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Abstract

Forest and grassland fire behavior prediction is increasingly critical under climate change,
as rising fire frequency and intensity threaten ecosystems and human societies worldwide.
This paper reviews the status and future development trends of wildfire behavior modeling
and prediction technologies. It provides a comprehensive overview of the evolution of
models from empirical to physical and then to data-driven approaches, emphasizing the
integration of multidisciplinary techniques such as machine learning and deep learning.
While conventional physical models offer mechanistic insights, recent advancements in
data-driven models have enabled the analysis of big data to uncover intricate nonlinear
relationships. We underscore the necessity of integrating multiple models via complemen-
tary, weighted fusion and hybrid methods to bolster robustness across diverse situations.
Ultimately, we advocate for the creation of intelligent forecast systems that leverage data
from space, air and ground sources to provide multifaceted fire behavior predictions in
regions and globally. Such systems would more effectively transform fire management from
a reactive approach to a proactive strategy, thereby safeguarding global forest carbon sinks
and promoting sustainable development in the years to come. By offering forward-looking
insights and highlighting the importance of multidisciplinary approaches, this review
serves as a valuable resource for researchers, practitioners, and policymakers, supporting
informed decision-making and fostering interdisciplinary collaboration.

Keywords: forest and grassland fire; fire behavior parameters; physical model; numerical
simulation; data-driven approach; prediction software and system

1. Introduction

Forest and grassland fires are among the most destructive natural disasters, causing
severe impacts on ecosystems, biodiversity, and human lives and property. In recent
years, the frequency and scale of these fires have increased significantly due to global
warming, extreme weather events, and human-induced disturbances [1]. Notably, forest
fires have encroached upon the Arctic Circle, and significant fires have occurred in Australia
(2019), California (2020), and Greece and Turkey (2021), inflicting enormous ecological
and economic losses [2—4]. Accurate prediction of fire behavior is crucial for effective fire
management, enabling rational suppression strategies, minimizing losses, and supporting
ecological conservation and sustainable development.
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Fire behavior is influenced by a variety of complex factors, including meteorological
conditions, topography and geomorphology, vegetation types and their distribution in the
wildland, as well as human activity (e.g., land-use change, fuel accumulation due to fire
exclusion, and increased ignition sources from agriculture or tourism) [5,6]. These factors
interact in complex ways, creating a high degree of complexity and uncertainty in fire be-
havior. This complexity poses significant challenges to the evaluation and prediction of fire
behavior, making it difficult to develop effective fire management strategies. Consequently,
the need for improved research and applied technologies has driven substantial evolution
in the field over time.

The current state of fire behavior modeling encompasses a range of approaches,
from empirical and physical models to data-driven models that leverage big data and
artificial intelligence [7-15]. Each approach has its strengths and limitations. Physical
models offer mechanistic insights but struggle with adaptability under complex terrain and
vegetation conditions [11,12]. Data-driven models require high-quality data and lack a deep
understanding of underlying physical processes [16]. Empirical models, while simpler,
remain relevant and can provide necessary insights, especially in contexts where data
availability is limited or rapid assessments are required. Given these diverse approaches,
the choice of model should be guided by the specific research or management objectives,
as well as the availability of data and computational resources. The integration and
collaborative application of different models are still in the exploratory stage, and a mature
comprehensive prediction system has yet to be established [17,18]. The effective integration
of these models can enhance the robustness and accuracy of fire behavior predictions,
making it a promising direction for future research. This integration not only leverages
the strengths of each model type but also helps to mitigate their individual weaknesses,
leading to more reliable and versatile prediction systems.

Understanding the historical context of fire behavior modeling is essential for grasping
the current state and future directions of the field. Tracing the evolution from empirical
models to modern data-driven approaches can reveal significant advancements and ongo-
ing challenges. This historical perspective provides valuable insights for current research
and informs the development of future models by building on past successes and avoiding
past pitfalls. Moreover, it highlights the importance of continuous innovation and interdis-
ciplinary collaboration in addressing the increasing complexity of wildfire behavior under
changing environmental conditions.

To provide a comprehensive overview of the current research status and future devel-
opment trends in forest and grassland fire behavior prediction, this study examines key
fire behavior parameters, explores the strengths and limitations of various models, and
proposes strategies for multi-model integration. By analyzing the diversity and complexity
of fire behaviors, this research advances the innovation and development of prediction
technologies, providing an up-to-date scientific basis for wildfire prevention and control. It
also offers robust support for global forest resource protection and ecological security.

2. Central Parameters Shaping Fire Behavior Prediction

Fire behavior refers to the characteristics and dynamic changes exhibited by wildfires
located in specific areas, while a wildfire can be a forest fire or grassland fire [19]. Charac-
terized by burning forest fuels, forest fires can be classified into three types: surface fire,
crown fire, and underground fire. Surface fire is the most common one, accounting for
over 90% of all forest fires, and its occurrence is largely connected with human activities.
Categorized as an extreme event, crown fire requires specific meteorological and vegetation
conditions and occurs at low frequency. Underground fire burns in subsurface peat layers,
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humus, or tree roots and accounts for less than 1% of the total forest fires. Wildfire behavior
can be quantitatively described by four major parameters as below.

