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Over the past few decades, wildfire activity has increased globally. In the Cen-
tral Zagros Mountains of Iran, widespread oak decline has significantly altered
fuel structures and raised ecological concerns. However, the specific contribu-
tion of long-term vegetation degradation to wildfire burn severity remains un-
der-quantified. This study addresses this gap by investigating whether decadal
declines in the Normalized Difference Vegetation Index (NDVI) are associated
with higher burn severity, while assessing their relative importance against
short-term pre-fire environmental conditions, fuel types, topography, and hu-
man access gradients. Focusing on a major wildfire in June 2024 in the
Kashkan Watershed, we mapped burn severity using the differenced Normal-
ized Burn Ratio (dNBR) derived from Sentinel-2 imagery. A comprehensive
suite of predictors was evaluated, including the long-term NDVI trend (May-
September 2014-2023), pre-fire Normalized Difference Moisture Index (NDMI),
Land Surface Temperature (LST), fuel categories based on ESA WorldCover,
slope, aspect, spatial texture contrast, and distance to roads and settlements.
A stratified sampling design supported statistical inference using ordinary least
squares regression and predictive modeling via Random Forest and XGBoost al-
gorithms with five-fold cross-validation. XGBoost demonstrated the highest
predictive performance (cross-validated R? = 0.70; RMSE = 0.11), outperform-
ing Random Forest (R? = 0.64) and linear regression (R? = 0.34). Fuel moisture
(NDMI) and thermal stress (LST) emerged as the primary drivers of severity,
followed by land cover, topography, and spatial texture. While the long-term
NDVI decline showed a small but consistent positive association with dNBR at
the landscape scale, the results highlight a distinct multi-scale mechanism. In
this dynamic, pre-fire moisture and temperature establish the broad water-
shed-scale environmental susceptibility, whereas specific fuel types and their
spatial configurations drive the local-level amplification or damping of burn
severity. These findings provide a framework for proactive vulnerability map-
ping in Zagros oak woodlands, suggesting that integrating dynamic fire-weather
data and field-based fuel measurements could further refine future pre-
dictability.

Keywords: Wildfire, Kashkan Watershed, DNBR (burn Severity), Oak Decline,
Random Forest, Vegetation Degradation
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Introduction

Wildfire regimes across the globe are
changing significantly, with fires becoming
more frequent, severe, and widespread
than in previous decades; current models
predict continued increases due to climate
change and forest management practices
(Jolly et al. 2015). This intensification repre-
sents a major shift in how fire behaves in
natural systems, moving beyond historical
patterns that ecosystems and species have
adapted to over thousands of years (Seidl
et al. 2017). The combination of climate
change effects, such as rising temperatures
and altered precipitation patterns, with in-
creased human pressures has created con-
ditions that promote more destructive fire
behavior, a trend particularly evident in
Mediterranean-type ecosystems (Moreira
et al. 2020, Costa-Saura et al. 2025). This
global surge has been particularly dramatic
since 2017, with unprecedented fire behav-
ior occurring in the Mediterranean Basin
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(Turco et al. 2018), Siberia (McCarty et al.
2021), Australia, the Amazon basin, and the
Western US (Goss et al. 2020).
Anthropogenic activities, specifically land-
use shifts, management practices, and hu-
man-caused climate change, serve as criti-
cal drivers of global wildfire intensification
(Abatzoglou et al. 2020). These land-use
shifts are often driven by socioeconomic
factors such as rural abandonment and the
loss of agricultural mosaics, which can lead
to large accumulations of combustible bio-
mass or the expansion of flammable plan-
tations (Moreira et al. 2011, Kelly et al.
2020). This results in vast accumulations of
combustible material, making the land-
scape more prone to burning and leading
to increasingly large, catastrophic wildfires
(Kelly et al. 2020, Charles et al. 2025). Con-
currently, the expansion of human devel-
opment into the wildland-urban interface
(WUI) has significantly increased both igni-
tion sources and fire risks, as proximity to
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settlements facilitates higher anthro-
pogenic ignition density (Modugno et al.
2016, Radeloff et al. 2018). In many regions,
this is coupled with reduced cultural or pre-
scribed burning, which, along with high-
biomass invasive species, has changed spa-
tial patterns of wildfire risk (Ruscalleda-Al-
varez et al. 2021, Charles et al. 2025). These
changes depart from indigenous fire stew-
ardship practices that historically main-
tained ecosystem balance (Kelly et al.
2020).

Burn severity represents a fundamental
measure of fire’s environmental impact,
defined as the extent of fire-induced
change to physical ecosystem components
such as vegetation and soil (Key & Benson
2006, Parks et al. 2019). This metric is most
commonly operationalized through the
Differenced Normalized Burn Ratio
(dNBR), which allows for a standardized
assessment of fire-induced ecological
change across diverse forest types (Miller
& Thode 2007). This metric goes beyond
simple fire occurrence to capture the de-
gree of environmental change, making it a
critical factor for understanding post-fire
ecological dynamics (Parks et al. 2019). The
need to better understand factors control-
ling fire severity stems from concerns
about public safety, infrastructure, critical
wildlife habitat, and watershed health
(Parks et al. 2018). Research has consis-
tently shown that fire severity is controlled
by both top-down weather and climate fac-
tors and bottom-up spatial controls from
fuels and topography (Povak et al. 2025).
However, these relationships are complex,
as burn severity is co-influenced by forest
structural attributes that dictate flammabil-
ity traits, such as fuel loads and density
(Viedma et al. 2020).

