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Abstract

The spatial relationships between lightning-induced fire ignition and topography, vege-
tation, climate, and weather were analyzed in the region of East Macedonia and Thrace,
northeastern Greece. The study was based on reported lightning-induced ignitions during
the 2009 fire period. Lightning data for the same period was provided by the ZEUS light-
ning detection network operated by the National Observatory of Athens, while fire statistics
were obtained from the official records of the Greek Fire Service. A total of 198 lightning
strike events (66 fire ignitions and 132 non-fire events) were used for model development.
Statistical models based on Logistic Regression (LR) and random forests (RF) were de-
veloped to estimate the probability of lightning-induced fire using topography, climate,
weather, and vegetation indices as predictor variables. According to the analysis results,
the probability of an area being affected by lightning-induced fire is primarily determined
by the Normalized Difference Vegetation Index (NDVI) and the accumulated precipitation
in 24 h equal to or less than 2.5 mm expressed by Dry Thunderstorm (DT) day occurrence
in this dataset. The logistic regression model achieved an area under the ROC curve of 0.94
and an overall classification accuracy of 91.9%, while the random forest model produced
an Out-Of-Bag (OOB) error rate of 3.0%. Although the models have not been subjected
to independent validation and include a single year’s data, the results demonstrate high
internal classification performance and provide valuable insights into the primary drivers
of fire ignition following lightning strikes in the study region. The outcomes of the present
study will be useful in assessing spatially explicit fire risk, the planning and coordination
of efforts to identify high-fire-risk areas, and designing long-term fire management and
climate change adaptation strategies.

Keywords: lightning-induced fires; logistic regression; random forest; NDVI; dry thunderstorms;
Greece

1. Introduction
Fires constitute one of the most significant natural disturbances impacting forests and

other natural ecosystems globally, with substantial implications for biodiversity, carbon cy-
cling, air quality, and human safety [1]. While anthropogenic ignitions drive fire occurrence
in many regions, lightning remains a critical natural ignition source that can account for a
substantial proportion of the burned area, particularly in remote and mountainous forested

Fire 2026, 9, 292 https://doi.org/10.3390/fire9070292

https://crossmark.crossref.org/dialog?doi=10.3390/fire9070292&domain=pdf&date_stamp=2026-07-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/fire
https://www.mdpi.com
https://orcid.org/0000-0001-5944-3701
https://orcid.org/0000-0001-7123-5358
https://doi.org/10.3390/fire9070292


Fire 2026, 9, 292 2 of 24

landscapes [2,3]. Understanding factors that affect lightning-induced fire ignition is there-
fore essential for developing effective fire risk assessment frameworks and informing fire
management strategies in an era of changing climate and fire regimes [4,5].

Lightning-induced fires, though typically less frequent than human-caused fires on a
global scale, are responsible for most of the burned area in certain regions and represent an
increasingly important component of fire regimes under projected climate change scenar-
ios [6–8]. Recent studies have demonstrated that climate-driven changes are amplifying
lightning-induced fire risk across multiple continents, with future projections indicating
substantial increases in lightning fire activity mainly in boreal and temperate forests [5].
Specifically, changes in atmospheric instability and moisture availability associated with
climate change are expected to modify both the frequency and spatial distribution of dry
thunderstorm events, which are critical drivers of lightning-induced fire ignitions [4]. Re-
cent modelling studies show significant increases in lightning-induced fire activity across
boreal and temperate forests under climate change scenarios [5], highlighting the need for
reliable spatiotemporal assessments of lightning-induced fire risk that can inform long-term
fire management and climate change adaptation planning.

In North America, lightning accounts for the majority of large fire occurrences in
boreal forests, with climate-driven increases in lightning activity and fuel dryness creating
favorable conditions to extensive burning [6,9]. Studies of long-term trends in western
North America revealed that both anthropogenic and lightning-induced fires are becoming
larger and more frequent over a longer fire season, with the interannual variability in
lightning-induced fire activity strongly controlled by antecedent climate and fuel mois-
ture conditions [7,9]. In Canada, spatiotemporal analyses covering nearly four decades
(1981–2018) have identified distinct regional patterns of lightning-induced fires, with sea-
sonality and trends varying considerably across the boreal forest biome [10,11]. In Australia,
lightning activity accounts for a large fraction of the burned area in southeastern regions,
with weather and fuel variables strongly affecting the ignition probability [12,13]. A recent
study in Tasmania has successfully modelled the probability of lightning-induced fires,
revealing the critical role of atmospheric moisture deficits in determining fire ignition
success [14]. In the boreal forests of northern latitudes, large-scale climatic patterns ex-
ert primary control on lightning-induced fire occurrence, with fire weather indices and
fuel moisture conditions mediating the relationship between lightning activity and area
burned [15,16]. Notably, lightning-induced fires are now occurring beyond the polar circle
in Siberian forests, representing a northward expansion of the lightning-induced fire regime
associated with climate warming [16]. In central Siberia, the fire regime is characterized by
frequent lightning-induced fires that shape the forest structure and composition over large
spatial scales [17]. In the Alpine region, lightning-induced fires represent an increasing
problem, with detailed analyses in Austria and Switzerland revealing the critical role of
lightning strike characteristics such as the continuing current duration and peak current
and the local fuel conditions in determining fire initiation [18–20]. These global studies
demonstrate that lightning-induced fires are a significant phenomenon across diverse
biomes and climatic zones; yet, they also reveal substantial regional variation in ignition
rates, environmental controls, and fire behavior. Notably, Mediterranean ecosystems,
characterized by summer drought, diverse fuel types, and complex topography, remain
understudied compared to boreal and temperate regions, despite experiencing significant
lightning activity during the fire season.

Within the Mediterranean Basin, lightning has been identified as an important ignition
source in specific regions, though its relative contribution varies considerably with regional
climate, topography, and vegetation characteristics [21]. A study in Central Spain has de-
veloped time-invariant probability models highlighting the role of vegetation water status,
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topographic position, and dry thunderstorm frequency in determining lightning-induced
fire ignition [22]. In the Iberian Peninsula, more broadly, recent modelling efforts have
focused on the daily probability forecasting of lightning-induced ignitions, incorporat-
ing synoptic weather patterns, fuel moisture dynamics, and lightning characteristics to
improve operational fire management [23,24]. Spatial analyses in the central plateau of
the Iberian Peninsula have also demonstrated that vegetation type, fuel load, topogra-
phy, and lightning characteristics such as peak current, polarity, and multiplicity jointly
drive lightning-induced fire ignition [25,26]. In northwestern Spain, the probability of fires
induced by lightning has been successfully predicted using topographic, climatic, and
vegetation variables, offering significant contributions to regional fire risk assessment [27].
Synoptic-scale meteorological analyses have identified specific atmospheric circulation pat-
terns conducive to lightning-induced fires in Castile and León, emphasizing the importance
of upper-level troughs and surface instability in generating DT [28]. A global database on
the holdover time, e.g., the delay between lightning strike and fire detection, has revealed
substantial variability across biomes and climate zones, with important implications for fire
detection and suppression strategies [29]. Holdover occurs when a lightning strike ignites
smoldering combustion in organic material (such as duff, rotten wood, or peat) that may
burn undetected for hours or even days before transitioning to flaming combustion and
becoming visible as an active fire. Holdover times can range from a few hours to several
days depending on fuel moisture, fuel type, and weather conditions following the strike.
In Catalonia, a comprehensive characterization of lightning-induced fires has identified the
rainfall factor as a critical determinant of ignition success, with DT events (precipitation
<2.5 mm) accounting for most fire ignitions [30,31]. Synoptic weather patterns conducive to
lightning-induced fires in the same region have been classified, and the holdover phase has
been characterized in detail, providing insights into the temporal dynamics of lightning-
induced fire occurrence [32]. Despite the documented importance of lightning-induced fires
in Mediterranean Europe, quantitative studies specifically focused on Greece remain scarce,
where only a recent work on Mount Mainalo in the central Peloponnese has examined the
spatiotemporal distribution of lightning-induced fires, highlighting the role of topography,
vegetation, and seasonal weather patterns in determining fire ignition [33].