2.1. Fire Spread Rate: Dynamic Feature of Firelines

Defined as the distance advanced by a fire front per unit time, fire spread rate Ry
is a critical indicator for evaluating the development momentum of wildfires. Its value
ranges from 0.1 m/min (for fires in wetlands or shady areas) to 50 m/min (for crown
fire under strong winds) [20], relying on the meteorological conditions, terrain, and fuel
properties. As revealed by Rothermel [9], Ry increases by 2 to 3 times for every 5 m/s
increase in wind speed. High temperatures accelerate fire spread, while high humidity
slows it down [21]. On mountainous terrain, the steeper the slope, the faster the fire spreads
upward [5,22]. Affected by fuel conditions, faster spread often occurs in the areas with
abundant herbaceous plants and litter, while slow spread is maintained in the regions
covered by the moist fuels (e.g., wetland vegetation) [23]. This parameter is of great
significance for fire management, given that firebreaks should be prioritized in directions
of rapid fire spread, and evacuation routes should be dynamically adjusted to avoid being
cut off by a spreading fire.

2.2. Flame Residence Time: Temporal Dimension of Disaster Impact

Flame residence time t is defined as the duration during which a flame or high-
temperature body continuously move through a specific spatial point, which plays a role
in altering the properties of local vegetation and the environment [24]. Often called fire
duration, t; can be evaluated by dividing the fire front depth by R;. In general, highly
flammable materials, such as herbs, burn rapidly with short durations, while fuels like
fallen logs burn more slowly and for longer periods. Additionally, a large quantity of fuels
such as high-density coniferous forests typically results in a longer burning period [25].
Climatic conditions also play a crucial role in modifying ¢. Prolonged burning durations
favor drought, high temperature and low humidity situations, whereas precipitation can
significantly shorten them [26]. The duration of a fire is a crucial metric for evaluating the
impact of fire thermal impact on local ecosystems, including the effects on the survival
capability of the affected plants, decomposition of soil organic matters, the persistence of
smoldering embers and the generation of smoke as well as toxic gases [24].

2.3. Fireline Intensity: Temporal and Spatial Distribution of Energy Release

Fireline intensity I, is an indicator for measuring the severity of a burning wildfire,
typically expressed as the energy release rate per fire front width (kW /m). It is compre-
hensively influenced by multiple factors such as climate, vegetation and terrain [5,27].
Byram [28] suggested a power-law relationship between I, and flame length L or height
hy for surface fire. Alexander and Cruz [29] further validated and extended this relationship
to broad fire scenarios (crown fire), in combination of the field test results with the princi-
ples of energy conservation and combustion kinetics. It is often recognized that mild fires
with I, <500 kW/m and ¢ <1 m only damage surface vegetation, while moderate fires at
the level of I, € (500-2000) kW/m and &y € (1-3) m result in tree bark scorching [23,30].
High-intensity fires with [, € (500-2000) kW/m and h € (3-6) m can destroy the forest
canopy, while extremely high-intensity fires with I, > 5000 kW/m and h; > 6 m can trigger
crown fire and spotting fire. High-intensity fires can lead to vegetation incineration, de-
creased soil fertility, damaged biodiversity, and difficult ecosystem restoration [31]. In fire
suppression practice, direct attack is typically employed in areas with low-intensity fires,
whereas indirect attack strategies are utilized in areas with high-intensity fires. Indirect
attack strategies involve firefighting tactics that do not directly engage the fire front but
instead aim to control the spread of the fire from a distance. These tactics include construct-
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ing firebreaks, utilizing natural barriers, conducting backfiring operations, or applying fire
retardants ahead of the fire.

It should be noted that the fire effect thresholds based on fireline intensity and flame
height are not absolute and can vary significantly. Factors such as species traits (e.g., bark
thickness, age), seasonal conditions, and fuel moisture can all influence these thresholds.
Additionally, even low-intensity fires can cause substantial soil impacts under certain
conditions, such as prolonged smoldering of organic layers or coarse woody debris, leading
to soil nutrient loss, increased hydrophobicity, and impacts on microbial communities.
Furthermore, the presence of invasive species or changes in land use can also alter the
fire behavior and its subsequent effects, highlighting the need for adaptive management
strategies that consider these dynamic factors.

2.4. Burned Area: Spatial Scale of Disaster

Defined as the region affected by wildfires, the burned area Ay serves as a critical
indicator for assessing fire scale and impact [27,32]. This metric is driven by some key
mechanisms, including meteorological ones. Strong winds and dry conditions accelerate
fire spread, even a daily increase of 200-500 ha was observed in a grassland fire once
ug > 15 km/h [27]. Predicting dynamic burning areas not only provides direct guidance
for fire response and supports community evacuation strategies, but also facilitates post-
fire assessment efforts. According to the burned status in forest areas, China forest and
grassland authority divides the forest fires into four levels: general fire for Af <1 ha,
significant fire for A¢ € (1-100) ha, major fire for Ay € (100-1000) ha, and particularly
major fire for A > 1000 ha.

The four core fire behavior parameters directly describe the ongoing status of fire
behavior and serve as the cornerstone for constructing a spatiotemporal assessment system
of fire scenes. This system addresses critical questions about when and where the fire
occurs, its intensity, duration, and extent of spread. As illustrated in Figure 1, these
parameters are integral to the “space-air-ground” data closed loop, acting as a quantitative
bridge between scientific understanding and prediction. They enable fireline deduction,
risk zoning, and early warning, supporting dynamic and intelligent decision-making that
transitions from reactive to proactive strategies. Importantly, fire behavior prediction
platforms provide critical insights for both immediate response and proactive management,
facilitating efficient resource allocation for prevention and landscape management.
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Figure 1. General technical routines for wildfire behavior prediction and fire response, which can be
seamlessly shifted into proactive fire management.
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3. Milestones and Applications of Classical Fire Behavior Models
3.1. Milestones of Physical and Empirical Models

Wildfire behavior prediction originated in the first half of the 20th century, primarily
focusing on surface fire [7-9]. In 1946, Fons developed a mathematical model based
on the concept of forest fuels as a bed of independent and discrete fuel particles. Each
fuel particle is characterized by specific geometric dimensions, moisture content, thermal
properties, and spatial distribution [7]. By applying discretized physical modeling and
the principle of energy conservation during fire spread, Fons transformed the fire spread
process into a computable mathematical model for the first time. This model delineated
the quantitative relationships between fuel bed parameters, environmental factors, and
fire behavior parameters, thereby pioneering the field of wildfire prediction. The basic
characteristics and application limitations of this model are summarized in Table 1.