Modeling the environmental drivers of
wildfire is a critical scientific field, as con-
firmed by global datasets such as the
Global Fire Emissions Database (GFED) and
MODIS burned area products, which have
been developed specifically to link fire oc-
currence to key environmental drivers, in-
cluding climate, vegetation, topography,
and human factors (Van Der Werf et al.
2017, Giglio et al. 2016). To capture the non-
linear and complex interactions among
these diverse environmental drivers, re-
cent studies have increasingly used ma-
chine learning models to predict fire out-
comes with high accuracy. These models
frequently utilize vegetation indices, such
as the Normalized Difference Vegetation
Index (NDVI), as robust proxies for fuel
biomass and ecosystem state (Escuin et al.
2008). While prior machine learning studies
have successfully modeled burn severity
using short-term pre-fire conditions (Eskan-
dari et al. 2021, Seydi et al. 2024), they of-
ten overlook long-term vegetation decline.
This is a significant limitation, as decadal
NDVI trends reveal gradual forest degrada-
tion and mortality that fundamentally alter
fuel characteristics and forest structure
over time, making fire behavior in chroni-
cally stressed forests harder to predict
(Lambert et al. 2013). To address this, our
study focuses on the Zagros Mountains,
where forest decline is operationalized as
decadal NDVI trends (2014-2023 Landsat
data), serving as a proxy for chronic vege-
tation stress associated with Zagros oak
decline syndrome (Mebhri et al. 2024). By in-
tegrating decadal forest degradation into
wildfire modeling, this study advances the
current state of the art from short-term
predictive snapshots to a more holistic eco-
logical framework. Therefore, the primary
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objectives of this study are: (i) to statisti-
cally test the hypothesis that long-term for-
est decline impacts recent wildfire burn
severity; (ii) to assess the relative impor-
tance of this long-term trend against criti-
cal short-term variables; and (jii) to develop
a comprehensive regression model that an-
alyzes the complex interactions between
these ecological factors and human factors
(distance to roads and settlements) within
the Zagros ecosystem.

This study offers practical value for Za-
gros forest management by developing a
predictive framework to map vulnerability
hotspots, integrating chronic decline with
biophysical risks. It supports local stake-
holders (forest services, communities) in
preventive strategies like fuel management
prioritization and early interventions, en-
hancing resilience against escalating fire
threats (Mehri et al. 2024).

Material and methods

Study area

The Kashkan Watershed is situated within
the Central Zagros Mountains, which host
Iran’s most extensive forest ecosystem,
oak-dominated woodlands covering 5-6
million hectares across western Iran and
representing 40-44% of the nation’s total
forest area (Darvishi Boloorani et al. 2020).
These ancient semi-arid systems (origins
~5500 years ago — Eskandari et al. 2020)
play a vital role in environmental balance
(Mehri et al. 2024), but face escalating
wildfire frequency and human distur-
bances, including land use changes, unreg-
ulated grazing, deforestation, and tourism
(Moradi et al. 2023, Rahimi et al. 2024)

The study was conducted in the Kashkan
Watershed (approximately 9540 km?) of

Fig. 1- Geographical loca-
tion of the study area. The
map illustrates the
Kashkan Watershed within
the Central Zagros Moun-
tains, Lorestan Province,
western Iran. The main
panel shows the region’s
rugged topography, while
the inset map indicates its
location in Iran. This area
has a semi-arid Mediter-
ranean climate and a vege-
tation mosaic dominated
by Quercus brantii wood-
lands.
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Lorestan Province, Central Zagros Moun-
tains, western Iran (Fig. 1). This region fea-
tures rugged topography (elevation 500-
2500 m a.s.l.) and a semi-arid Mediter-
ranean climate, with cool-wet winters
(mean annual precipitation ~500 mm) and
hot-dry summers (mean temperature ~30
°C) that promote intense fire seasons. Veg-
etation comprises a mosaic of open oak
woodlands, shrublands, grasslands, and
rainfed croplands, dominated by Persian
oak (Quercus brantii - Mehri et al. 2024,
Sadeghi et al. 2024).

The area is an ideal site for fire-ecosystem
analysis because of overlapping pressures:
high wildfire susceptibility (Sadeghi et al.
2024) and ongoing Zagros oak decline,
which has simplified fuel structures from
dense to open woodlands and shrublands
(Mehri et al. 2024). A major wildfire in June
2024 (~5000 ha burned - Ismayilov 2024)
provides a documented case for evaluating
burn severity.

Dependent variable: burn severity
(dNBR)

Burn severity was mapped using dNBR
from Sentinel-2 MSI Level-2A surface re-
flectance (Zahabnazouri et al. 2025). Cloud-
free composites were created for pre-fire
(10-20 June 2024) and post-fire (23 June-12
July 2024) periods to capture the event
while minimizing phenological bias. Clouds/
cirrus were masked via the QA60 bitmask.
NBR was calculated as per eqn. 1 (USGS
2017):

_ NIR—SWIR (1)

NBR=
NIR+SWIR

and dNBR as per eqgn. 2:

dNBR=NBR,,— NBR,,, ©)
where NBR;.. and NBR are the NBR val-
ues pre-fire and post-fire, respectively
(higher values = greater severity — USGS
2017). Rasters were reprojected to a 30-m
UTM grid (EPSG: 32638, Zone 38N) for
alignment. The nearest-neighbor resam-
pling method was applied to all layers to
preserve the original radiometric integrity
of the spectral bands and avoid the artifi-
cial smoothing of fire-periphery pixels that
results from bilinear interpolation. Land-
cover classes such as water bodies and bar-
ren lands, which comprised a negligible
fraction of the study area (~1.7%), were re-
tained in the modeling phase to ensure a
spatially continuous dataset. While these
surfaces occasionally exhibited spectral ar-
tifacts (false-high dNBR values) due to
moisture or turbidity changes, their limited
frequency ensured they did not signifi-
cantly influence the overall performance or
generalization of the machine learning
model. Additionally, we retained negative
dNBR values to preserve the full statistical
distribution of the dataset, allowing the
model to learn from the complete range of
post-fire spectral responses.
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Tab. 1 - Summary of datasets used in this study.