The ignition of a lightning-induced fire requires the coincidence of three factors:
(a) lightning activity, (b) ignitable fuels, and (c) weather conditions conducive to igni-
tion [34,35]. Each of these factors is shaped by a complex interplay of topographic, cli-
matic, and vegetation characteristics that fluctuate across spatial and temporal scales.
Lightning activity is controlled primarily by atmospheric instability, moisture availabil-
ity, and orography, with topography playing a key role in modulating storm develop-
ment [36,37]. In mountainous regions, elevation gradients create differential heating pat-
terns that promote convective initiation, while aspect influences the timing and intensity of
solar heating [38,39].

The relationship between lightning density and topography has been documented
across diverse geographic regions, from the boreal forests of Canada to the Mediterranean
mountains of southern Europe [3,40,41]. The availability and ignitability of fuel are de-
termined by the type, structure, and moisture content of vegetation, which are, in turn,
influenced by climate, topography, and the history of disturbances [42]. Vegetation indices
derived from satellite remote sensing, particularly the NDVI, provide spatially explicit
measures of vegetation greenness or dryness that correlate with the fuel load and continu-
ity [22,23]. Topographic variables such as elevation, slope, and aspect influence vegetation
distribution and fuel moisture through their effects on temperature, precipitation, and
solar radiation [26,27]. Weather conditions at the time of lightning strikes are also critical
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in determining whether ignition occurs and whether an ignited fire will spread and/or
self-extinguish [43,44].

DT, defined as the lightning event accompanied by a low amount of rainfall or no
precipitation, has been central to understanding lightning-induced fire ignition in many
regions [37,43]. DT occurs when precipitation evaporates before reaching the ground or
when convective cells produce lightning but minimal rainfall, creating conditions where
fuels remain dry and ignitable [45]. The occurrence of DT is influenced by atmospheric
instability, moisture availability at different atmospheric levels, and synoptic weather
patterns, making it a key variable for understanding lightning fire risk [43]. Therefore,
forecasts for dry lightning potential have been developed for operational fire management
in several regions, incorporating atmospheric moisture profiles, instability indices, and
synoptic weather patterns [43,46]. In southwestern North America, the effect of monsoonal
atmospheric moisture on lightning-induced fire ignitions has been quantified, revealing
a threshold relationship where the ignition probability decreases sharply above certain
precipitation levels [47]. In central Brazil, the characteristics of lightning-induced fires have
been analyzed in relation to cloud-to-ground lightning and dry lightning events, emphasiz-
ing the importance of precipitation deficits [48]. A recent work on lightning-induced fires
in the western United States has characterized ignition precipitation and associated envi-
ronmental conditions, providing insights into the atmospheric and fuel moisture thresholds
that govern ignition success [44]. Climate variables, particularly long-term precipitation
and temperature patterns, influence both fuel accumulation and fuel moisture, thereby
affecting the relationship between lightning activity and fire occurrence [4,42]. In the boreal
forest ecosystems of western North America, future increases in lightning-induced ignition
efficiency and fire occurrence are expected from drier fuels associated with a warmer
climate, even in the absence of substantial increases in lightning frequency [4].

A range of statistical and machine-learning methodologies have been utilized to model
the occurrence of lightning-induced fires and to forecast spatial patterns of fire probability.
LR provides interpretable coefficients (odds ratios) that quantify the direction and mag-
nitude of predictor effects, making it valuable for understanding which environmental
factors increase or decrease the fire ignition probability. RF, an ensemble machine-learning
method, can capture non-linear relationships and complex interactions among predictors
without requiring an explicit specification of the interaction terms, often achieving a higher
predictive accuracy than parametric methods.

LR is frequently employed due to its interpretability, computational efficiency, and
capacity to quantify the effects of individual predictor variables through odds ratios [49,50].
LR models have been successfully applied to the lightning-induced fire occurrence in
diverse geographic settings, including Ontario [35], British Columbia [51], the Iberian
Peninsula [22,27], and Austria [19,52]. These models typically incorporate topographic, cli-
matic, and vegetation variables as predictors and estimate the probability of fire occurrence
in each spatial unit (grid cell or administrative unit) over a defined period. Machine-
learning methods, particularly RF, have gained prominence in recent years due to their
ability to capture non-linear relationships and complex interactions among predictor vari-
ables without requiring an explicit specification of the functional forms [53,54]. RF models
have been applied to lightning-induced fire occurrence in Montana [53], Tasmania [14],
southeastern Australia [55], and boreal coniferous forests [56], often achieving a higher
predictive accuracy than traditional LR approaches. Interpretable artificial intelligence
models for predicting lightning-induced fires have been developed, incorporating explain-
able machine-learning techniques to identify the most important predictor variables and to
understand model behavior [5,57]. Other machine-learning approaches, including Light
Gradient Boosting Machine [58] and Maximum Entropy methods [59], have also been
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applied to fire susceptibility modelling, though less frequently for lightning-induced igni-
tions. Spatial modelling techniques, including model-based geostatistics and Generalized
Additive Models, have been employed to account for spatial autocorrelation and to produce
smooth spatial predictions of lightning-induced fire probability [25,60]. These approaches
are particularly valuable when fire occurrence data exhibit a strong spatial structure, as is
often the case due to the spatial clustering of lightning activity and the spatial continuity
of environmental variables. Comparative evaluations of statistical and machine-learning
methods for fire occurrence prediction have generally found that machine-learning ap-
proaches achieve higher predictive accuracy, but LR provides greater interpretability and
more straightforward quantification of predictor effects [61].

Despite the recognized importance of lightning as a fire ignition source in Mediter-
ranean ecosystems, comprehensive spatial assessment of lightning-induced fire probability
is still lacking in Greece. Existing studies on fire occurrence in Greece have primarily
focused on human-caused ignitions with limited attention to the specific environmental
conditions driving lightning-induced fire ignition. Furthermore, no study has yet applied
and compared both parametric and ensemble machine-learning approaches to quantify
the probability of lightning-induced fire ignition in the country The geographical area of
East Macedonia and Thrace, situated in the northeastern part of Greece, is characterized by
recurring summer thunderstorms and features large areas of forested landscapes, rendering
it especially vulnerable to fire occurrence by lightning strikes [40]. This study aims to
(a) quantify the spatial relationships between lightning-induced fire ignition and envi-
ronmental variables and indices in East Macedonia and Thrace, Greece, (b) develop and
compare LR and RF models for classifying the spatial probability of lightning-induced fire
ignition, and (c) identify the most important environmental predictors of lightning-induced
fire ignition in this Mediterranean region. By explicitly addressing this gap, this study
provides the first assessment of lightning-induced fire ignition in Greece, contributing to a
methodological framework that could be applicable to other Mediterranean regions with
similar fire regimes and climate characteristics.