Table 1. Development foundation, characteristics, and applicability of classical models.

Model Type

Theoretical and
Physical Basis

Main
Characteristics

Applicable Scenario

Limitation

Quasi-steady-state
surface fire spread
rate calculation
model by Fons [7]

Surface fuels were
treated as discrete
particles;

Energy conservation
was established in

fire spread;

Dynamic changes were
simplified, with a focus
on the stable stage.

A mathematical
framework to quantify
the spread velocity of
surface fire;

Wind tunnel fire
experiments were
conducted to establish
statistical relationships
among the parameters.

Applicable to open areas
with uniformly
distributed combustibles,
mainly low-lying fuels;
Suitable environmental
and fuel conditions: low
wind speed (<5m/s),
gentle terrain (slope

< 15°) and moderate
combustible

moisture content.

Quasi-steady state
assumption deviates
from the dynamic
changes in actual fires;
The influence of fuel
load is not considered;
Poor applicability to
high-intensity fires or
complex terrains (e.g.,
steep slopes).

Empirical fire
behavior prediction
model by McArthur
(8]

The combination of key
environmental factors
can determine

fire behavior;
Statistical relationships
among meteorological
factors (e.g., wind
speed and
temperature), fuel
humidity, fire spread
rate, and fire intensity.

The factors and fire
behavior were correlated
by combining long-term
field observations with
historical fire data;
Integrated into an
operational fire risk
assessment tool, and its
index system has now
been widely adopted
globally.

It is applicable to surface
herbaceous and low
shrub fuels in Australia’s
typical grasslands,
savannas, and
low-density

Eucalyptus forests;
Suitable for arid and
semi-arid climates with a
wide wind speed range
(1-15m/s).

Regional specific;

Low prediction
accuracy for mountain
fires;

Exhibits large
prediction errors in
high-humidity
environments (FMC >
30%);

Insufficient predictive
capacity for fire
behavior under
extreme meteorological
conditions.

Empirical forest fire
spread model by
Zhengfei Wang [33]

Through regression
analysis, empirical
correlations were
established among
forest fire spread rates
and local
meteorological factors
(temperature, humidity,
wind speed) and fuel
characteristics.

Field experiments were
conducted to verify the
model accuracy;
Parameters were defined
to adapt to complex
terrains and vegetation
types;

A flexible structure
enables spatial
simulation with GIS and
cellular automata.

Applicable to surface
fuels in coniferous
forests, such as larch
forests in Northeast
China, and Yunnan pine
and fir forests in
Southwest China;
Adaptable to seasonal
precipitation variations,
i.e., spring in Northeast
China and dry season in
Southwest China.

Strong

regional specificity;

It fails to incorporate
the influence of vertical
fuel distribution (e.g.,
shrub layers), leading
to insufficient
prediction of fire
spread in arbor-shrub
mixed forests;
Inadaptable to changes
in fuel characteristics
under climate change.
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Table 1. Cont.

Theoretical and

Main

Model Type Physical Basis Characteristics Applicable Scenario Limitation
onifi .
.
Good for different fuel forest surface fuels, P 4 !

Surface fire spread
model developed
by Rothermel [9]

Energy balance was
employed to calculate
the equilibrium
between the heat
required for fuel
ignition and the heat
supplied by the fire
front.

types, terrain slope and
wind speeds;

Fuel bed parameters
obtained through
indoor experiments;
Influence of wind speed
on spread rate was
verified via wind
tunnel tests.

including loose fuels in
coniferous forests and
deciduous
broad-leaved forests;
The model has been
integrated into systems
such as Behave and
FARSITE as the most
widely used prediction
tool globally.

Fails to account for
dynamic fuel
consumption during
fire spread;
Turbulent heat
exchange at high wind
speeds or extremely
dry conditions;
Elliptical surface for
burned areas is
inadequate under
certain situations.

Fire spotting model

Based on aerodynamics
and firebrand trajectory
analysis, the process of
firebrands lofted by hot

A model of firebrand
trajectories established
for different wind speeds
and particle shapes;
Validation relied on
historical fire cases;

Applicable to open areas
or medium-density
forests with wind speeds
> 3 m/s (sufficient to
carry firebrands via
airflow), where the

Inaccurate trajectory
predictions for
large-sized firebrands;
Fails to account for heat
loss and extinction
during flight;

of Albini [10,34] airflows and Spotti h terrain is primarily flat or  Inadequate simulation
transported by wind po thg P enomer;og gently sloped; of airflow fields under
field was modeled. W?s ther;'mct()) r}}:org © Integrated into software ~ complex terrains (e.g.,
o Fhe fre benavior such as Behave to valleys and ridges)
prediction framework. g L :
support dynamic fire causes deviations in
spread simulations. landing positions.
Crown fire is Throush fuel Applicable to coniferous ~ The model exhibits
precipitated by r(i)ug t‘crozvr}( u*:; forests with distinct reduced prediction
reaching the ignition COIH}[ ous 1}?11 f :’ N crown layers, where accuracy for tall-tree
. threshold of crown relationships between crown combustibles are forests (canopy height
Crown fire flame height, fuel load, . . )
A fuels through primarily composed of >15m);
initiation model . and FMC . . . Sl
thermal radiation; . needles and fine twigs; Without considering
developed by van rs were determined; - .
The critical heat flux . Integrated into CFFDRS ~ convective
Wagner [23,35] h . Physical threshold for . )
ypothesis was fire initiation to establish a coupled heat transfer;
proposed by crowcr11 ;re gu ato prediction system for Poor applicability to
developing a was detmed. surface-to-crown fires. broadleaf-
core parameter. dominated forests.
S . Applicable to crown Relies on large sample
- Historical ﬁ?e data and layers in coniferous sizes, resulting in low
A probabilistic remote sensing - .
- . o forests and prediction accuracy in
prediction equation monitoring enhanced the coniferous-broadleaved data-scarce regions:
Crown fire was established via experimental design for . . . glons;
1 . . . o mixed forests, especially ~ Without considering
probability model regression analysis, sample diversity in . . .
. I . : for crown fire potentially  the influence of forest
developed by Cruz ~ with the utilization of ~ various climate zones;

