) 

Str. (#) 

Anthropic 
Medium and High 

Anthropic 
Presence 

20,303 5.6 680  22,201 5.9 481 17,738 7.3 249 33,096 7.9 4024 93,338 6.6 5434 

Wildland–Anthropic (WA) 
WA Interface 25,044 6.9 96  40,027 10.7 93 17,527 7.2 18 2107 0.5 39 84,705 6 246 
WA Intermix 14,745 4.1 176  41,741 11.1 1218 6124 2.5 299 4492 1.1 4512 67,102 4.8 6205 

Dispersed Anthropic (DA) 
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DA in Forest 
Areas 

16,643 4.6 4  54,310 14.5 9 33,950 13.9 27 129,205 30.7 7 234,107 16.7 47 

DA in Rural Areas 14,940 4.1 51  29,109 7.8 6 45,992 18.9 126 57,853 13.7 1183 147,895 10.5 1366 
DA in Non-

Vegetated Areas 
196,005 53.9 6447  36,992 9.8 886 10,871 4.5 69 121,777 28.9 2861 365,646 26 10,263 

Non-Anthropic 
Water Bodies 22,673 6.2 - 418 0.1 - 3421 1.4  3822 0.9 - 30,334 2.2 - 
Rural Areas 3332 0.9 - 186 0 - 5642 2.3  17,837 4.2 - 26,997 1.9 - 

Non-Vegetated 
Areas 

732 0.2 - 2364 0.6 - 912 0.4  - 0 - 4008 0.3 - 

Forest Areas 49,294 13.6 - 148,219 39.5 - 101,484 41.6  51,272 12.2 - 350,268 24.9 - 
Total WAI 

Total WAI 363,711 100 7454  375,567 100 2693 243,662 100 788 421,461 100 12,626 1,404,400 100 23,561 
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