2. Materials and Methods
2.1. Study Area

The study focuses on the administrative region of East Macedonia and Thrace, located
in northeastern Greece (Figure 1). The whole region covers approximately 14,157 km2

where forests and natural areas occupy 7919.17 km2 and are characterized by diverse
topography, ranging from coastal lowlands along the Aegean Sea to mountainous terrain
in the interior, with elevations reaching over 2200 m. The climate is transitional between
Mediterranean along the Aegean Sea and continental into the mainland of the region and
in the Rhodopi mountains across the Greek–Bulgaria borders, with hot, dry summers
and cool, wet winters. Mean annual precipitation ranges from approximately 480 mm in
coastal areas to over 1000 mm in mountainous zones, while mean annual temperature
is 16 ◦C [62]. The region’s vegetation is dominated by mixed deciduous and coniferous
forests in the mountainous areas, Mediterranean shrublands with maquis and phrygana
in the lowlands, and agricultural lands in the valleys and coastal plains. The dominant
forest tree species include Pinus brutia, Pinus nigra, Quercus spp., Fagus sylvatica, and Abies
spp. These geographic, climatic, and vegetation characteristics create spatial heterogeneity
in lightning-induced fire ignition across the region. Mountainous terrain and elevation
gradients influence both lightning activity (through orographic lifting and convective
instability) and fuel moisture conditions, with higher elevations generally experiencing
more lightning but also higher fuel moisture. The pronounced summer drought creates a
temporal window of high fire susceptibility when fuels are dry, while spatial variation in
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vegetation type and density creates differential fuel availability and ignitability. The region
experiences frequent spring and summer thunderstorms, particularly in the mountainous
interior, making it susceptible to lightning-induced fires [40,63].

Figure 1. Study area.

2.2. Fire and Lightning Data

Fire data were obtained from the Greek Fire Service database, which contains records
of all reported fires in Greece, including information on fire location (coordinates), date,
and burned area. After every fire event, investigators from the Fire Service conduct a
formal fire origin and investigation task and assign each fire to a cause category if sufficient
evidence exists. Cases with uncertain or ambiguous cause attribution are classified as
“Unknown cause”. For this study, we extracted all lightning-induced fires that occurred in
the study area during the 2009 fire season (from 1st of May 2009 until the 31st of October
2009). While cause attribution is subject to uncertainty, particularly for small fires and fires
in remote areas, lightning-induced fires are generally more reliably identified than other
causes due to the temporal coincidence with thunderstorm activity and the characteristic
ignition patterns [64,65].

Lightning data were provided by the ZEUS (Zeus long-range lightning and storm
tracking network) lightning detection network, operated by the National Observatory
of Athens. ZEUS is a long-range very-low-frequency lightning detection network that
provides real-time detection and location of cloud-to-ground lightning strikes across the
Mediterranean region and Europe [66]. The network’s detection efficiency for the study area
during the study period was estimated at approximately 20–25%, based on comparison with
other lightning detection systems and validation studies. While this detection efficiency is
lower than that of modern Lightning Location Systems (LLS) networks, ZEUS is capable of
monitoring and delineating correctly the thunderstorm areas although it underdetects the
actual number of cloud-to-ground lightning [67].

2.3. Spatial Framework and Response Variable

In order to homogenize the dataset and, in particular, to reduce the several thousand
lightning strike events with no fire occurrence recorded during the study period, the total
number of which exceeded 3500, the following procedure was followed to avoid the severe
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class imbalance between lightning-induced fire ignition points and lightning strikes that
did not result in fire ignition:

(a) Spatial verification: Each lightning-induced fire ignition point recorded in the Greek
Fire Service database was spatially verified against the georeferenced data of the
ZEUS lightning detection network. Only fire records that exhibited spatial coincidence
between the two datasets were retained for further analysis. A fire ignition was
considered spatially coincident with lightning if one or more lightning strikes were
detected within 2 km of the fire ignition point. This buffer accounts for lightning
location uncertainty (1–2 km for ZEUS network), fire ignition location uncertainty
(typically 0.5–1 km based on Fire Service GPS accuracy), and potential fire spread from
the actual ignition point to the location where the fire was first detected.

(b) Spatial frame delineation: For each verified lightning-induced fire ignition point, a
2 km × 2 km grid cell was delineated within a Geographic Information System, with
the ignition point positioned at the centroid of the cell. This cell size accounts for
spatial uncertainty in both ZEUS detection accuracy and fire ignition reporting, while
the environmental predictor variables (meteorological data and vegetation indices)
are available at 1 km resolution. A 2 km × 2 km cell allowed us to aggregate or
average these 1 km pixels to obtain representative environmental conditions at the
lightning-fire event scale.

(c) Control selection: All ZEUS-detected lightning strike locations with no fire occurrence
that fell within, or were spatially contiguous with, the boundary of each grid cell
were retained in the analysis as non-fire controls. Non-ignition cases were sampled
from the entire pool of lightning strikes across the study region that did not result
in recorded fires. This approach ensures that the developed models capture the full
range of environmental conditions under which lightning strikes occurred, both in
areas where fires ignited and in areas where they did not.

The above procedure yielded 132 non-fire observations paired with 66 fire ignitions
presented a 1:2 case-to-control ratio. Critically, lightning-induced fire and non-fire ob-
servations were drawn from the same local environmental and meteorological context,
minimizing confounding due to spatial variation in lightning occurrence patterns.

Subsampling is a standard and necessary procedure when dealing with severe class
imbalance in binary outcome variables, and its application here was essential to ensure the
validity of subsequent statistical analyses [68].

2.4. Predictor Variables

A set of environmental predictor variables and indices representing topography, vege-
tation, climate, and weather conditions was compiled for the analysis. Variable selection
was guided by previous studies of lightning-induced fire occurrence and by the conceptual
understanding of the factors controlling lightning activity, fuel availability, and ignition
success [22,23,26,27,34,35].

Topography variables, including elevation (ELEV), slope (SLP), aspect (ASP), rough-
ness (RGH), Topographic Wetness Index (TWI), and Topographic Position Index (TPI), were
extracted from a Digital Elevation Model (DEM) with 25 m spatial resolution provided
by Copernicus Land Monitoring Service [69], while Tree Cover Density (TCD) with 10 m
spatial resolution was also obtained from Copernicus Land Monitoring Service [70].