and Alexander
[36,37]

the field data from 71
crown fire experiments
in Canada.

Introducing uncertainty
analysis to support
multi-scenario risk
assessment.

induced by medium- and
low-intensity surface fire;
The model has been
integrated into software
such as FARSITE.

stand structure,
probability predictions
for dense or sparse
forest stands

are biased.
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Table 1. Cont.

Model Type Fl;,l:!;;i:f a;:sl;sd Charlriz?istics Applicable Scenario Limitation
Based on the Focusing on Applicable to the Sensitive to the
. >ms of . burning of various physical property
Navier-Stokes multi-physics coupling, .
equations and laboratory experiments combustibles (surface parameters of fuels,
combustion reaction and nuerica}i litter, shrubs, and tree where parameter errors

Crown fire Kinetics. the flame simulations crowns), particularly are prone to inducing

dynamics model by ! . suitable for flame deviations in
morphology (height, were conducted; L . -

Alexander and .. . . behavior in high-density,  prediction outcomes;
length, temperature Intrinsic relationships . . .

Cruz [29,38,39] . high-load fuels; Chemical reactions are
field), heat release, and ~ were revealed between o C
smoke diffusion flame structure and The model .has been 51mp.11f1eq 4 limiting the
process were simulated.  fire behavior. integrated into the applicability to

CFFDRS. broadleaf forests and
shrublands.

To further unravel the driving mechanisms of fire behavior, McArthur [8] constructed
an empirical model for predicting fire behavior in Eucalyptus forests through field obser-
vations, laboratory tests, and model deductions. As a nation dominated by Eucalyptus
forests, Australia has long relied on this model for its simplicity and applicability in bush-
fire risk assessment and emergency management (see Table 1). Similarly, through field
observations in the Greater Hinggan Mountains and analysis of experimental data, Chinese
scholar Zhengfei Wang [33] developed an empirical model for surface fire spread, which is
expressed as R f= R fOKwKSK s where R 0 denotes the initial fire spread rate, Ky, Ks and
Ky represent the adjustment coefficients given by local wind and slope and fuel condi-
tions, respectively. Mao [40] further supplemented this model by expanding the original
5 spread directions to 8 (including left uphill, right downhill and so on), which improved
its applicability and simulation accuracy under complex terrain conditions. In recent years,
Zhengfei Wang’s empirical model has been used as a framework for cellular automata or
maze algorithms, serving fire risk forecasting, burned area estimation, and decision-making
management of firefighting force deployment in certain forest areas [41,42].

The year of 1972 witnessed the public unveiling of the classical model crafted by
Rothermel [9]. Through extensive laboratory burning experiments and behavioral parame-
ter evaluation, a semi-physical and semi-empirical model was systematically developed.
This model is designed to evaluate the rate of fire spread under various fuel, terrain, and
weather conditions. The core equation was derived from the heat required by the adjacent
unburnt fuels to reach the ignition condition Q¢ , and has the following form [9]:

_ I

= 14 o + 1
f PaEsz’g( Pw + Ps) 1)

where I, denotes the reaction intensity, i.e., heat production rate per unit area of the fire
front, and ¢, and @, represent the adjustment coefficients for including wind and slope
effects based on the indoor measurements. The fraction term on the right-hand side of
Equation (1) can be labeled as Ry, corresponding to the rate expression by omitting the
impact of environmental factors.

This model adopts the elliptical surface assumption to predict the burnt area, while
introducing concepts such as equivalent wind speed to incorporate the influences of wind
speed and slope into the elliptical burnt area assumption. Despite its empirical nature and
simplifications, it remains highly valuable in practical applications so far. As indicated
in Table 1, Rothermel’s model is suitable for predicting surface fire spread on flat terrain
covered with herbaceous vegetation, dead branches, and leaf litter, and was then developed
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into a comprehensive prediction software to support wildfire management and fire ecology
studies [43].

Given that the major direction of fire spread is oriented by wind direction and the
terrain slope, the impact of wind and terrain slope on i}1e maximum fire spread rate should

be integrated by a superposition of two vectors, i.e., Ry = Ry + Rs. As a result, Wang and
co-workers [44] derived the rate equation into the following form:

Ry = Rf0(1+l/)ws) 2)

Pus = P +2¢0 P, cos 0 + P &)

where ¢, and s denote the adjustment coefficients for wind and slope effects, and 6
indicates the angle between the wind and upslope directions. The parameters 1, and s
can be derived from the empirical correlations presented in the Rothemel’s research report,
as detailed in the paper of Wang et al. [44].