Data Source / . Temporal Purpose in
Data Category GEE Asset ID Resolution Coverage Study
Long-Term Vegetation Landsat 8 OLI/TIRSC2 30m 2014-2023 NDVI trend, LST
& Thermal T1 L2
Fire Event & Fuel Sentinel-2 MSI 20 m June-July dNBR, NDMI
Moisture (Level-2A) 2024
Land Cover (Fuel ESA WorldCover 2021 10m 2021 LandCover
Type)
Topography DEM (User Asset) 30m Static Slope, Aspect
Human Factors 1 Roads Vector Vector 2023 Road distance
(Roads)
Human Factors 2 Settlements Vector Vector 2023 Distance to
(Villages) villages
Image Texture (from Derived in GEE: GLCM 10 m June 2024 Texture Contrast;
NDVI) from pre-fire NDVI (sampled at Texture
(3%3) and local 30 m) Homogeneity;
variance Texture Variance
Study Boundary AOI Vector Vector Static Analysis Boundary

Independent variables (predictors)

To model burn severity drivers, we se-
lected predictor variables encompassing
long-term vegetation dynamics, pre-fire
biophysical conditions, topography, fuel
structures, and anthropogenic proximity;
all features are detailed in Tab. 1. To ad-
dress our primary research aim regarding
forest decline, we operationalized long-
term vegetation dynamics as annual May-
September NDVI trends (2014-2023). We
derived these trends on a pixel-wise basis
from Landsat-8/9 Collection 2 imagery us-
ing ordinary least squares (OLS) slope cal-
culation with the “linearFit” reducer in
Google Earth Engine® (GEE). To ensure data
quality, we applied cloud and shadow
masking via the QA PIXEL band. We further
mitigated potential atmospheric artifacts
by calculating the annual mean NDVI for
each growing season before trend estima-
tion. Negative slope values indicate chronic
vegetation decline (Withanage et al. 2024).
To capture immediate pre-fire conditions,
we utilized the Normalized Difference
Moisture Index (NDMI) derived from multi-
scene median composites of Sentinel-2 im-
agery (June 10-20, 2024) to represent can-
opy moisture (eqn. 3):

NIR—SWIR, 3)
NIR+SWIR,

Additionally, Land Surface Temperature
(LST) was calculated from multi-scene
mean composites of Landsat-8 Collection 2
imagery (May 1- June 20, 2024). These bio-
physical metrics were aggregated using
temporal averaging (median for NDMI and
mean for LST) to ensure a representative
baseline that aligns with the phenology of
the dNBR evaluation period (USGS 2017).

We incorporated topographic controls on
fire spread using a 30-m SRTM Digital Ele-
vation Model to extract slope and aspect,
with the latter encoded into sine and co-
sine components to account for its circular

NDMI =

nature (Wilson & Gallant 2000). To repre-
sent fuel models, we utilized the ESA
WorldCover 2021 (10 m) product, reclassi-
fied into five fuel-oriented categories:
Closed Forest, Open Forest, Shrub/Grass-
land, Cropland, and Bare/Water. The deci-
sion to merge shrublands and grasslands
into a single class was based on their eco-
logically similar fire behavior in semi-arid
ecosystems. Both vegetation types serve
as fine surface fuels with high combustibil-
ity and rapid drying rates, acting as the pri-
mary carriers of fire. In the Zagros context,
these classes often form a continuous sur-
face fuel complex that facilitates fire
spread, justifying their consolidation for
improved modeling robustness. The cate-
gorical data were one-hot encoded (drop-
first) to prevent multicollinearity (James et
al. 2021, Zanaga et al. 2022). Spatial struc-
tural heterogeneity was quantified using
the Gray-Level Co-occurrence Matrix
(GLCM) contrast. To ensure spatial consis-
tency with the 30-m dependent variable
(dNBR) and other environmental predic-
tors, the Sentinel-2 NIR band was first ag-
gregated to 30-m resolution before texture
computation. We then applied a 3x3 kernel
to capture stand-level horizontal fuel conti-
nuity and canopy complexity, providing the
machine learning model with contextually
relevant structural information (Zhou et al.
2024). Finally, we mapped human access
gradients, key drivers of ignition probabil-
ity, using vector layers of road networks
and settlements. Euclidean distances to
the nearest road and village were calcu-
lated at a 30-m resolution across the entire
study area to ensure a continuous and ac-
curate distance gradient. We then masked
these proximity layers to vegetated and
burnable surfaces during final data stack-
ing. To accommodate the non-linear decay
effects of these proximity variables within
our models, we retained both raw dis-
tances and their logip-transformed ver-
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Tab. 2 - Descriptive statistics for continu-
ous variables used in the analysis (N =
89,314). (SD): standard deviation.

Variable Mean SD
dNBR 0.25 0.20
NDVltrend 0.001 0.01
Slope 9.19 8.71
Aspect 181.87  105.29
LST 33.19 6.58
NDMI 0.08 0.22
Road distance 1976.79 2346.26
Distance to villages 1717.55 2163.50
Log-transformed 6.84 1.38
distance to roads

Log-transformed 6.99 0.93
distance to villages

Texture Contrast 169.02  346.05
Texture Homogeneity  0.18 0.11
Texture Variance 83.45 168.94

sions (Eskandari et al. 2021, Li et al. 2022).
We aligned and stacked all spatial layers
into a unified raster mosaic for subsequent
sampling.

Sampling strategy and statistical
analysis

To construct a robust analytical dataset
from the continuous raster mosaic, we em-
ployed a stratified random sampling ap-
proach based on burn severity classes. We
stratified dNBR values into four categories
to ensure a balanced, representative sam-
ple across the full spectrum of fire effects:
Unburned/Regrowth (dNBR < 0.10), Low
(0.10 < dNBR < 0.27), Moderate (0.27 <
dNBR < 0.44), and High severity (dNBR =
0.44). This stratification ensured balanced
representation, extracting five points per
class per square kilometer. Following multi-
ple iterations and strict quality control to
remove non-finite values, the final dataset
comprised 89,314 valid points (Zahabna-

Fig. 2 - Distribution of
land cover and fuel
types in the Kashkan
Watershed. The donut
chart illustrates the area
(km?) and percentage of
the five reclassified ESA
WorldCover 2021 cate-
gories used in the mod-
eling process. Open For-
est and Shrub/Grassland
represent the dominant
fuel complexes in the
study area, while non-
burnable surfaces
(Bare/Water) constitute
a negligible fraction
(0.2%).