Gridded weather and climate variables and indices for the study period such as air
temperature (TEMP), relative humidity (RH), wind speed (WS), Normalized Differential
Vegetation Index (NDVI), Canadian Fire Weather Index (FWI), and Soil Moisture Index
(SMI) were obtained from Prapas et al. [71] study which contains a dataset with variables on
a daily basis at 1 km × 1 km grid for fire hazard forecasting purposes in Greece. DT events
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were defined as the thunderstorms that produce lightning but little or no precipitation
at the ground, creating conditions where fuels remain dry and ignitable [37,43,45] and
were set operationally in this study when the total daily accumulated precipitation was
equal to or less than 2.5 mm. The DT was coded as a binary variable (0 or 1) for each
individual lightning strike event in the dataset. Specifically, for each lightning strike,
DT = 1 if the daily accumulated precipitation on the day of the strike was ≤2.5 mm, and
DT = 0 if precipitation exceeded 2.5 mm. This variable represents the frequency of weather
conditions conducive to lightning-induced fire ignition and has been shown to be a strong
predictor of lightning-induced fire occurrence in previous studies [22–24]. Since the exact
time of lightning fire ignition was not recorded in the Greek Fire Service database, all
weather and climate variables were obtained by using daily noon weather observations at
12:00, while DT occurrence or not was based on the total daily precipitation value for the
strike date.

Vegetation variables included Land-Use/Land-Cover (LULC) types extracted from
the Copernicus Land Monitoring Service [72], the Ecosystem Types (ES) obtained from
the study of Verde et al. [73], and the Forest Types (FT) maps from the National Forest
Inventory [74] of Greece. All of the spatial extraction was performed for the 2 km × 2 km
grid cell centered on each lightning strike location, with values averaged across the four
1 km pixels within each cell for variables available at 1 km resolution.

The FireCube dataset [71] provides daily meteorological and vegetation variables at
1 km spatial resolution in a gridded format. To link these 1 km variables to our 2 km × 2 km
analysis grid cells centered on lightning strike locations, the following procedure was used:

(a) For each lightning strike location (point coordinates), a 2 km × 2 km bounding box
was created centered on the strike location;

(b) All 1 km FireCube grid cells whose centroids fell within these 2 km × 2 km boxes were
identified resulted in 4 FireCube cells per analysis cell;

(c) For continuous variables (temperature, humidity, wind speed, FWI, NDVI, and EVI),
the mean value was calculated across the four 1 km cells;

(d) For categorical variables, the most frequent category was assigned among the four
1 km cells;

(e) For the DT binary variable, the precipitation value was used, averaged across the four
1 km cells, with the 2.5 mm threshold applied to this averaged value.

This spatial aggregation approach provides a representative characterization of envi-
ronmental conditions at the scale of lightning location uncertainty (±1 km) while leveraging
the high spatial resolution of the FireCube dataset.

2.5. Statistical Modelling

In the present study, we employ both LR and RF to leverage their complementary
strengths: logistic LR for interpretability and quantification of predictor effects, and RF
for potentially higher classification accuracy and ability to capture complex non-linear
patterns. This dual approach allowed us to both understand the environmental controls on
lightning-induced fire ignition and develop models with high classification performance
for potential application in spatial risk assessment.

LR was used to classify lightning-induced fire ignition as a function of the selected
predictor variables [49]. LR is appropriate for binary response variables (lightning fire/no
lightning fire) and provides interpretable estimates of the effects of predictor variables
through odds ratios [27,52]. Before conducting the model fit, an evaluation of multicollinear-
ity among the predictor variables was performed to check the variance inflation factors
(VIF), where a VIF value exceeding 10 is indicative of significant collinearity issues. No
strong multicollinearity was detected among the predictor variables (see Supplementary
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Material: Tables S1 and S2). All predictor variables were entered into the LR model in
their original measurement units without standardization or transformation, to preserve
interpretability on their natural scales. The LR model was fitted using maximum likelihood
estimation. Variable selection was performed using a stepwise procedure starting with a
full model including all predictor variables and iteratively removing variables that did not
significantly improve model fit. Statistical significance of individual predictor variables
which were finally kept in the model was assessed using Wald tests, with p = 0.05 as
the significance threshold. LR model performance was evaluated using the AUC, which
measures the model’s ability to discriminate between fire and no-fire outcome across all
possible classification thresholds.

RF is an ensemble machine-learning method that constructs multiple decision trees
using bootstrap samples of the training data and random subsets of predictor variables at
each node split [75]. Predictions are made by averaging for regression or majority voting
for classification across all trees in the forest. RF has several advantages in event occur-
rence modelling: it can capture non-linear relationships and complex interactions among
predictors without requiring explicit specification; it is relatively robust to overfitting; and
it provides measures of variable importance [14,53,56]. For this study, RF classification
models were fitted using the same predictor variables as the LR models. The number of
trees was set to 100 and the number of variables randomly sampled at each split (mtry)
was set to the square root of the total number of predictors, following standard recom-
mendations, and the minimum node size was set to 5 to prevent excessive tree depth and
overfitting [75]. The significance of variables was evaluated through the mean decrease
in accuracy, a metric that quantifies the decline in model performance resulting from the
random permutation of a variable, with elevated values signifying increased importance
of the examined variables. Model performance was evaluated using confusion matrix
and the OOB predictions which are made for each observation using only the trees for
which that observation was not included in the bootstrap sample, providing an internal
cross-validation estimate of model performance without requiring a separate test dataset.
The OOB error is an internal, unbiased estimate of model generalization error that arises
naturally from the bootstrap sampling procedure used in RF. Specifically, each tree in the
ensemble is trained on a bootstrap sample comprising approximately two-thirds of the
available observations; the remaining one-third of observations—the OOB sample—are not
used in training that particular tree and are instead used to generate out-of-sample predic-
tions. By aggregating OOB predictions across all trees, a reliable estimate of classification
accuracy is obtained for every observation in the dataset without the need for a separate
validation set. The dataset was not further partitioned into independent training and
testing subsets, as this would substantially reduce the number of observations available for
model fitting and would yield a test set too small to provide stable performance estimates.

The LR and RF models were compared in terms of their predictive performance
measured by the area under the ROC and their classification performance by using the
following metrics: (a) Accuracy, the overall proportion of correct predictions across all
classes, (b) Precision, the proportion of predicted positive cases that are true positives,
(c) Recall, the proportion of actual positive cases correctly identified by the model, and
(d) F1-score, the harmonic mean of Precision and Recall.

3. Results
The final dataset for statistical modelling consisted of 198 lightning strike events from

the 2009 fire season: 66 events that resulted in recorded lightning fire ignitions (33.3%) and
132 lightning events that did not result in fires (66.7%). These cases were derived from an
initial pool of more than 3500 lightning strikes detected by the ZEUS network in the study
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region during the 2009 fire season. Tables 1 and 2 presents the basic descriptive statistics and
the statistical difference between the quantitative and qualitative variables for each outcome
(fire ignition/non-ignition) used in the development of the LR and RF models, respectively.

Table 1. Descriptive statistics of quantitative predictor variables for ignition (n = 66) and non-ignition
(n = 132) cases. Values are mean ± standard deviation. p-values are from t-tests.

