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models. Variable-importance analysis indicated that Normalized Difference
Environmental Drivers Vegetation Index (NDVI) and precipitation were the dominant factors
controlling the spatial pattern of wildfire susceptibility, followed by elevation
and slope. The highest susceptibility occurred in areas with moderate elevation,
Remote Sensing and GIS slopes greater than 35%, moderate to dense vegetation cover, and annual
precipitation below 500 mm. The ensemble map showed a widespread and
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relatively uniform distribution of high-risk zones, confirming the multifactorial
and complex nature of wildfire occurrence and highlighting the value of multi-
model approaches for preventive and sustainable natural-resource management.
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Extended Abstract

Introduction

Wildfires represent one of the most significant ecological hazards affecting Iran’s natural
ecosystems, resulting from the combined influences of climatic conditions, vegetation characteristics,
topographic complexity, and human activities. Global evidence indicates that climate change through
reduced precipitation, rising temperatures, and increased soil and vegetation dryness has intensified
both the frequency and severity of wildfire events. Over the past two centuries, forests worldwide
have undergone extensive degradation driven by fire, and numerous studies have highlighted the
pivotal roles of natural and anthropogenic factors in shaping landscape-level fire susceptibility. In
Iran, wildfires have emerged a critical environmental concern, destroying thousands of hectares of
forest annually and placing the country among the most affected in the region. The ecological
consequences of wildfire include biodiversity loss, alterations in soil physical and chemical
properties, accelerated erosion, and increased carbon emissions. Given these impacts, the application
of remote sensing, geographic information system (GIS), and data-driven modelling approaches has
become essential for predicting fire occurrence and generating reliable susceptibility maps. Previous
studies have demonstrated the effectiveness of neural networks, statistical methods, and machine-
learning algorithms in wildfire forecasting. Building upon this body of research, the present study
aims to map wildfire susceptibility in Mazandaran Province, identify the most influential
environmental drivers, evaluate the performance of individual and ensemble models, and determine
the most accurate predictive framework. The study is based on the hypothesis that climatic factors
exert a dominant influence on wildfire occurrence and that ensemble modelling provides superior
predictive performance compared to single-model approaches.

Material and Methods

To develop the wildfire susceptibility map, spatially explicit records of historical fire occurrences
were collected through field surveys. After removing spatial autocorrelation, the fire locations were
randomly divided into training and testing subsets. Absence data were generated using a pseudo-
absence approach guided by preliminary MaxEnt outputs to ensure representative background
conditions. A comprehensive set of environmental predictors was compiled, including topographic,
meteorological, anthropogenic, and vegetation-related variables. Elevation, slope, aspect, topographic
wetness index, and distance to rivers were derived from digital elevation models and remote-sensing
data. Climatic variables—temperature, precipitation, relative humidity, and wind speed were
interpolated across the study area using geostatistical methods based on observations from 32
meteorological stations. Anthropogenic factors included distance to roads and settlements, while
vegetation conditions and moisture stress were characterized using the normalized difference
vegetation index (NDVI) and Temperature Vegetation Dryness Index (TVDI). Wildfire susceptibility
across forest and rangeland ecosystems of Mazandaran Province was modeled using four data-driven
approaches: Artificial Neural Networks (ANN), Generalized Linear Models (GLM), Generalized
Additive Models (GAM), and Maximum Entropy (MaxEnt). Model performance was evaluated using
k-fold cross-validation, the area under the receiver operating characteristic curve (AUC), sensitivity,
specificity, and the true skill statistic (TSS). To reduce uncertainty and improve predictive robustness,
an ensemble model was developed using AUC-weighted averaging of the individual models, and
wildfire susceptibility was classified into five categories. Finally, the relative contribution of each
predictor was quantified using game-theoretic Shapley values to identify the key environmental
drivers of wildfire occurrence.

Results and Discussion

The results indicate that the models exhibited varying levels of performance in predicting wildfire
susceptibility. Both the MaxEnt and ensemble models achieved excellent accuracy, with AUC values
of 0.92 and 0.94, respectively. Among the evaluation metrics, the ensemble model produced the
highest TSS value (0.74), reflecting a strong ability to distinguish between fire presence and absence.
In terms of sensitivity, the GAM and ensemble models performed best, whereas the GLM and
ensemble models exhibited the highest specificity. Variable-importance analysis revealed that
vegetation, climatic, and topographic factors exerted the greatest influence on wildfire susceptibility.
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NDVI showed high importance in the GAM and MaxEnt models, while precipitation was identified as
the dominant variable by the ANN and ensemble models. Elevation and other topographic attributes
also played significant roles in fire occurrence and spread, whereas anthropogenic variables had
comparatively weaker effects. Spatial patterns of wildfire risk varied among models but generally
converged in identifying high-risk zones. The ensemble susceptibility map showed a widespread
distribution of wildfire risk across the region, highlighting the multifactorial nature of fire occurrence.
Response curves indicated that increasing NDVI is generally associated with higher wildfire
probability, although this relationship weakens at very high NDVI values due to reduced fine fuel
availability. Fire susceptibility was highest at moderate elevations and increased with slope,
particularly on slopes exceeding 10%. An inverse relationship was observed between precipitation
and wildfire susceptibility, with drier areas exhibiting the highest risk.