= Closed Forest
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9.7%
(9273 km?)

02%
(20.5 km?) ﬂ

2.7%
(254.0 kmn?)

mmm  Open Forest

zouri et al. 2025 — see Appendix 1in Supple-
mentary material).

For statistical inference, we established a
baseline wusing Ordinary Least Squares
(OLS) regression. Multicollinearity was as-
sessed by computing Variance Inflation
Factors (VIF) after all transformations
(log1p) and dummy encoding (drop-first)
were applied. We used an iterative screen-
ing process in which we recursively re-
moved the variable with the highest VIF
and recalculated VIF values for the remain-
ing predictors until all variables met the
threshold (VIF < 8). Finally, we applied HC3
robust standard errors to account for po-
tential heteroscedasticity (Long & Ervin
2000, Marcoulides & Raykov 2019). To cap-
ture complex, non-linear relationships, we
employed Random Forest and XGBoost al-
gorithms. To ensure optimal performance
and prevent overfitting, we tuned hyperpa-
rameters using a grid search across a pre-
defined parameter space (e.g., tree depth,
number of estimators, and learning rate).
We then selected the best-performing con-
figurations for the final models: Random
Forest (500 estimators, max depth of 15)
and XGBoost (600 estimators, learning rate
of 0.08). Model performance was rigor-
ously evaluated using five-fold cross-valida-
tion (4x4 grid bins) to account for spatial
autocorrelation, relying on cross-validated
R and Root Mean Square Error (RMSE) to
assess generalization (Breiman 2001, Chen
& Guestrin 2016, Seydi et al. 2024, Novo et
al. 2025). Furthermore, feature importance
was extracted to rank driver influence, uti-
lizing “Mean Decrease in Impurity” (MDI)
for the Random Forest model and the
“Gain metric” for the XGBoost model. Fi-
nally, non-parametric tests (Mann-Whitney
U and Kruskal-Wallis) were utilized to as-
sess group-level differences, as preliminary
Shapiro-Wilk tests indicated that the dNBR
data violated the assumption of normality.

All geospatial data were processed in
Google Earth Engine (GEE) for consistency
and reproducibility (Mohammed et al. 2025
— see also Appendix 1 in Supplementary
material).

_ 243%
(2,320.9 km?)

Total Area
9,540.2
km? 63.1%
(6,017.5 km?)

LULC Classes
mmm  Shrub/Grassland

=== Cropland Bare/Water

Results

Descriptive statistics and spatial
patterns

The cleaned analytical dataset contains
89,314 valid records. Descriptive statistics
for all continuous variables are summa-
rized in Tab. 2 as the basis for subsequent
inference and modeling. The dependent
variable dNBR showed a mean of 0.25 with
substantial spread (standard deviation, SD
= 0.20), indicating wide heterogeneity in
burn severity across the landscape. The
long-term decadal NDVI trend prior to the
fire was near-neutral on average (mean =
0.01; SD = 0.01), suggesting overall stability
with localized decline or recovery signals
rather than a strong basin-wide trend.

Pre-fire biophysical conditions depict
moderately warm and variably moist
canopies, with Land Surface Temperature
(LST) averaging 33.19 °C (SD = 6.59) and
NDMI averaging 0.08 (SD = 0.22), consis-
tent with semi-arid summer conditions that
modulate available fuel moisture. The land-
scape exhibits complex terrain, with a
mean slope of 9.19° (SD = 8.72) and an as-
pect covering the full directional range
(mean = 181.88°), creating diverse physical
and microclimatic conditions that locally in-
fluence fire spread and resulting burn-in-
tensity patterns.

Human-access gradients exhibit pro-
nounced right-skewness typical of proxim-
ity variables: mean distance to the nearest
road is 1976.79 m (SD = 2346.26), and mean
distance to the nearest settlement is
1717.55 m (SD = 2163.50), motivating the
use of logip transformation in the learning
models, along with raw distances, to cap-
ture non-linear decay effects. The trans-
formed counterparts reflect this stabiliza-
tion, with the log-transformed distance to
roads averaging 6.84 (SD = 1.38) and the
log-transformed distance to villages aver-
aging 6.99 (SD = 0.93). This transformation
improves numerical behavior without los-
ing critical information at zero distances.

Fine-scale structural heterogeneity of the
pre-fire landscape is evident in the spatial
texture distributions. Specifically, texture
contrast exhibits a high mean and substan-
tial dispersion (mean = 169.02; SD =
346.05), texture homogeneity is concen-
trated near low values (mean = 0.18; SD =
0.11), and texture variance is broadly
spread (mean = 83.45; SD = 168.94). These
patterns collectively support the inclusion
of a single screened texture metric (con-
trast) to reduce redundancy while retain-
ing critical signals of fuel continuity.

The land cover composition over the
9540.20 km? study area is illustrated in Fig.
2. The landscape was predominantly char-
acterized by Open Forest, which consti-
tuted 63.10% (6017.50 km?) of the total
area. Shrub/Grassland was the second
most prevalent category, covering 24.30%
(2320.90 km>). Other significant land cover
types included Cropland at 9.70% (927.3
km?) and Closed Forest at 2.70% (254 km>).

iForest 19: 359-368



Fig. 3 - Spatial distribution P
of environmental and fire- 3a
related variables. (a) dNBR:
classified into Unburned
(less than 0.10), Low (0.10-
0.27), Moderate (0.27-
0.44), and High severity
(greater than or equal to
0.44) based on Key & Ben- @
son (2006), adapted for
Zagros canopy density. (b)
NDVI Trend: 10-year Sen’s
slope (2014-2023) catego-
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The Bare/lmpervious/Water class repre-
sented a negligible fraction of the total
area at just 0.20% (20.5 km?).