Variables Ignition Cases
(n = 66)

Non-Ignition Cases
(n = 132) p-Value

TEMP (◦C) 26.3 ± 2.77 25.1 ± 4.36 0.027
RH (%) 41.76 ± 11.48 49.17 ± 9.73 0.0001

ELEV (m) 965.73 ± 401.82 544.79 ± 503.56 0.0001
SLP (%) 20.92 ± 6.43 15.45 ± 7.63 0.0001

TPI 0.10 ± 1.77 −0.21 ± 2.14 0.317
RGH 0.51 ± 0.08 0.50 ± 0.06 0.258

TDC (%) 58.32 ± 19.62 47.21 ± 26.73 0.015
WS (m/s) 11.62 ± 3.11 9.90 ± 2.82 0.0001

NDVI 0.44 ± 0.15 0.65 ± 0.19 0.0001
FWI 36.31 ± 11.87 26.72 ± 17.08 0.0001
SMI 0.29 ± 0.09 0.38 ± 0.16 0.0001
TWI 6.21 ± 2.87 6.72 ± 2.27 0.174

Table 2. Descriptive statistics of qualitative predictor variables for ignition (n = 66) and non-ignition
(n = 132) cases. Values are frequency (percentage). p-values are from chi-square tests.

Variables Categories Ignition Cases
(n = 66)

Non-Ignition Cases
(n = 132) p-Value

ASP

East 9 (13.6%) 22 (16.7%) 0.0001
Northeast 3 (4.5%) 8 (6.1%) 0.107
Southeast 11 16.7%) 19 (14.4%) 0.035

North 4 (6.1%) 13 (9.8%) 0.026
Northwest 12 (18.2%) 15 (11.4%) 0.167

South 9 (13.6%) 19 (14.4%) 0.002
Southwest 12 (18.2%) 21 (15.9%) 0.005

West 6 (9%) 15 (11.4%) 0.007

CULC

Broadleaved forest 6 (9.1%) 36 (27.3%) 0.0001
Coniferous forest 10 (15.2%) 15 (11.4%) 0.189

Land principally occupied by
agriculture, with significant areas

of natural vegetation
9 (13.6%) 18 (13.6%) 0.006

Mixed forest 14 (21.2%) 19 (14.4%) 0.087
Natural grasslands 5 (7.6%) 6 (4.5%) 0.345

Sclerophyllous vegetation 8 (12.1%) 15 (11.4%) 0.005
Sparsely vegetated areas 7 (10.6%) 3 (2.3%) 0.003

Transitional woodland-shrub 7 (10.6%) 20 (15.2%) 0.005

ET

Agroforestry 2 (3%) 1 (0.7%) 0.453
Grasslands 4 (6%) 9 (6.8%) 0.098

Mediterranean coniferous forests 13 (19.7%) 11 (8.3%) 0.201
Mediterranean deciduous forests 10 (15.2%) 54 (40.9%) 0.0001

Mixed forest 6 (9.1%) 6 (4.5%) 0.879
Moors and heathland 6 (9.1%) 6 (4.5%) 0.987

Sclerophyllous vegetation 21 (31.8%) 23 (17.4%) 0.421
Temperate mountainous

coniferous forests 4 (6%) 22 (16.7%) 0.0001

FT

Oak forests 2 (3%) 30 (22.7%) 0.0001
Mixed oak and Aleppo pine forests 4 (6%) 3 (2.3%) 0.312

Deciduous shrubs 7 (10.6%) 18 (13.6%) 0.004
Broadleaved evergreen shrubs 7 (10.6%) 20 (15.2%) 0.0001

Grasslands 8 (12.1%) 30 (22.7%) 0.0001
Beech forests 2 (3%) 6 (4.5%) 0.054

Scots pine forests 2 (3%) 8 (6.1%) 0.032
European black pine forests 2 (3%) 6 (4.5%) 0.005

Aleppo pine forests 32 (48.5%) 11 (8.3%) 0.0001

DT
NO 13 (19.7%) 123 (93.2%) 0.0001
YES 53 (80.3%) 9 (6.8%) 0.0001
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The estimated parameters, their standard errors, and the significance levels of the LR
model are presented in Table 3. The stepwise LR indicated that NDVI and DT presence
were the only statistically significant variables (p < 0.001), and, consequently, they were
the only variables that were kept in the model for further analysis. The other variables
were excluded from the final model as they did not significantly improve the model fit.
DT was the strongest positive predictor (β = 4.701, p < 0.0001), with an odds ratio of
110.045, indicating that the presence of dry thunderstorms (DT = 1) was associated with
approximately 110-times-higher odds of lightning-induced fire ignition compared to the
absence of dry thunderstorms (DT = 0). Conversely, NDVI exhibited a significant negative
association with ignition probability (β = −5.266, p = 0.001), with an odds ratio of 0.005,
indicating that each unit increase in the NDVI (on a 0–1 scale) was associated with a
99.5% reduction in the odds of lightning-induced fire ignition. Because a one-unit increase
spans the entire theoretical NDVI range, a more interpretable re-expression is that each
0.1-unit increase in the NDVI was associated with an odds ratio of approximately 0.60,
i.e., a 40% reduction in the odds of lightning-induced fire ignition, indicating that greener
and healthier vegetation substantially reduced fire ignition probability. Regarding the
goodness-of-fit statistics, the Nagelkerke R2 value was 0.75, and the −2 Log(Likelihood)
was 95.07 (p < 0.0001), while the Hosmer and Lemeshow’s goodness-of-fit test was not
significant (p = 0.298), indicating that the model had an adequate fit. The ROC curve is
often used as an index of how well a scoring system can classify events into one of two
alternatives, such as lightning-induced fire ignition or non-lightning-induced fire ignition.

Table 3. LR model results for lightning-induced fire ignition. For binary predictors (DT), the odds
ratio represents the multiplicative change in odds comparing presence versus absence. For continuous
predictors (NDVI), the odds ratio represents the multiplicative change in odds per unit increase in
the predictor.

Variable Coefficient
(β)

Standard
Error

Wald
Chi-Square p-Value Odds Ratio

NDVI −5.266 1.527 11.895 0.001 0.005
DT 4.701 0.756 38.622 0.0001 110.045

The LR model yielded an area under the ROC curve of 0.94 (Figure 2). The curve
rises steeply toward the upper-left corner of the plot, achieving a high sensitivity (>0.80) at
very low false positive rates (1 − Specificity < 0.05), indicating that the model effectively
distinguishes between lightning-induced fire and lightning strikes with non-fire events.

Overall, the LR model correctly classified the successful lightning-induced fire igni-
tions in 91.9% of the cases (Table 4). Lightning strikes with no fire ignition events were
classified with a high specificity (97.73%; 129 out of 132 cases), while lightning-induced
fire ignitions were correctly identified in 80.30% of instances (53 out of 66 cases). A total of
13 ignition events were misclassified as non-ignitions, and only 3 non-ignition cases were
incorrectly classified as fire non-ignition events.

Table 4. Classification table comparing observed lightning-induced fire ignitions with those classified
by the LR model.

Predicted vs. Observed Non-Ignition Ignition Total % Correct

Non-ignition 129 3 132 97.73%
Ignition 13 53 66 80.30%

Total 142 56 198 91.92%
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Figure 2. ROC and AUC of the LR model.

The LR model indicated a pronounced interaction between the NDVI and DT presence
on lightning-induced fire ignition (Figure 3). When DT occurred (blue line), lighting-
induced fire ignition remained exceptionally high (>95%) across most NDVI values (0–0.8),
decreasing only at high NDVI values (>0.85). On the contrary, without the DT occurrence
(red line), lightning-induced fire ignition probability exhibited a steep negative correlation
with the NDVI, declining from 0.65 at low NDVI values (<0.1) to nearly zero at moderate
NDVI values (>0.5).

