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1. Introduction and Background

Wildfires are increasingly frequent and severe due to climate change and anthropogenic pressures [1].
Inadequate land management can lead to wildfire scenarios surpassing suppression capabilities [2], posing
devastating threats to ecosystems, infrastructure, and human lives [3]. Accurate and timely wildfire
modeling is crucial for risk assessment and decision-making [4].

Current wildfire risk assessment relies heavily on indices such as the Fire Weather Index (FWI) [5], which
primarily reflect high-risk fire conditions based on meteorological information but neglect landscape
heterogeneity, canopy structure variability and susceptibility to fire spread [6], [7], [8]. Fire propagation
models integrating dynamic environmental factors and uncertainty quantification are essential tools to
address these limitations, [9], [10], [11]. They require good quality input data, consisting on the detailed
geographical characterization of fire behavior predictors, such as topography, classification of fuels, canopy
structure, and meteorology [12], [13]

This article presents an operational framework (fast, flexible and relying on open forestry public
repositories) to prepare the input-data of wildfire simulators, including a modelling approach able to
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propagate input uncertainties. Our approach enhances prediction accuracy by incorporating canopy
variability, meteorological dynamics, and suppression actions, validated on a severe wildfire scenario.

2. Wildfire Modeling Approach

Flexible and fast models are necessary for operational decision-making (e.g. suppression of a fire that
escaped initial suppression, devising safe-evacuation routes) and landscape-management (e.g. huge number
of simulations to characterize fire susceptibility from fire spread). One of the best existing examples is
FARSITE [14], which is capable of modelling fire spread on real landscapes under variable meteorological
conditions. However, fast simulators use physical approximations derived from laboratory experiments,
leading to inaccuracies in real-world scenarios. Additionally, the dependence on remote sensing techniques
to map fire behavior predictors over large landscapes with indirect inference methods introduces input-
uncertainty [15]. The adoption of probabilistic approaches helps to reduce these limitations, either through
stochastic fire spread rules [16] or ensemble modeling to propagate input uncertainties [17]. A key
challenge is integrating diverse forestry datasets into a coherent geographical characterization of fire
behavior, given the inherent unpredictability of fire dynamics due to its chaotic and turbulent nature. To
address this, we propose improving fire behavior mapping by focusing on input-uncertainty propagation,
enabling more reliable uncertainty predictions.

3. Methodology

The fire domain is represented as a raster grid, where fire spread rates are calculated using the deterministic
Rothermel model [18]. This model estimates fire behavior based on key predictors, including topography,
fuel classification, canopy structure, and meteorological conditions. Each grid cell is assigned an ideal
elliptical fire front. Fire growth is simulated using a Cellular Automata (CA) approach [19], in which an
ignition within a cell initiates fire propagation toward its eight neighboring cells. Fire spreads along the
fastest path determined by local spread rates. Newly ignited cells continue the propagation process, and
through successive discrete time steps, the wildfire expands across the landscape.

Fire behavior predictors are derived using a coherent data-pipeline based on standard forestry and remote
sensing databases. We focus in the context of Spain because its public forestry service has promoted the
development of a series of well-maintained databases, but the methodology outlined here can be used as
long as the following information is available:

1. National Orthophoto Program (PNOA): LiDAR data providing detailed 3D forest structure
information [20].

2. Spanish Forest Map (MFE): Land cover and vegetation classification [21].

3. National Forest Inventory (IFN): Field data on forest composition and structure [22].

4. Meteorological data from meteorological stations: From the CEAMET meteorological station in the
Agrés municipality [23].

This information is then processed to derive the following fire behavior predictors.

1. Canopy Structure Estimation:

o Regression models estimate canopy height (H), canopy base height (CBH), and canopy bulk density
(CBD) using LiDAR metrics and IFN field plots.

2. Fuel Models and Topography:
o Land cover data from MFE is combined with LIDAR metrics to assign Rothermel fuel models.
o Digital Terrain Model (DTM) from PNOA data derives height, slope and aspect.

3. Dynamic Wind and Moisture:
o Wind fields are computed using WindNinja [24], considering topography.

o Dead fuel moisture is preconditioned based on weather data using [25].



4.  Suppression Modeling:

o Firefighter actions are modeled as barriers preventing fire spread in specific grid cells.

This study performs a detailed uncertainty modelling of the canopy structure magnitudes H, CBH, and
CBD. The uncertainty prediction is derived using Lasso regression [26], using canopy data from the IFN
as target values and LiDAR statistics restricted to the IFN plots taken as model predictors. Because the
uncertainty is not constant across observations, the regression is performed after data linearization, resulting
in heteroskedastic uncertainty predictions. Simulation results use the mean regression values with +2¢
deviations in the canopy magnitudes to estimate confidence intervals. Figure 1 outlines the methodology
and details the input-parameters modelled for this study.
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Figure 1. The diagram illustrates a wildfire modeling framework that integrates Spanish forestry data, such as LiDAR,
forest inventory, and land-use maps, with data processing techniques to derive fire behavior inputs (e.g., topography,
canopy structure, fuel moisture. Uncertainty assessment allow wildfire ensemble modelling to produce fire
perimeter/burnt area confidence intervals.