Spatial distribution of key variables

The spatial distribution of burn severity
(dNBR) across the basin was notably het-
erogeneous (Fig. 3a). While the landscape
was predominantly affected by low and
moderate-low severity burns, several dis-
tinct clusters of high severity were ob-
served, particularly in the western and
northern portions. Ecologically, this pat-
tern corresponds spatially with the decadal
NDVI trend (Fig. 3b), where many of the
high-severity clusters coincided with areas
exhibiting significant long-term vegetation
decline. This visual correlation supports our
hypothesis that prolonged ecosystem
stress, which likely increases dead biomass
and alters fuel continuity, exacerbates fire
impacts. Conversely, areas characterized
by vegetation stability or improvement
were generally associated with lower burn
severities. Pre-fire biophysical conditions
also showed clear spatial structuring: Land
Surface Temperature (LST) was highest in
the lower-elevation, sparsely vegetated ar-
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eas in the south, while NDMI indicated
higher canopy moisture content in the
densely forested northern highlands (Fig.
3¢, Fig. 3d). Together, these spatial pat-
terns highlight how moisture deficits and
chronic forest decline converge to create
pockets of high vulnerability, providing cru-
cial context for interpreting the regression
models.

Model performance and feature
importance

Statistical comparisons of pixel groups
further reinforced these spatial observa-
tions. Burn severity was significantly higher
in areas with a negative long-term NDVI

trend compared to areas with stable or
positive trends (Z = 18.81, p < 0.001, r =
0.06). Group summaries showed higher
severity for declining pixels (mean/median
dNBR = 0.26/0.28, N = 38,619) than for
healthy or stable pixels (mean/median =
0.24/0.23; N = 50,695). This quantitatively
confirms the linkage between previous
vegetation decline and elevated burn se-
verity (Tab. 3). Across the primary land-
cover classes, burn severity differed signifi-
cantly (Kruskal-Wallis H = 13,616.97, p <
0.001). To account for the large sample size
and ensure that our findings reflect mean-
ingful ecological variation, we calculated
the effect size using epsilon-squared (g2),

Tab. 3 - Comparison of burn severity (ANBR) between declined and healthy vegeta-

tion areas.

. Mean Median Std. Dev.
Vegetation Trend Status N dNBR dNBR dNBR
Declined (NDVI trend < 0) 38619 0.26 0.28 0.20
Healthy / Stable (NDVI 50695 0.24 0.23 0.20
trend > 0)

Mann-Whitney U test Z = 18.80, p < 0.0001, Effect size r = 0.06
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Tab. 4 - Comparison of burn severity (ANBR) across land cover classes.

Land Cover Class N xﬁ;; N::'e'f;?{n Stg“g;v
Closed Forest (Class 1) 819 0.07 0.001 0.13
Open Forest (Class 2) 25901 0.14 0.01 0.20
Shrub/Grassland (Class 3) 57253 0.30 0.30 0.17
Cropland (Class 4) 379%4 0.19 0.002 0.27
Kruskal-Wallis test H = 13616.97, p < 0.001; Epsilon-squared (£?) = 0.155; k

classes = 4 (burnable fuel types)

Tab. 5 - Feature-importance rankings from Random Forest and XGBoost for predicting
burn severity (ANBR). (Imp): Importance.

RF Feature Imp  XGB Feature Imp

NDMI 0.32 Bare/Water (Class 5.0) 0.51

LST 0.09 NDMI 0.12
Slope 0.09 Cropland (Class 4.0) 0.08
Log-transformed distance to roads  0.08  Shrub/Open Forest (Classes 2 & 3) 0.04
Distance to roads 0.07 Slope 0.03
NDVitrend 0.06 Distance to roads 0.03
TextureContrast 0.06 LST 0.02
Distance to villages 0.05 Log-transformed distance to roads  0.02
Log-transformed distance to 0.05 NDVitrend 0.02
villages

Bare/Water (Class 5.0) 0.03 TextureContrast 0.02
Aspect (sine) 0.01 Log-transformed distance to 0.02

villages

Aspect (cosine) 0.01 Distance to villages 0.02
Cropland (Class 4.0) 0.01  Aspect (cosine) 0.01

Shrub/Open Forest (Classes 2 & 3)  0.01  Aspect (sine) 0.01

Fig. 4 - Compara- Model Goodness-of-Fit (R?)
tive Performance 1.0 e
e offndon | = ime (@)

XGBoost models. 0

(a) Model good-
ness-of-fit based on
training and 5-fold
cross-validated R>
values. (b) Predic-
tive error based on
mean cross-vali- 02
dated RMSE. The
red values above
the bars in Panel 00 Random Forest XGBoost
(b) represent the
standard deviation 0200

R? Value
N °
e (=)

Cross-Validated Error (RMSE)

of R across cross- (b)
validation folds,
indicating the high 5,

stability and consis- R? SD: 0.003
0.125 0.12 R?SD: 0.002
0.11

tency of both &
ensemble learners. E
=
D
=

XGBoost
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which was found to be 0.15, indicating a
moderate and robust relationship between
fuel type and fire severity. The shrub and
grassland class exhibited the highest cen-
tral tendency (mean = 0.30), while closed
forest showed the lowest (mean = 0.07 -
Tab. 4). This pronounced contrast, even af-
ter excluding non-burnable surfaces to mit-
igate spectral noise, highlights the role of
fuel structure; the fine, contiguous surface
fuels in shrublands facilitate more intense
burning compared to the more moisture-
buffered closed-canopy oak stands.