Conclusion

The findings demonstrate that ensemble modeling provides a robust and reliable framework for
wildfire susceptibility mapping, outperforming individual algorithms in terms of predictive accuracy
and spatial consistency. Wildfire risk in Mazandaran Province is controlled by a complex interaction
among vegetation characteristics, climatic conditions, and topographic features, underscoring the need
for integrated management strategies. The susceptibility maps produced in this study offer a valuable
scientific basis for land-use planning, proactive fire management, and prioritization of high-risk areas,
particularly given that preventive measures are generally more cost-effective and sustainable than
post-fire suppression and restoration. Overall, this study emphasizes the importance of multi-model
and systematic approaches for mitigating wildfire risk in ecologically sensitive landscapes, and the
ensemble-based maps developed here can serve as effective decision-support tools for regions with
similar environmental conditions.
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1- Google Earth Engine

2- Artificial Neural Network
3- Maximum Entropy

4- Generalized Linear Model
5- Generalized Additive Model
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1- Receiver Operating Characteristic
2- True Positive Rate

3- True Negative Rate

4- False Positive Rate

5- False Negative Rate

6- Area Under the Curve

7- True Skill Statistic



1ay LS)'&"“ 9 Gb)ﬁ
g B 58 39w tdT E989 yhs S

=lox! Joro ol

o Jae 2bi)l 5l G S 55 et 28 b dgacme | (6 S el Wil o L Joe (Sa i 5o Conbad pas Al @ az i b
Sl A28 00,500, (nl o b Gl plaebl g Jlals e B ol oS 5 (elez] Joo o CIB s Joe v mls
wedoo a3l (V) alal; 255 4 b Jaw AUC polie Ji9 nSibe b 3mtT 4

zzj(AUij X mji) QRD)

FS;
: Y, AUCy,;

.(Zare Chahouki, Karami & Piri Sahragard, 2022) el ool g sion
' b lacaSls unaib by, b slaslie Jlou (sl diwgn sbaands (T a4y Soulus ladids g5 3l my
VIO I PR S VE O PR PR VNS ONPHN SN S URERLODNE IWE S N 2

ST E993 50 (o Jolge moew (rans

8 2 by, 5 W ot Jae DMl a5 oo ) gl oo meadii 09,5 50 4 L pate Cueal (2l sla b,
Ol g 05,5 1,85 Jow 8, 8ee b conitns LL3 550 o Cuje Joo st 9,500, 5l oolsu] aiws Jow 51 s
Gholami, Mohamadifar, ) sjle co w2l 3 1) Comal anlxe jo Joiwe slo o (e (Ko JLisle foge bl
5 S3b Ak e 9,0, eyt e iemiw Sl P5e b, 5l (S (Rahimi, Kaskaoutis & Collins, 2021
(Myerson, 2013) 3¢ 1,55 4 o (paiz jxie ;o slp Wb Ll awlre 558 5,91 5 Jgua>

Sigm T & Gl oy B0 3 Sos (2w sLisis!
oyl 12 g s LSS b Jow oLS as ol s calises sl )85 o Sbs ) syl (6505 e Silis 1 ol gl
Jow 9 (+/4Y) MaxEnt Jow g0 a5 el )] 55l AUC polie .(\ Jgoz) 8l (g 59msis] Hlas S 5O Selaie ,L8,
oS 5 bl Jow aS ams oo lis Ml ol ai)ls b 8 g ol bl S8 0 oYL oblgs (+/2F) elax]
st |y s g (gonlBl sl ysie Lo ooz OMelad g 0ols ralST I Jow asfi)TB olas 000 gloJow comyia
Eskandari et al., 20205 ) cpiony sl ipgh 09 o0 plol (i o b jlas 5 blas olulils pl pls S oo g5le Joe
..s...;l.; Sigwiis] las S O 50 ) oS 5 s uw o5 58 (Mohajane et al., 2021; Sarkar et al., 2024
Wi oo |y CygamneS 3 sl Slallas 5 OLe g jpas bl lojen jaseis ;o Joe oUly a5 TSS Lasls oS o
Joe cds (Jl cnl bogs </VY g +/VY o5 5 4 GAM g MaxEnt ;o g cbls (+/VF) slox! Jow jo 1) jlade op YL
dallac jo a5 (GlassS sl N8 31 oled 29,5 p Wlg oo Jow po Gars g Sl dinly 05000 slo Jow CobS 4 slax]
Ly, giloJos 4 08 045 las Conls Jdo 4 GLM « blas ,o (Gholami et al., 2021) cuwl ool (5,155 50 aiids
O 50 @D Rl crge Cudguze (ul g Cen Gludl g () (BT 55 (ool else Ol (a1l g odizey