4. Case Study: Cocentaina Wildfire

The 2012 Cocentaina wildfire in Alicante, Spain, serves as a validation case. The fire burned 545.93
hectares within 24 hours, driven by wind and steep terrain. Suppression efforts included 20 aircraft and 200
personnel [27]. Suppression action is inferred from media reports [28]. Detailed information on the wildfire
event is recorded in post-wildfire reports from the wildfire management service from the Region of
Valencia [29].

5. Results

The simulation results presented here model the meteorology variability during the wildfire evolution over
a simulated time of 17 hr, for which the real wildfire burnt 90% of the final surface. Results are introduced
in terms of the percentage of burnt over-prediction and under-prediction relative to the real final burnt area.
Table 1 presents the results for different simulation scenarios and Figure 2 an aerial view of the domain,
with the real fire perimeter and simulation results.

5.1 Impact of Canopy Structure and Uncertainty




Consistently, simulations demonstrate that denser canopy configurations reduce fire spread by attenuating
near-surface wind speeds and enhancing fuel moisture retention. In contrast, sparser canopies allow stronger
winds to reach surface fuels, accelerating fire propagation. This fact highlights the important interaction
between vertical vegetation structure and wind profiles, emphasizing that wind is a primary driver of
wildfire spread at large scales.

Table 1. Final burned area and percentages of over- and under-burned estimates are presented for static and dynamic
models, with and without suppression barriers. Results represent the 95% variability confidence interval derived from
canopy structure uncertainty

Model scenario Burned Area | Over-burned | Under-burned
[,]26(ha) [-]26(%0) [-]26(%0)

Static CA [2079,1951] [286,264] [5,6]

Dynamic (wind alone) [2166,1625] [312,215] [15,17]
Dynamic (moisture alone) [1394,1304] [194,179] [38,39]
Dynamic (wind & moisture) [1546,1325] [201,160] [17,17]
Dynamic & Barriers (wind alone) [839,640] [81,46] [27,28]
Dynamic & Barriers (moisture alone) [546,496] [49,42] [49,51]
Dynamic & Barriers (wind & moisture) | [640,584] [46,36] [29,29]
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Figure 2. Results of the CA with dynamic wind and moisture, without and with barriers. Simulation starts at 15:05 on
July 12% 2012, and finishes at 6:30 am July 13* 2012 (17 hr simulation time).

5.2 Static Environmental Conditions

For the sake of comparison, we consider the scenario in which environmental conditions remain static
throughout the fire's duration with constant wind speed and moisture content. The model significantly
overestimates the final burned area, with an interval from 286% (-2c in the canopy structure) and 264%



(20 in the canopy structure). The over-estimation is primarily attributed to the models' inability to capture
day-night meteorological variations, which led to exaggerated fire spread rates.

5.3 Dynamic Environmental Conditions

When dynamic meteorology is introduced, updating wind fields and fuel moisture at regular intervals based
on meteorological observations, burned area estimates improved significantly. Overestimation rates
decreased ranging from 201% (-20) to 160% (+20), demonstrating the importance of accounting for short-
term weather variability. Dynamic winds led to greater variability in burned area predictions, ranging from
312% (-20) to 215% (+20), as the veering of winds increased uncertainty in fire spread. In contrast, dynamic
moisture updates produced more consistent results, with overestimation reduced to 145% (-2c) and 179%
(+20), as rising moisture levels during the afternoon dampened fire spread. Notably, wind variability alone
resulted in lower underestimation (15% (-20) to 17% (+20)), whereas moisture alone could not accelerate
fire spread sufficiently, resulting in underestimations between 38% (-20) and 39% (+20).

5.4 Suppression Modeling and its Influence

Suppression activities were modeled as fire barriers based on post-fire reports and press releases. When
these interventions were incorporated, overestimation rates were reduced to 13%-27%, representing the
closest alignment with the observed burned area.

The spatial alignment of suppression barriers with the final fire perimeter indicated that early suppression
efforts successfully constrained spread in critical areas. Integrating human intervention in the CA model is

mandatory to enhance predictive accuracy particularly in operational settings.

5.5 Model Limitations

Despite overall improvements, some simulations still over/underestimate the burned area. The
underestimation is likely to a misclassification of fuel models, indicating the need to incorporate fuel model
uncertainty. Overestimations can be partly explained by the absence of a self-extinguishing mechanism in
the CA model, a common limitation in wildfire models, which prevents fire from naturally dying out under
unfavorable conditions.

6. Conclusions

This study demonstrates that integrating dynamic environmental inputs, uncertainty quantification, and
suppression actions into ensemble wildfire modeling significantly improves prediction accuracy. The
Cocentaina wildfire case study highlighted the limitations of static models, which tend to overestimate
burned area, while dynamic models better capture day-night weather variability and suppression impacts.

Canopy structure uncertainty was shown to influence fire spread predictions, emphasizing the need for
accurate vegetation characterization. Ensemble modeling provided confidence intervals, enabling fire
managers to assess best- and worst-case scenarios for more informed decision-making.

The proposed framework, leveraging public forestry data and a CA-based propagation model, offers an
adaptable tool for generating customized fire behavior cartography. Future work should extend uncertainty
modeling to fuel classification and wind fields, while addressing self-extinguishing processes and fire-wind
interactions.
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