Fig. 4 illustrates the out-of-sample perfor-
mance under 5-fold cross-validation, de-
monstrating that XGBoost achieved the
best generalization (cross-validated R> =
0.70, RMSE = 0.11), followed by Random
Forest (cross-validated R> = 0.64, RMSE =
0.12). Both models displayed high stability
across data splits (R standard deviation =
0.00). The strong predictive capacity of
these tree-based models indicates that
burn severity in the Zagros ecosystem is
driven by complex, non-linear interactions
among predictors. The random k-fold
cross-validation used here may yield opti-
mistic performance metrics because of the
strong spatial autocorrelation inherent in
raster data. Consequently, the cross-valida-
tion metrics reported in Tab. 4 should be in-
terpreted as upper-bound estimates of
generalization.

Regarding variable importance (Tab. 5),
the Random Forest model identified mois-
ture (NDMI) as the most influential predic-
tor, followed by thermal stress (LST) and
slope. Secondary drivers included proxim-
ity to roads, the decadal NDVI trend, and
spatial texture contrast. For the XGBoost
model, categorical land cover emerged as
the primary feature, followed by NDMI,
slope, and distance to roads.

Multicollinearity among continuous pre-
dictors was generally low to moderate
(Tab. S1in Supplementary material). For in-
stance, LST and NDMI showed Variance In-
flation Factors (VIF) of 2.74 and 3.17, re-
spectively, while topographic, spatial tex-
ture, and proximity variables remained
near 1.00 to 1.60. As expected, land-cover
indicators exhibited larger VIFs (up to 7.19
for the combined shrub and grassland
class). These diagnostics justify our use of
tree-based learners, which robustly handle
remaining categorical collinearity while ef-
fectively capturing the underlying ecologi-
cal drivers of fire severity.

Linear regression results

The ordinary least squares (OLS) baseline
model offered an interpretable approxima-
tion of burn-severity drivers, yielding a
moderate fit (R> = 0.34, adj-R*> = 0.34, F =
5041, p < 0.001, N = 89,314). While these lin-
ear relationships explain roughly one-third
of the variance in dNBR, the substantial
performance gap between OLS and the en-
semble algorithms highlights that the eco-
logical mechanisms driving fire severity in
the Zagros Mountains are fundamentally
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non-linear and rely heavily on the synergis-
tic effects of moisture gradients, terrain,
and long-term degradation.

Discussion

Interpretation of key findings

The results indicate that machine learning
algorithms, particularly tree-based ensem-
bles, provide a robust predictive frame-
work for modeling burn severity (dNBR)
within the heterogeneous Zagros land-
scape (Seydi et al. 2024). However, com-
pared to simpler parametric models, these
enhanced predictive capacities should be
interpreted contextually, bearing in mind
that random cross-validation yields upper-
bound estimates due to spatial autocorre-
lation.

These values are particularly noteworthy
because the analyzed fire event was domi-
nated by low-to-moderate severity, which
compresses the dynamic range of the re-
sponse variable and lowers the theoretical
ceiling for explained variance. The ability of
these models to recover spatially coherent
patterns under such circumstances indi-
cates non-linear structures and complex in-
teractions among the drivers of burn sever-
ity, which linear models cannot capture.

Model explainability from both ensem-
bles converges on a moisture-thermal
mechanism as the primary driver, which is
further modulated by fuel type and its spa-
tial structure (Seydi et al. 2024). In the Ran-
dom Forest model, moisture (NDMI) and
temperature (LST) emerged as the most in-
fluential predictors, followed by slope,
proximity to roads, the decadal NDVI
trend, and spatial texture contrast. Consis-
tent with well-established literature, this hi-
erarchy confirms that pre-fire fuel moisture
and surface temperature impose first-order
constraints on fire effects, while topogra-
phy and anthropogenic access gradients
shape where intense burning is most likely
to occur (Eskandari et al. 2021, Povak et al.
2025). The XGBoost model corroborates
the primacy of NDMI but elevates the im-
portance of categorical land cover classes,
most notably barefimpervious land (class
5.0) and, to a lesser extent, cropland (class
4.0) and the merged shrubland/open-for-
est class (classes 2 and 3), above many con-
tinuous predictors. Collectively, these re-
sults suggest a multi-layered dynamic. At
the broader watershed scale, fuel moisture
(NDMI) and thermal stress (LST), the top
continuous predictors in our models, es-
tablish the baseline environmental suscep-
tibility. Conversely, at the local patch level,
specific fuel types and spatial configura-
tions drive the amplification or damping of
burn severity. This local modulation is em-
pirically supported by the XGBoost model,
which prioritized categorical land cover as
the most critical feature, and the Kruskal-
Wallis test results (H = 13,616.97, p < 0.001).
Specifically, the significant contrast be-
tween the high severity in contiguous fine
fuels (Shrublands/Grasslands, mean = 0.30)
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and the lower severity in more resilient,
moisture-buffered structures (Closed For-
est, mean = 0.07) provides clear evidence
of how local fuel characteristics modify the
fire’s impact.

These model-derived patterns are rein-
forced by independent statistical tests. The
Mann-Whitney U test revealed that pixels
with a negative long-term NDVI trend ex-
perienced significantly higher dNBR values
(Smith et al. 2021), directly supporting the
hypothesis that chronic vegetation decline
predisposes ecosystems to more severe
fires by reducing live fuel moisture and in-
creasing the load of receptive fine fuels.
Furthermore, the Kruskal-Wallis test con-
firmed significant differences in burn sever-
ity among land cover classes. Among vege-
tated types, shrubland/grassland exhibited
the highest median severity, followed by
open forest and cropland, while closed-
canopy forest was the least severely
burned (Miller et al. 2023). This pattern
aligns with expected differences in fuel
continuity, loading, and moisture-buffering
capacity across these vegetation types.

Synthesizing these findings, burn severity
in the Zagros is best understood as an out-
come of multi-scale interactions. At the
macro-scale, pre-fire moisture and surface
temperature establish the primary con-
straints on watershed-level fire potential.
Concurrently, at the local scale, fuel type
and neighborhood structure, captured by
spatial texture, govern fire propagation
and intensification. Finally, contextual fac-
tors such as terrain and anthropogenic ac-
cess gradients further modify fire exposure
and spread potential. This integrated un-
derstanding explains why flexible, non-lin-
ear models that can learn complex interac-
tions generalize far better than their linear
counterparts in an environment character-
ized by a limited dynamic range and com-
plex spatial controls (Seydi et al. 2024).