(Zhou, Qiu & Zhang, 2023) 3¢5 oe 0duzre eS| Slulil 5 pueas sloj e

1- Natural breaks/ Jenks
2- Shapley



1A VB limali oY o lod I aler o o &l yblo 5 Ll yio &g 5

Sismotl & Comla (cnian 50 Gedle 6550k 5 S sS) Sladse 2L )l slaasls (Sike -Y Joux
Table 1- Mean Values of the Performance Evaluation Indices of Regression and Machine Learning Models for
Predicting Fire Susceptibility

sloz! Joo 5ol slaasls
(Ensemble model) MaxEnt GAM GLM ANN (Evaluation metrics)
0.94 0.92 0.91 0.88 0.89 AUC) s pj maw
0.74 0.71 0.72 0.54 0.69 (TSS) =3ly & e o, Lol
94.46 93.23 94.48 61.42 90.27 (Sensitivity) cowlus
79.85 77.45 77.02 92.15 78.45 (Specificity) yog colais|

=lazl 5 9 yhio b 5 b peitio Capodl gigelss Sl

3 oS 5 Sl cou Baee @l g K 10 (6h9mwiisT oS g 5a 45 ol ol b puiie Coenl (laglin ow )y
GAM (5> oloJow ;o NDVI asli a5 o oo Lis ¥ Jgao gl o)ls j1 8 81,5665 o ol o oLS iiiigy Julse
s aS L9090 tluwl a8 )T 18 Coanl ped ax o 0 1 el Jaw jo g Cel o950 oYL Cowenl 51 MaxEnt 4
2 e (n e (SHL S ool (g Slge S L silupal 3 0 1) (BLS by Condy 5 o515 00S el
Sloads awz 5 cloxl g ANN MaxEnt slo Jow )8 o590 glis,| a5 3156065 sla paite .ol oo (555wt T L yin
(TWD) 81,555 Casbo) pasls s oo oLis 1y 1o 2 (69801 5 by St 5T 53 52 e 5 lgmals 3l a5
Luly, 5 sk, Olpess 4 by o cpl Conlus g wlatils (6 inn Cuedl GAM § GLM sl Jow ;o 5 (oond Cusb g
aile codBl sloyisiie 5 LolSssS 5l alold asile Slusl sl rie ¢ Jlie jo aijlo go ST, by paite Lo ot 8
S5l S35 T E585 S sl 53 (5708 ot Sb S s

05155 5 Los il gl al38 55 bty sl s (6550 2 5m Jlse e 1 (52 i) 45 ol ol ol
Satenn STtn AL by 5 5V oo b 665 oS (> Sl 50 sl o LS 55 s olys (30 s oALS sy
sl 5o o (Janizadeh et al., 2023) 1, Sen ¢ 00lj Sl> slaaisl b o3I ol (Pragya et al., 2023) axiws (5 jgm i3]
aS &les,S” )38 (Mishra, Panthi, Poudel & Ghimire, 2023) )|,Sen 5 | i o pizean 0l Slgdran 58 o055k
L a5 lames wyls 655wt 5oy 5o cSlupludl Jelse @y o (650, (A8 soclilons 5 BS s Jelse
ogdle (S5,b g ol (gamis] s ot 50 e o yelyl 5l 5 NDVI (asls o)ls cdllas dxlllas oyl (slaaisly
£3589 39 (sobes rdions ;o B (LS gy oS5 5 gl Comdy S8 Gy 5l e Jtil CullB s 56
2L 005555 o Sid ge JlaSis waid 5 Sw,b mels (Moradi & Ahmadi Sani, 2025) wiS e ] 251
(5J4°l> aslllao B NDVI M‘ J-\S‘SA w.%‘)ﬁ )Jo.)).o.wf 6[&6)wa 392 Lg‘)" |) h")M 9 R 609'“’ \)‘9.40 u...:‘)s‘ 9
aslo 1y 8l oyt oltgSa 5 alols o Sludl else los ,o il oais ol 55 (Hamedi et al., 2020) o), Son
Gble 4 (Suo5 o)l glges (Moradi & Ahmadi Sani, 2025) U (gaex! g s0le gloaidl b a5 (glases oo
ST S e ylgieds anilys oo a5 el Lo o (55,9LaS GLLE il gm g pld g1y (5,500 ,5 aile slac s b SSus
O el 50 1 il oo 8,90 5 2Bly jlada 5l S laool> &s aBly i oo Jleasl (b cpl b oS Joe (251
5l ot S i (6less s 4 ey g miiye Bblie K08 sgw ) wlond Ll Lol slaosl> o
S Wl (gt g98 el Lalidl 5o (sloas losl ids Gilgs so (Shg cred g 35,00 18 Sl slac Il

Joo 5 Ceol (315055 sla T hg 5 (S o alS gy Jolas 5l b Baae wilaie ;0 (555w T s gsoe ;0
St S 6l 380 5 gl S rpal et Slaysite (g Siledslie 5 i sladoe (295 oS 5 L slex]
b o gueen (Eskandari et al., 2020) o], Ken 4 (5,005l slaazsl b mls opl 0l (655m 5]



134 Syl s SbB
g B 50 39miiT E989 s S
GlBe sl Joe jo Lls jolas bl o pxio Coonl =Y Joo

Table 2- Variable importance based on Shapley values across different models
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