The RF model, fitted using the same predictor variables as the LR model, achieved
a classification accuracy of 97% based on OOB predictions (3% error rate), indicating an
excellent discriminatory ability and high performance (Table 5). Lightning strikes with
no fire ignition events were correctly identified in 98.4% of cases (130 out of 132), while
lightning-induced fire ignitions were accurately classified in 93.9% of cases (62 out of 66).
Misclassifications were minimal, comprising only 2 false positives and 4 false negatives
across the 198 total cases.

Table 5. Classification table comparing observed lightning-induced fire ignitions with those classified
by the RF model based on the OOB sample.

Predicted vs. Observed Non-Ignition Ignition Total % Correct

Non-ignition 130 2 132 98.48
Ignition 4 62 66 93.94

Total 134 64 198 96.97
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Figure 3. Lightning-induced fire ignition based on interaction between NDVI and DT presence
resulted from LR analysis. Blue line: DT occurrence; red line: no DT occurrence.

Figure 4 shows how this error rate evolved as the number of trees (100) increased
during training. The stabilization of all error metrics beyond 60 trees indicates that the
ensemble reached optimal predictive capacity, with minimal gains from additional trees,
and that the ensemble reached its optimal predictive capacity at a relatively small number of
trees; thus, increasing the number of trees beyond 100 is not expected to cause meaningful
improvements in model performance. Overall, the model achieved a high classification
accuracy with a particularly strong performance in identifying positive lightning-induced
fire ignition cases, suggesting a robust capability in capturing the complex multivariate
relationships between the selected variables predictors and lightning-induced fire ignition.

The variable importance measures from the RF model largely confirmed the findings
from the LR analysis (Figure 5). DT occurrence was identified as the most important
variable by mean decrease in accuracy, followed by the NDVI. However, variables such
as the FWI, RH, and SLP were also found to be quite important in lightning-induced fire
ignition potential, indicating that these variables also contribute to model accuracy. The
remaining variables showed progressively diminishing importance.

Table 6 compares the performance ability between LR and RF models. The comparative
evaluation of the two models revealed that both the LR and RF achieved a high predictive
performance for lightning-induced fire ignition, though the RF model consistently outper-
formed LR across all assessed metrics. In terms of overall accuracy, the RF model attained a
higher value compared to LR, representing a 5.4% improvement in the correct classification
of lightning-induced fire ignition events. Precision scores were similarly high for both mod-
els, indicating that both classifiers exhibited low rates of false positive predictions, correctly
identifying most predicted lightning-induced ignition events as true positives. The most
notable finding was observed in the Recall metric, where the RF model achieved a value
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of 0.97 versus 0.90 for LR, suggesting that the RF model was substantially more effective
at detecting actual lightning-induced fire ignition events and minimizing false negatives,
a critical consideration in fire risk management and preparedness. The F-score, which
balances Precision and Recall into a single composite metric, further confirmed the excellent
performance of the RF model (0.95) over LR (0.93), reflecting a more harmonious trade-off
between detection sensitivity and classification specificity. Overall, these results demon-
strate that the RF model, by leveraging ensemble learning and capturing the non-linear
interactions among predictor variables, provides a more robust and reliable framework
for lightning-induced fire ignition classification compared to the parametric LR approach.
The non-linear relationships between the lighting-induced fire occurrence probability with
NDVI values and DT occurrence can be considered consistent with the complex ecological
processes governing fuel dryness and ignition success [56]. The better performance of RF
over LR can be attributed to several statistical properties of the ensemble method. First,
RF constructs multiple decorrelated decision trees via bootstrap aggregation and random
feature subsampling, which reduces the variance without increasing the bias. Second,
LR assumes a linear relationship between the log-odds of fire ignition and the predictor
variables, which may not fully capture the threshold-dependent and interactive effects
of the NDVI and DT on fire ignition. In contrast, RF makes no parametric assumptions
about the functional form of predictor response relationships and can model interactions
and non-linearities implicitly through recursive tree splitting. Third, the higher Recall
of the RF model indicates a substantially lower false negative rate, meaning that the RF
model was more effective at correctly identifying actual fire ignition events. The marginal
gain in Precision suggests that both models maintain a comparable specificity, but the RF
model’s improved sensitivity results in a higher F-score, reflecting a better balance between
detection sensitivity and classification specificity across the examined dataset.

 

Figure 4. Error rate evolution during the training of the RF model. Blue line: lightning-induced fire
ignition error rate; red line: non-fire ignition error rate; green line: overall error rate.
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Figure 5. Mean decrease in accuracy (MDA) values for assessing lightning-induced fire ignition.

Table 6. Comparison of the performance metrics between LR and RF models.

Performance Metrics LR RF

Accuracy 0.90 0.93
Precision 0.97 0.94

Recall 0.90 0.97
F-score 0.93 0.95

4. Discussion
The results of this study suggest that the NDVI and DT occurrence are important

variables of lightning-induced fire ignition in East Macedonia and Thrace, Greece. The
dominant effect of the NDVI is consistent with the findings from other Mediterranean
regions, including central Spain [22], the Iberian Peninsula [23], and Catalonia [30], where
the vegetation greenness status as expressed by NDVI has been identified as key deter-
minants of lightning-induced fire ignition. The correlation between NDVI values and
lightning-induced fire ignition presents a complex, non-linear relationship that underlines
the simplistic assumptions about the vegetation status and fire risk. Overall, lower NDVI
values have been associated with increased fire risk due to the reduced vegetation moisture
and increased fuel dryness. However, global-scale machine-learning analyses demonstrate
that the fire risk from lightning strikes increases with NDVI values up to approximately
0.8, after which the risk decreases as a very high NDVI indicates wet, less flammable
vegetation [75]. This suggests that extremely low NDVI values significantly affects fire
ignition but may lack sufficient fuel load to sustain ignition and fire spread, while moder-
ate NDVI values represent optimal conditions where adequate fuel availability coincides
with sufficient dryness to support combustion. Zhang et al. [76] found the NDVI as a
key driver in machine-learning models predicting lightning-induced fire ignition, though
the relationship was not exclusively driven by low values. Similarly, research in China
identified interactive effects between the NDVI and diurnal temperature range, suggesting
that moderately dry vegetation conditions, rather than an extremely low NDVI, create fa-
vorable circumstances for lightning-induced fire occurrence [77]. These findings underscore
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the importance of considering NDVI thresholds and regional vegetation characteristics
when assessing the lightning-induced fire risk, as the fuel–moisture balance appears more
critical than vegetation greenness alone [56]. The negative relationship between the NDVI
and lightning-induced fire ignition represents one of the most interesting findings of our
analysis. This low odds ratio indicates that areas with a high vegetation greenness are
less likely to experience fire ignition compared to areas with low NDVI values, holding
other factors constant. This finding reflects the critical role of fuel moisture in fire ignition
success, which acts as a physiological barrier to ignition even when lightning strikes occur.
Conversely, low-NDVI areas representing either sparse vegetation, herbaceous fuels, or
drought-stressed woody vegetation therefore present fuel conditions highly susceptible
to lightning fire ignition. This interpretation is consistent with the Mediterranean climate
regime where summer drought creates a pronounced spatial and temporal gradient in
vegetation water status, and the present study results indicate that this gradient exerts
dominant control over ignition success rates.