Comparison with existing research

Our cross-validated model performance
(XGBoost R2= 0.70 and Random Forest R>=
0.65) is consistent with results from other
studies in structurally complex forests
where modeling relies solely on static vari-
ables. Previous research has consistently
affirmed the power of Random Forest for
predicting burn severity (Hultquist et al.
2014, Collins et al. 2018). As noted in litera-
ture reviews, a key challenge is that much
of the unexplained variance in such static
models do not stem from algorithmic limi-
tations, but from the absence of dynamic
fire-weather and fine-scale fuel moisture
data (Miller et al. 2023).

Our finding that moisture (NDMI) and
temperature (LST) are the most influential
predictors aligns with other research high-
lighting the critical role of these factors.
For instance, studies have shown that Land
Surface Temperature (LST) is a founda-
tional variable in developing burn severity
indices (Zheng et al. 2016). Similarly, a
large-scale analysis in Canada’s mountain

Zagros burn severity drivers

national parks found that variables related
to vegetation moisture and temperature
(like NDMI and LST) were among the most
important drivers of burn severity (dNBR
—Wang et al. 2022). This convergence un-
derscores a widely applicable moisture-
thermal mechanism.

This distinction resolves apparent contra-
dictions in previous NDVI-burn severity
studies. Current research on Normalized
Difference Vegetation Index (NDVI) and
burn severity relationships reveals seem-
ingly contradictory findings that highlight
this complexity. Studies have found that
higher NDVI values immediately before fire
events are associated with increased burn
severity (Huang et al. 2020). However, pre-
fire forest health as measured by NDVI also
plays a crucial role in post-fire recovery pat-
terns. Areas with higher pre-fire NDVI val-
ues showed significant increases in post-
fire forest recovery metrics compared to
areas with lower pre-fire NDVI values, sug-
gesting that healthier pre-fire forest condi-
tions may result in faster forest recovery
(Viana-Soto et al. 2020, Alegria 2022).

Our novel finding that a decadal negative
NDVI trend enhances prediction is consis-
tent with the principles of time-series anal-
ysis for forest monitoring. In this approach,
long-term trends in satellite data, such as
from Landsat, are used to detect and quan-
tify changes in forest health and cover over
time (Novo-Fernandez et al. 2018). The ob-
served association between the decadal
NDVI trend and high burn severity suggests
that long-term vegetation decline may act
as a slow-acting predisposing factor.
Rather than directly driving fire intensity,
this trend could reflect an ecosystem’s in-
creasing vulnerability to severe fire over
time.

Our models revealed that landscape
structure, particularly vegetative land-
cover types, plays a significant role in pre-
dicting fire severity. However, interpreta-
tions of land-cover influence must account
for spectral artifacts; non-burnable sur-
faces (e.g., Bare/Water) can exhibit artifi-
cially high dNBR values due to edge ef-
fects, potentially confounding machine-
learning outputs if not masked. The high
importance of the land cover variable is
consistent with findings that emphasize
the need for vegetation-specific informa-
tion to improve burn severity prediction
(He et al. 2024). Furthermore, the higher
severity observed in shrublands than in
dense forests aligns with studies showing
that severity varies significantly across veg-
etation layers (Muhammad et al. 2024).
The importance of spatial texture has also
been confirmed elsewhere; for example,
Hultquist et al. (2014) identified texture as
a key predictor in their Random Forest
model. While high dNBR values over bare
surfaces are often artifacts of spectral
edge effects (Collins et al. 2020), our con-
clusions regarding land-cover controls re-
main robust. By explicitly excluding these
non-burnable surfaces from our core statis-
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tical evaluations (Tab. 5), we confirmed
that structural differences among actual
vegetative fuel types (e.g., shrublands vs.
forests) genuinely drive the observed fire
severity patterns. The high importance of
non-burnable surfaces in the XGBoost
model reflects the algorithm’s ability to
maximize predictive accuracy by identify-
ing “zero-severity” boundaries, although
we excluded these areas from ecological
mean-comparison tests to avoid biasing
the drivers of actual fuel consumption.

A substantial portion of the residual un-
certainty in our model likely stems from
the absence of dynamic fire-weather data.
While we do not directly test this in our
study, the literature suggests these vari-
ables are critical, and studies that integrate
them often report significant improve-
ments in model accuracy. For instance,
Vanderhoof et al. (2025) increased their
Random Forest model’s R2 from 0.46 to
0.78 by adding event-specific weather in-
dices like wind speed. This confirms that
the primary limitation in predictive preci-
sion is often limited access to top-down
forcings, a challenge also identified as a
barrier to comparing results across studies
(Miller et al. 2023).

Novelty, limitations, and future
research directions

The primary novelty of this work lies not
in the individual methodological compo-
nents, but in their regional integration; we
combined long-term NDVI trends with
short-term biophysical variables and tex-
ture metrics to create a comprehensive,
multi-scale framework for burn-severity
modeling specific to the Zagros ecosystem.
This was achieved by jointly integrating (i)
long-term ecosystem decline (the decadal
NDVI trend), (ii) pre-fire biophysical status
(NDMI, LST), and (iii) a collinearity-screen-
ed GLCM texture metric. While machine
learning has been used to model fire in var-
ious contexts, integrating long-term eco-
logical degradation with short-term bio-
physical drivers remains largely unexplored
in semi-arid Mediterranean-type forest eco-
systems. Addressing this gap is critical be-
cause chronic vegetation decline, such as
the oak decline observed in the Zagros,
represents a slow-acting predisposing fac-
tor that fundamentally alters fuel charac-
teristics and fire vulnerability. This study
therefore establishes a reproducible base-
line for future research on fire effects in
these chronically stressed environments.
These contributions, however, should be
considered in light of two principal limita-
tions: (i) missing dynamic fire-weather forc-
ings — hourly data fields for wind, humid-
ity, and atmospheric stability were unavail-
able for the fire window; such variables are
widely acknowledged as dominant “top-
down” drivers of burn severity, and their
exclusion is a recognized source of unex-
plained variance in remote sensing-based
severity studies (Miller et al. 2023, Vander-
hoof et al. 2025); (ii) the proxy nature of
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fuel descriptors — satellite-derived indices
and texture metrics capture fuel moisture
and structure only indirectly. They cannot
resolve fine-scale dead-fuel moisture con-
tent or live-fuel loading, both of which are
identified in the literature as common blind
spots that propagate uncertainty into mod-
el outputs (Seydi et al. 2024).