In developing a surface fire behavior forecasting system, Zhu et al. [45] refined the
elliptical burnt area assumption. By applying the principles of differentiation, the advance
of the fire line is regarded as continuous motion of discretized fire locations along an
existing fire front. While sitting on a focus of an ellipse, the fire spread from a localized fire
spot still follows the elliptical surface burnt area assumption. Its rate of fire spread can be
determined by Equations (2) and (3) in conjunction with some other empirical correlations,
with the integration of the dynamic variations in local wind, slope and fuel conditions [45].
The algorithms developed to quantify fire spread rates and burnt areas have shown high
consistency with the results from multiple field tests, confirming their capacity to accurately
predict the development of local fires under various fuel distribution patterns, including
isolated non-fuel zones [45].

3.2. Spotting Models

In the realm of forest fire behavior prediction, spotting fire is particularly challenging
due to its “leapfrog” spread and random nature. The model proposed by Albini [10] stands
out as a milestone in predicting the travel distance of firebrands (Table 1). Through extensive
field experiments, correlations were established to determine the maximum ascent height
and travel distance of firebrands, thereby providing a crucial theoretical foundation for
predicting spotting fire. By considering firebrands generated from various fuel types, a
series of models were developed, allowing for a more comprehensive understanding of
firebrand propagation characteristics across different fire scenarios [10,34].

To better understand the distribution patterns of firebrands downwind, Wang [30]
investigated the physical processes involved in firebrand generation, transport, and igni-
tion conditions. For the first time, a transport model integrating statistical and physical
principles was developed to describe how firebrands distribute within the wind field. The
ignition threshold was determined based on the critical mass accumulation of firebrands.
Moreover, the minimum fireline intensity needed to trigger spot fires was quantified, which
is in excellent agreement with the field observations. This model effectively explained
the extensive damage of houses in a residential area during the 2003 Canberra Bushfires.
The predicted peak spot fire density within 160 m of the forest edge closely aligned with
the actual survey results, thereby confirming its applicability in assessing fire risks at the
wildland and urban interface (WUTI) [30].

3.3. Crown Fire Models

In 1977, van Wagner [23] proposed a crown fire initiation model that quantifies the
critical conditions for the transition from surface fire to crown fire (Table 1). Based on energy
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balance and the thermodynamic properties of fuels, the model specifies the surface fire heat
flux required to initiate crown fires. This was the first time that physical mechanisms such
as flame height and heat flux were integrated with stand structural parameters, including
crown base height and fuel continuity. Additionally, the dynamic effect of moisture content
was incorporated to quantify the inhibitory role of humidity [23,35].

Based on 71 field experiments, Cruz et al. [36] developed a probabilistic model to
predict the likelihood of crown fire occurrence in coniferous forests. This model integrates
multiple environmental variables and fire behavior parameters, overcoming the limitations
of traditional models that rely solely on single indicators. By introducing the concept
of fuel strata gaps and employing logistic regression to develop a probability equation,
the model assesses how the crown structure can impede flame propagation. Application
studies in coniferous forests, such as black spruce-lichen woodland and mature jack pine
stands, demonstrate that for 10-m open wind speed > 8 km/h, fuel strata gaps < 3 m, and
estimated fine fuel moisture content < 10%, the model achieves an 85% prediction accuracy.
This performance is much better than that of conventional empirical models [36,37].

To further quantify the coupling relationship between flame length and fireline in-
tensity in crown fire, as well as to predict crown fire initiation and crown scorch height,
Alexander and Cruz [29] established a fire dynamics model based on the principle of energy
conservation. The combination of field experiments, wind tunnel simulations with numeri-
cal simulations using Fire Dynamics Simulator (FDS) enabled full-scale validation ranging
from microscale flame structure to macroscale fire behavior. Parameters such as fireline
intensity, flame length, and crown height were then integrated into a unified framework.
Existing practice shows that the integration of the Alexander and Cruz model significantly
boosts the accuracy of fire simulation, particularly exhibiting superior performance amidst
complex fuel conditions and meteorological factors [38]. As a further work on the model-
ing of crown fire behavior published by Cruz and Alexander [39], the uncertainty in the
prediction of nonlinear fire behavior was investigated under the Monte Carlo simulation
framework. Their study not only enhanced the accuracy of fire spread prediction but also
consolidated the scientific basis for crown fire management.

The core value of classical models lies in establishing the research paradigm of “physi-
cal mechanism analysis — mathematical modeling — experimental validation — appli-
cation and promotion.” This paradigm has transformed wildfire behavior studies from
fragmented observations into a systematic science, providing a groundbreaking methodol-
ogy for addressing the increased frequency of fires in the context of climate change. For
example, Rothermel’s model is widely used for surface fire spread prediction, and van
Wagner’ model is crucial for understanding crown fire initiation [9,23]. These models
remain the logical starting point for understanding fire and ecosystem interactions and can
be regarded as the conceptual pillars of wildfire science. They have enabled the shift in fire
management from empiricism to scientific quantification, laying the technical foundation
for modern wildfire prevention and control with efficacy. Building on these models, re-
searchers can develop more advanced and accurate prediction systems, thereby enhancing
our ability to manage and mitigate wildfire risks.

4. Associated Software for Wildfire Behavior Prediction and Control
4.1. Behave and BehavePlus

The Behave software and its subsequent iteration, BehavePlus, are the most represen-
tative among the diverse array of fire behavior prediction technologies and systems [43,46].
In 1977, based on Rothermel’s physical model of fire spread, experts from the U.S. Forest
Service (USFS) successfully developed the Behave system to evaluate surface fire behavior
and predict key parameters such as fire spread rate, fire intensity, and burned area [43]. To
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enhance the practical applicability of the computational model, 13 standard fuel models
were defined and embedded. With the calculation of R ras the foundational framework, this
software enables quantitative predictions of potential fire behavior and fireground dynam-
ics, thereby establishing itself as an auxiliary decision-making tool for fuel management
and fire suppression operations [43,46].