The significant effect of DT occurrence confirms the critical role of precipitation deficits
during thunderstorm events in determining lightning-induced fire ignition. This finding
is consistent with the extensive research on DT and lightning-induced fire ignition across
diverse geographic settings, including the western United States [37,43,44], southwestern
North America [47], Catalonia [31], Portugal [24], central Brazil [48], and Tasmania [14]. The
threshold of 2.5 mm used in this study to define DT is consistent with the previous work in
Mediterranean regions [31] and represents a reasonable approximation of the precipitation
level below which fuels remain sufficiently dry for ignition and fire spread. The emergence
of DT as a strong positive predictor of lightning-induced fire ignition provides insight into
the meteorological controls on ignition in the studied region. While lightning provides
the necessary ignition source, the present study findings suggest that the precipitation
accompanying thunderstorm events is the critical factor determining whether ignitions
successfully occur. The dominance of DT over other meteorological variables suggests that
this precipitation threshold represents a more proximate control on ignition success than
broader fire weather conditions captured by indices such as the FWI. From an operational
perspective, this interpretation implies that fire management agencies could prioritize the
monitoring of precipitation amounts during thunderstorm events rather than relying solely
on cumulative drought indices when assessing lightning-fire risk.

The present study results indicate an interaction between the vegetation state and
meteorological conditions that provides insight into fire ignition controls. Under DT
conditions, the ignition probability exceeds 95% across the NDVI range of 0 to 0.8, showing
that favorable meteorological conditions can override the vegetation-based resistance
to fire ignition. When the meteorological preconditions for ignition are met (lightning
presence with minimal precipitation), the vegetation characteristics become secondary
factors until a critical moisture threshold is reached. This threshold appears to occur at
NDVI values around 0.8, above which the vegetation moisture content becomes sufficiently
high to prevent fire ignition even under DT conditions. For fire risk assessment, this
finding indicates that, during DT events, broad areas with a NDVI below 0.8 could be
considered to be at high risk regardless of the variations in vegetation condition, whereas
areas with an NDVI above 0.8 maintain their resistance to fire ignition even under favorable
meteorological conditions.

RF analysis indicated FWI as a quite important variable which may affect lightning-
induced fire ignition though its effect was weaker than that of NDVI and DT occurrence.
According to Hessilt et al. [4], the mechanistic link between the FWI and lightning-induced
fire ignition operates primarily through short-term fuel drying associated with fire weather
conditions, which serves as the main driver of the lightning-induced ignition efficiency.
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This relationship is revealed in the threshold dependent behavior, where lightning-induced
ignitions are largely controlled by antecedent fire weather represented by threshold values
of the FWI [77].

The relative importance of vegetation greenness and dry thunderstorm occurrence
compared to other environmental factors such as topography, climate, and vegetation types
suggests that lightning-induced fire ignition in this region is primarily controlled by fuel
dryness and short-term weather conditions conducive to ignition, rather than by spatial
patterns of lightning activity per se. This interpretation is supported by the relatively weak
effects of the elevation and aspect which influence lightning activity through orographic
effects compared to the NDVI and dry thunderstorm occurrence.

The findings of this study could be compared with the previous research on lightning-
induced fire ignition in other Mediterranean regions, particularly the Iberian Peninsula,
where several studies have been conducted. In central Spain, Nieto et al. [22] developed
LR models for lightning-induced fire ignition and found that the NDVI, elevation, and
DT occurrence were the most important predictors, consistent with our findings. In the
central plateau of the Iberian Peninsula, Vecín-Arias et al. [26] found that biophysical
factors (vegetation type and fuel load) and lightning characteristics (peak current and
polarity) jointly determined lightning-induced fire ignition, with vegetation factors having
the strongest effects. In northwestern Spain, Castedo-Dorado et al. [27] identified ELEV,
SLP, ASP, and FT as significant predictors of lightning-induced fire probability, though
they did not explicitly incorporate a DT variable. Recent work on the daily probability
modelling of lightning-induced ignitions in the Iberian Peninsula [23] has emphasized
the importance of fuel moisture dynamics and synoptic weather patterns in determining
ignition success, with vegetation greenness serving as a key predictor of spatial patterns.
In Portugal, Menezes et al. [24] analyzed lightning-induced fire regime using satellite-
derived and in situ data, identifying the critical role of dry lightning events and fuel
moisture deficits. These findings are broadly consistent with our results and suggest
that the dominant role of vegetation status and DT in determining lightning-induced fire
ignition is a general feature of Mediterranean fire regimes. In Catalonia, detailed analyses
of lightning-induced fires have characterized the rainfall factor [31], synoptic weather
patterns [77], and the holdover phase [78], providing insights into the temporal dynamics
of lightning-induced fire development. The identification of specific igniting strikes within
thunderstorm events [20] and the development of methods to assess the probability of
lightning-induced fires based on strike characteristics [79] represent important advances
in understanding the lightning-induced fire relationship at fine temporal scales. Future
work within the study area could benefit from incorporating detailed lightning strike
characteristics such as the peak current, polarity, and continuing current duration, when
higher-quality lightning data become available. Additionally, the global database on
holdover time has shown that the delay between a lightning strike and fire detection
varies substantially across biomes and climate zones, with important implications for
fire detection and suppression strategies [29]. Understanding holdover dynamics could
improve operational fire management, particularly for fires ignited in remote mountainous
areas where detection and access are challenging.

Continental-scale analyses of the anthropogenic and lightning-induced fire incidence
in Europe have revealed a substantial spatial heterogeneity in the relative importance of
these two ignition sources, with lightning-induced fires being particularly important in
mountainous and remote regions [80]. While this study focuses on a specific Mediterranean
region, the preliminary findings can be placed in a broader global context of lightning-
induced fire ignition and climate change impacts after a robust independent evaluation.
Recent global synthesis studies have demonstrated that climate-driven changes are am-
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plifying the lightning-induced fire risk across multiple continents [5]. In North America,
lightning has been identified as a major driver of recent large fire years in boreal forests [6],
with both anthropogenic and lightning-induced fires becoming larger and more frequent
over a longer season length [7]. The interannual variability in lightning-induced fire activity
in the western United States is strongly controlled by antecedent climate conditions and
fuel moisture [9], with recent work characterizing the ignition precipitation and associ-
ated environmental conditions [44]. Understanding the current relationships between
lightning, environmental conditions, and fire ignition, as quantified in this study, pro-
vides a foundation for projecting future changes in the lightning fire risk under climate
change scenarios.