These constraints define clear priorities
for future research: (i) integrate high-reso-
lution meteorology - future models should
incorporate data from station networks or
downscaled reanalysis products to explic-
itly represent event-scale fire-weather cou-
pling; (ii) incorporate field-calibrated fuel
data - collecting or accessing field-cali-
brated fuel measurements is essential to
validate and refine the spectral and textu-
ral proxies used, thereby addressing a criti-
cal data gap highlighted in comparative
severity assessments; (iii) conduct external
validation - the framework’s generalizabil-
ity must be tested across multiple fires in
the Zagros region; this includes bench-
marking its performance against standard-
ized burn-severity products, whose classifi-
cation thresholds and ecological relevance
continue to face scientific scrutiny.

Strategic implications for fire
management in the Zagros region

The modeling results provide a founda-
tion for shifting Zagros fire management
from a predominantly reactive posture to a
proactive, data-driven strategy that antici-
pates, rather than merely responds to, se-
vere fire events.

Proactive vulnerability mapping

The strong pre-fire signals associated
with NDMI, LST, and the decadal NDVI
trend suggest the potential to identify
landscapes primed for high burn severity
months in advance. However, as our cur-
rent findings are derived from a single fire
event, prospective validation across multi-
ple independent fires is required to confirm
this as an operational early-warning capa-
bility. Operationally, these variables can be
composited in Google Earth Engine to gen-
erate dynamic “fire-vulnerability hotspot”
maps at the start of each fire season. This
allows agencies to strategically stage sup-
pression resources and focus public-aware-
ness campaigns where risk is greatest (Es-
kandari et al. 2021, Sadeghi et al. 2024).

Landscape-structure management

The significance of both spatial texture
metrics and topographic variables indi-
cates that fire severity is governed not only
by terrain but also by the spatial arrange-
ment and continuity of fuels. Management,
therefore, should extend beyond simple
fuel-type inventories to actively manipulate
spatial patterns, for example, by construct-
ing fuel breaks across high-continuity corri-
dors and conserving highly fragmented
patches as potential refugia.

Resilience-oriented stewardship

While the predominance of low-to-mod-
erate severity in the studied event could
suggest underlying ecosystem resilience,
alternative factors like favorable weather
conditions during the fire or effective local
suppression efforts must also be consid-
ered. By running the model in reverse and
identifying combinations of moisture sta-
tus, vegetation trend, and texture associ-
ated with low dNBR, managers can priori-
tize maintaining landscape attributes that
foster desirable, low-severity fire regimes.
Such a shift aligns with emerging regional
policy recommendations that call for re-
silience-focused planning rather than an
exclusive reliance on full suppression.

Collectively, these implications argue for
embedding the presented modeling frame-
work within routine decision cycles, lever-
aging open-source platforms to deliver
near-real-time risk products and guiding in-
terventions that shape, not simply extin-
guish, future fire behavior.

Conclusions

This study aimed to develop a predictive
model for burn severity within the com-
plex, fire-prone ecosystems of the Zagros
Mountains by integrating long-term eco-
system health trends, spatial texture met-
rics, and traditional biophysical variables.
Our findings indicate that machine learning
ensembles, particularly XGBoost, offer a ro-
bust predictive framework. The models re-
vealed that pre-fire biophysical conditions
(notably moisture and temperature) and
fuel type (land cover) are strongly associ-
ated with fire effects. Furthermore, long-
term vegetation decline (NDVI trend), to-
pography, and landscape structural hetero-
geneity (texture) emerged as important
secondary predictors of local burn severity.
However, these findings must be interpret-
ed in the context of several methodologi-
cal limitations. Given the correlational de-
sign, the identified relationships represent
plausible ecological associations rather
than proven causal mechanisms. Addition-
ally, the reported predictive performance
likely reflects upper-bound estimates due
to spatial autocorrelation, and accurate in-
terpretation required the careful masking
of spectral artifacts over non-burnable sur-
faces. Because this study is based on a sin-
gle fire event, the current framework pro-
vides a foundational, data-driven under-
standing of regional vulnerability rather
than an operationally ready management
tool. Future research should prioritize pro-
spective validation across multiple inde-
pendent fires and integrate dynamic fire-
weather data. Ultimately, this study ad-
vances the scientific understanding of spa-
tial fire dynamics in the Zagros region, of-
fering a vital first step toward developing
proactive, spatially explicit landscape man-
agement strategies.

List of abbreviations
The following abbreviations have been
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used throughout the text:

» dNBR: differenced Normalized Burn Ratio

* GEE: Google Earth Engine

* GLCM: Gray-Level Co-occurrence Matrix

* HC3: Heteroscedasticity-Consistent Stan-
dard Errors (type 3)

* LST: Land Surface Temperature

* NDMI: Normalized Difference Moisture
Index

* NDVI: Normalized Difference Vegetation
Index

* NIR: Near-Infrared

* OLS: Ordinary Least Squares

* RF: Random Forest

* RMSECV: cross-validated Root Mean
Square Error

* R2CV: cross-validated R-squared

* VIF: Variance Inflation Factor

* XGB: XGBoost
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