As the updated version of Behave, BehavePlus features a modular design that allows
users to customize fuel models [47,48]. By integrating van Wagner’s crown fire model,
it expands the prediction scenarios from surface fire to crown fire risk assessment. The
BehavePlus system quantifies how fuel treatments inhibit fire behavior, supports the USFS
Forest Health Program, and has a vast user base across North America [21]. As a typical
work using BehavePlus 5.0, Stratton [49] simulated potential fire behavior parameters in
mechanically thinned areas and untreated areas in Oregon’s Willamette National Forest.
The results showed that fuel treatments not only effectively dropped the potential Ry and
h¢ but also reduced the wind’s acceleration effect on fire spread.

Through quantitative fire behavior simulation, the Behave system and its upgraded
versions have emerged as core tools driving the transformation of forest insurance from an
experience-driven paradigm to a data-driven one. Their applications in risk assessment, dis-
aster response, and claims optimization have significantly enhanced the risk management
capabilities and service efficiency of insurance institutions. In 2023, American International
Group (AIG) partnered with the California Department of Forestry and Fire Protection
to integrate the Behave system into the forest carbon sink insurance framework [50]. By
offering policyholders the simulation reports generated by Behave or BehavePlus, AIG
guides them to implement fuel management practices, such as prescribed burning, to
reduce their insurance premiums.

4.2. FARSITE/FlamMap

FARSITE is a parallel application software collaboratively developed by the USFS and
Colorado State University [47]. It excels in its integration of three key models: Rothermel’s
surface fire spread model, Albini’s fire spotting model, and van Wagner’s crown fire
initiation model. By incorporating Huygens’ principle to track the movement of fire fronts,
FARSITE can more accurately simulate fire spread under diverse conditions, including
varying fuel continuity, topography and wind directions. This integration allows for the
simulation of fire behavior across a wide range of fire regimes [47,51,52]. The system utilizes
spatial data, such as digital elevation models (DEMs) and vegetation type maps, along with
real-time meteorological parameters as inputs. It generates visualized outputs, including
fire spread paths, risk zones, and occurrence probabilities, all under three-dimensional
terrain conditions [52].

Since 2010, FARSITE has incorporated corrections for fine fuel moisture content (FMC)
in its crown fire spread predictions, quantifying the inhibitory effect of live fuel moisture
on Ry [38]. Additionally, the parameter “site-adjusted moisture” was introduced to en-
hance model accuracy. With its spatially explicit characteristics and multi-model synergy,
FARSITE excels in complex landscape management and can conduct large-scale fire and
atmosphere coupling simulations. It has now been integrated into the FlamMap platform,
which specialized in static fire behavior simulation. By leveraging geographic informa-
tion systems (GIS), FlamMap enables dynamic fire behavior simulation under complex
meteorological conditions and diverse landscape distributions.

The MTT (Minimum Travel Time) algorithm, first introduced by Finney [51], is a
method for calculating fire spread paths based on the “fastest arrival” concept. It has been
incorporated into American forest fire analysis systems such as FlamMap and FARSITE.
Utilizing Huygens’ principle, the algorithm identifies paths with the “minimum propaga-
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tion time” across a 2D raster landscape. It computes fire spread rates at each pixel using the
Rothermel model and expands nodes with the smallest “arrival time” through Dijkstra’s
algorithm or similar techniques. This process generates a raster or vector “arrival time”
layer that includes fire behavior parameters. After conducting numerous simulations, the
algorithm produces a burn probability distribution map. Effective in complex terrain, the
MTT algorithm supports strategic fuel management and tactical fire suppression, enhancing
fire management capabilities.

Ager et al. [52] applied the MTT algorithm to simulate burn probability and wildfire
size in Oregon’s Emily Hill landscape under various fuel treatment intensities (ranging
from 0% to 66%). Their results indicated that a 20% fuel treatment reduced the average fire
size by 31% under Stand Density (SDEN) and by 29% under Residential Density (RDEN)
scenarios (Figure 2). The MTT algorithm is instrumental in devising comprehensive fuel
treatment plans and is widely used in both strategic and tactical fire management planning
across the U.S. It is integrated into the Wildland Fire Decision Support System (WFDSS),
enhancing the ability to manage and mitigate wildfire risks effectively [53].

SDEN
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Figure 2. Three-dimensional visualization of treatment units (a,d), burn probabilities (b,e), and
kernel-smoothed fire sizes (c,f) in the 20% treatment areas at the stand density (SDEN) and the
residential density (RDEN) treatment priorities [52].

4.3. CFFDRS and Future Systems

The Canadian Forest Fire Danger Rating System (CFFDRS), released in 1987, is
renowned for its core technical component—the Fire Behavior Prediction (FBP) subsys-
tem. This subsystem integrates van Wagner’s crown fire model and the Cruz-Alexander
modified model, enabling a comprehensive assessment from fire danger levels to crown
fire spread rates [54]. The input parameters of the system include meteorological data,
topographic slope positions, and fuel types, while its outputs consist of a five-level fire
danger classification and the probability of crown fire occurrence [55].
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Wotton et al. [19] integrated the CFFDRS with the spatial fire spread model Prometheus
to develop FireBC 2.0. This new system supports 3D visualization and real-time data input.
A new crown fire prediction module was introduced, incorporating parameters such as
canopy density, tree height, and fire whirl index. Applying the software to the 2003 Hinton
fire in the boreal forest of Alberta, Canada, it was found that the simulated results of R f
have an error of <10% compared to the measured values, while the error in fire intensity
is below 12% [19]. FireBC 2.0 supports integrated calculations with multiple fuel models
and can simulate fire behavior under extreme conditions, such as slopes greater than 30°
and wind speeds exceeding 20 km/h, achieving a threefold increase in speed compared to
earlier versions of CFFDRS. With its modular design and robust spatial analysis capabilities,
the modified version has become a handful tool for global boreal forest fire research [19].