The comparison of LR and RF models in this study indicated that RF achieved a
better internal classification performance consistent with the findings from comparative
evaluations in other regions [53,61]. The RF model’s higher AUC suggests that non-linear re-
lationships and/or interactions among predictor variables contribute to lightning-induced
fire ignition beyond the additive linear effects captured by LR. This finding is consistent
with the complex ecological processes governing fuel availability, fuel moisture, and igni-
tion success, which are unlikely to be perfectly linear or additive [56]. For operational fire
risk prediction and spatial prioritization, RF’s high classification accuracy may be more
important. In practice, both approaches can be used complementarily, with LR providing
interpretable effect estimates and RF providing a more accurate classification [53,61]. The
comparative performance of LR and RF models provides important insights. While both
models achieved an excellent overall performance, the RF model demonstrated a very high
Recall value, meaning it successfully identified 97% of actual ignition events compared
to 90% for LR. This difference is significant for fire management applications, where the
consequences of failing to classify actual ignitions (false negatives) are more severe than
those of false alarms (false positives). However, it should also be recognized that the LR
model’s interpretability—particularly the direct interpretation of coefficients and odds
ratios—offers advantages for understanding the causal mechanisms and communicating
the risk to fire management authorities. The model’s internal evaluation suggests that RF
models may be preferred for automated early warning systems where maximizing the
detection of high-risk conditions is paramount, while LR models may be more appropriate
for strategic planning and communication.

Other machine-learning approaches, including Light Gradient Boosting Machine [58],
Maximum Entropy methods [59], and deep-learning approaches, have also been applied to
fire risk and susceptibility modelling and may offer further improvements in predictive
accuracy. Interpretable artificial intelligence models for predicting lightning-induced
fires [57] and explainable machine-learning approaches for global lightning-induced fire
prediction [5] represent promising directions for future research that combine the predictive
power of machine learning with the interpretability needed for scientific understanding
and operational decision-making.

4.1. Fire Management Implications

The results generated in this study may have direct implications for fire management
and risk assessment after a robust independent evaluation. The forecasted days with the DT
potential with certain NDVI values could be helpful in the allocation of fire management
resources, including the pre-positioning of suppression resources, enhanced monitoring
and early detection systems, and fuel management treatments, and substantially improve
the efficiency and effectiveness of fire management efforts. Furthermore, they could be used
for public awareness and preparedness for potential evacuations or other protective actions
which can reduce the impacts of fires on human communities and infrastructure. Such
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operational forecasting systems have been developed and implemented in other regions,
including Ontario [35], British Columbia [51], the Iberian Peninsula [23], and Australia [46],
and have proven valuable for fire management decision-making. The models developed in
this study can provide insights into operational fire danger rating systems and decision
support tools for fire management agencies. Daily or seasonal updates of lightning-induced
fire ignition could be generated by updating the DT occurrence with current or forecast
weather data, providing dynamic risk assessments that reflect current conditions. The
present study models represent an exploratory analysis and methodological development
rather than an operational tool and operational implementation would require validation
across multiple fire seasons to assess temporal stability, spatial validation in other regions
to assess transferability, integration with real-time and high resolution lightning detection
systems, and operational testing and refinement based on fire manager feedback. However,
such operational applications are beyond the scope of the present study and would require
substantial additional development and validation.

4.2. Limitations and Future Research Directions

A few limitations of this study should be acknowledged. First, the temporal scope
is relatively short and may not capture the full range of the interannual variability in
lightning activity, weather conditions, and fire occurrence. The single-season dataset does
not allow the testing of potential non-linearities or threshold effects across a wider drought
gradient, and a multi-year data would improve the robustness of the models and allow for
an analysis of the temporal trends and interannual variability [10,11]. Second, the ZEUS
network’s detection efficiency of 20–25% is lower than that of modern lightning location
systems. While this detection rate is typical for regional lightning detection networks and
is sufficient for identifying major thunderstorm events, it means that many actual lightning
strikes, and potentially many lightning-induced fires, are not captured in the dataset. If
the detection efficiency varies systematically with environmental conditions (e.g., lower
detection in mountainous terrain or during less intense storms), this could bias the results.
However, previous validation studies of the ZEUS network suggest that detection efficiency
is relatively uniform across the study region for moderate to strong lightning events,
which are most likely to cause fires. Future work should utilize higher-quality lightning
data from networks with a higher detection efficiency and incorporate in the analysis
the lightning strike characteristics, which have been shown to influence fire ignition [80].
Third, this study focused on lightning-induced fire ignition and did not consider the fire
size or severity of each fire event. Understanding the factors that determine whether a
lightning-induced fire ignition remains small or grows into a large, high-severity fire is
important for a comprehensive fire risk assessment [2,6]. Fourth, the non-ignition cases
were subsampled from a much larger pool of lightning strikes. This case–control sampling
design, while statistically valid and commonly used in ecological studies with rare events,
may affect the interpretation of the predicted probabilities. Future work could model the
lightning-induced fire size or burned area as a function of environmental conditions and fire
weather at the time of ignition and considering the holdover time. Fifth, the use of the daily
accumulated precipitation rather than the event-scale or sub-daily precipitation specifically
associated with individual lightning strikes is likely to introduce some misclassification in
the DT variable, which would tend to weaken the observed relationship between DT and
fire ignition. The fact that DT occurrence presents a very strong effect despite this potential
misclassification suggests that the true effect of precipitation on ignition probability may
be even stronger than this study’s results indicate. Future studies with access to hourly
or sub-hourly precipitation data could refine the DT definition and potentially improve
model performance. Finally, the models developed in this study have not been subjected
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to validation using independent data from a different period or geographic area. External
validation is important for assessing model generalizability and for building confidence in
model predictions [61].

5. Conclusions
This study has quantified the relationships between lightning-induced fire ignition and

a set of environmental variables in the region of East Macedonia and Thrace, Greece, and
has developed statistical and machine-learning models for assessing the factors affecting
lightning-induced fire ignition and classifying the spatial probability of lightning-induced
fire ignition.

Vegetation characteristics, as expressed by NDVI values, and DT occurrence were
found to be the most important variables affecting lightning-induced fire ignition in this
Mediterranean region based on an analysis of 66 lightning-caused fires and 132 non-
ignition lightning strikes during the 2009 fire season. These findings are consistent with the
previous research in other Mediterranean regions and highlights the critical importance of
fuel dryness and precipitation deficits during thunderstorm events. Topographic and other
climate, weather, and vegetation variables have weaker effects, suggesting that lightning-
induced fire ignition is primarily controlled by the vegetation water status and health
and short-term weather conditions rather than by the spatial patterns of lightning activity
per se.

RF models achieve a higher internal classification performance compared to LR, sug-
gesting that non-linear relationships and interactions among predictor variables contribute
to lightning-induced fire ignition. However, LR presents a higher interpretability by explicit
measurements of the predictor effects.

These findings could contribute to the growing body of knowledge on lightning-
induced fire ignition in Mediterranean ecosystems and provide a methodological frame-
work that can be adapted to other regions with similar fire regimes. The models developed
in this study seem promising and they could be useful for spatially explicit fire risk as-
sessment, for the planning and coordination of regional efforts to identify areas at the
greatest risk, and for designing long-term fire management strategies in the study area and
potentially in other Mediterranean regions after a robust independent validation.

Future research should focus on extending the temporal scope of the analysis, per-
forming spatial cross-validation that accounts for spatial autocorrelation, incorporating
high-quality lightning data with detailed strike characteristics by utilizing higher-efficiency
lightning detection systems, developing probabilistic forecasting frameworks that quantify
the prediction uncertainty arising from multiple sources, analyzing the fire size and severity
in addition to fire ignition, understanding the holdover dynamics, and projecting future
changes under climate change and integrating lightning-induced fire models with models
of human-caused fire occurrence for comprehensive fire risk assessment.
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