The upgrade pathways of the three systems collectively reflect the shared character-
istics of model refinement, data comprehensiveness and application scenario expansion.
Behave has evolved from integrating static fuel parameters to incorporating dynamic
meteorological data. FARSITE has advanced from two-dimensional terrain analysis to
coordinating multiple fire points and conducting three-dimensional dynamic simulations.
Meanwhile, CFFDRS has made a leap from empirical statistics to physical mechanisms by
integrating the Alexander—Cruz model and fuzzy logic algorithms. In terms of core techno-
logical breakthroughs, FARSITE’s spatial simulation and CFFDRS’ data-driven calibration
(with experimental data exceeding 1000 sets) are particularly prominent, and Behave’s
modular design has provided a basic architectural paradigm for subsequent system in-
tegration. Through continuous integration, these three systems have gradually evolved
from static simulation to dynamic and multi-scale analysis, offering multi-level technical
support for wildfire prediction and control.

5. Numerical Simulation: Integration of Fire Physics with
Prediction Techniques

5.1. Development of Key Tools under the CED Framework

Computational Fluid Dynamics (CFD) package employs numerical analysis to solve
the governing equations that describe fluid flow and related physical phenomena, thereby
simulating and predicting fluid flow and burning behaviors [12,56,57]. The fundamental
governing equations encompass the continuity, momentum, energy conservation and
species conservation equations, which are mathematically formulated in conjunction with
the physical processes involved in fire phenomena [56]. The four basic equations can be
expressed in a general form as follows [5,58]:

a(gt@) +V~<pll®> = V-(IyV-2) + S )

During model development, complex processes necessitate reasonable simplifications
(e.g., assuming a homogeneous fuel bed, steady-state combustion, and neglecting minor
physical effects). Additionally, model parameters such as fuel thermophysical properties,
reaction kinetic parameters and heat of combustion must be calibrated using experimental
data to improve prediction accuracy [57]. In the context of wildfire behavior simulation,
CFD packages are primarily employed to track and quantify processes such as air flow,
flame propagation, and smoke dispersion. The features of representative software, includ-
ing Fluent, FDS, WFDS and FIRETEC, are outlined and compared in Table 2.



Fire 2025, 8, 402

13 of 23

Table 2. Overview of software related to wildfire behavior prediction under the CFD framework.

Background an re Meth n .. .
Name ackgrou d and Core et. od and Output Parameter Application Scenario
Motivation Technique
Applicable to multiple
Computational domain fuel types, via
General-purpose CFD . - Output parameters . .
. was divided into many . . ) user-defined combustion
software to assist contain basic flow field .
control volumes, and . models, enabling the
researchers and . quantities, boundary . .
. ) . the equations of mass, . . research on fire behavior
engineers in solving integrals, medium .
Fluent momentum, and in complex forest

(1983) [59]

practical problems, with
the support of the
simulation of various
physical processes
through modular design.

energy conservation
were then resolved in
their discretized forms
for every

control volume.

turbulence and heat
transfer characteristics,
and component
multiphase

reaction rates.

structures or under
extreme meteorological
conditions and the study
of the production and
transport of forest

fire pollutants.

OpenFOAM
(2004) [60]

A fully open-source
modular CFD platform,
which supports
full-process
customization from
fundamental research to
engineering applications.

It offers model libraries
and solving tools for
numerous physical
fields, facilitating the
users to customize
solvers and physical
models for specific
problems with

high compatibility.

In addition to the
conventional CFD
outputs, it can also
output reaction rate
constants for
customized combustion
models and turbulence—
combustion

coupling coefficients.

A module describing
vegetation pyrolysis and
combustion can be
developed to simulate
wildfires, which is
applicable to the study of
forest fire spread
mechanisms and the
development of
customized models.

FIRETEC
(2008) [5,61]

To overcome the accuracy
and scale bottlenecks of
traditional models in
complex terrain,
multi-fire sources, it
implements 1 m-scale
fire—atmosphere two-way
coupling simulation, and
provides high-resolution
decision support tools for
wildfire management.

High-precision
simulation of
small-scale wildfire
behavior can be
achieved by
considering detailed
coupling of multiphase
transport, physical
processes, and
interactions between
fire and atmosphere.

It outputs fire spread
rate, flame height, heat
release rate,
atmosphere
coupling-related
parameters, plume
height, and

pollutant concentration.

By focusing on natural
field environments, it
supports forest fire
spread prediction, fire
behavior analysis,
toxic/harmful gas
emission assessment, and
evaluation of climate
change impacts on
wildland fire risk.

FDS
(1995) [58]

Developed by NIST for
resolving building fire
issues, it can finely
simulate the dynamic
evolution of fires, with a
focus on depicting heat
release, flame
propagation, smoke
movement, and
temperature distribution.

By solving the
Navier-Stokes
equations in
conjunction with LES to
handle turbulent flow,
it can track temperature
field distribution,
energy flow in fires and
smoke movement.

Its output includes
global parameters, gas
parameters, and solid
parameters by
generating contour
maps, slice maps, and
time series graphs.

Capable of simulating
small-scale combustion
phenomena in detail,
such as single-plant
combustion, fires at the
WUI, and smoke flow
and fire risk assessment
of atriums.

WEDS
(2008) [62]

Originating from FDS, it
offers both wildland fire
and building fire
simulations, by
accurately depicting the
complete chain of
vegetation combustion
and fire spread

into buildings.

It inherits FDS'’s
framework, with the
addition of a vegetation
combustion model, and
coupling the impacts of
terrain and wind speed
on fire spread.

Main output
parameters focus on
fire behavior, heat
release, plume
characteristics, and
atmospheric
coupling parameters.

Applicable to WUI fires
with mixed wildland
fuels and building
structures, grassland fires
spread to villages, and
vegetation-building
coupled

combustion scenarios.

As an intellectual property offered by National Institute of Standards and Technology

(NIST), conventional FDS lacks targeted modeling of vegetation fuel properties and terrain

effects, which restricts its direct application in forest fire scenarios. The Wildland-Urban
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Interface Fire Dynamics Simulator (WFDS) was then developed, specifically designed to
tackle the complex issues of vegetation combustion and atmosphere-terrain coupling in
wildfires [63]. It incorporates parameters such as fuel bed porosity and thermal conductivity
and introduces reaction—diffusion equations to describe fuel pyrolysis and flame propa-
gation. Nested grid technology is adopted to tackle the impact of complex terrains (e.g.,
valleys and ridges) on airflow, thereby simulating the interaction between terrain-induced
winds and fire behavior. Large eddy simulation (LES) is utilized to capture turbulent
structures near the fire front. Furthermore, radiation models were refined to simulate
the shielding effect of vegetation canopies. By integrating with the Weather Research
and Forecasting (WRF) model, fire-weather bidirectional feedback can also be achieved
through simulation.

5.2. Crucial Tactics in Performing Numerical Simulation

With the ongoing progress in GIS technology and the enhancement of modern comput-
ing capabilities, GIS can now be seamlessly integrated into detailed computer simulations
of fire behavior. This integration has significantly advanced wildfire simulation and pre-
diction technologies, moving them from simplified hypothetical models to realistic and
accurate representations [15,64]. GIS can aggregate various fire-related datasets, including
meteorological, topographic, vegetation, and historical fire data. By incorporating dynam-
ically computed fire behavior data into GIS for preprocessing and integration, a robust
geospatial database is created. This not only improves prediction accuracy but also enables
researchers and fire managers to visualize the three-dimensional dynamics of fires [13].

As shown in Table 2, CFD packages enable precise characterization of flame propaga-
tion and smoke dispersion in forest and grassland fire simulations. For example, FIRETEC
is built on the conservation equations of mass, momentum, and energy. It is coupled with
pyrolysis and combustion modules to simulate the multiphase transport processes of fire
spread [65]. Through coupled simulations using HIGRAD-FIRETEC, Pimont et al. [5]
observed that narrow valleys and steep slopes in Mediterranean shrublands accelerate the
lateral spread of fire. Clearly, this computational platform can resolve the coupled effects
of complex terrains (such as valleys and hillsides) on airflow and fire behavior. It then
provides technical support for mountain fire suppression operations. These capabilities are
irreplaceable by traditional physical models.

At the large-scale fire laboratory of NIST, Mell et al. [66] simulated the burning be-
havior of Douglas fir trees in a natural forest setting. They also conducted numerical
simulations of Douglas fir experiments under the WFDS-LES framework. Validation of
these simulations was achieved by comparing the time histories of predicted and measured
mass loss rates and radiant heat fluxes. The results indicate that WFDS is capable of ac-
curately simulating the combustion behavior of Douglas fir at the laboratory scale. In a
study of fire behavior in North American forests, Hoffman et al. [13] utilized a compiled
dataset of crown fire spread rates from Alexander and Cruz [38] to conduct a preliminary
assessment of crown fire predictions from prior studies that employed WFDS or FIRETEC.
Overall, 86% of all simulated R £ values using WFDS or FIRETEC fell within the 95% pre-
diction interval of the empirical data. This performance far exceeded the target of 75% for
dynamic ecological modeling. The outcomes of this study provided valuable insights into
the mechanisms that dominate fire behavior in North American forests.

In the realm of CFD simulation, tools like FDS and WFDS often incorporate traditional
fire behavior prediction models as sub-modules to forecast wildfire behavior [15]. For
instance, core parameters from the Rothermel model, such as fuel load, surface area-to-
volume ratio, and fuel bed depth, are directly mapped to the fuel bed settings in WFDS. This
integration allows for a more accurate definition of fuel-related parameters [11]. Meanwhile,
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parallel fire behavior prediction software can enhance each other’s capabilities through
data integration. For example, FARSITE software can be used initially to integrate the
Rothermel fire spread model for predicting wildfire risks and potentially affected areas.
Subsequently, coupled models like WFDS can be invoked to simulate specific fire spread
processes. This approach allows for the concurrent prediction of wildfire occurrence
probability and dynamic simulation of fire behavior [15]. To date, numerical analysis has
become a crucial tool for addressing complex issues in wildfire modeling. Its ability to
conduct multi-physics field coupling simulations provides precise and efficient solutions
for forest resource management.

6. Implanting Artificial Intelligence in Prediction Techniques
6.1. Existing Data-Driven Models in Prediction Practice

Data-driven models are based on extensive historical datasets and utilize statistical and
machine learning techniques to reveal hidden relationships among variables. These models
establish mapping relationships between input variables and fire behavior parameters.
Their primary methods encompass statistical regression analysis, time series analysis, and
analogy approaches that rely on data similarity and pattern recognition [67,68]. As shown
in Figure 3, the input variables for predicting fire behavior usually include meteorological
data, topographic data, and vegetation data. The output variables are key parameters
such as spread rate, fire intensity, and burned area. By learning from large amounts of
historical fire data, data-driven models can capture the nonlinear relationships among these
variables, enabling the dynamic prediction of wildfire behavior and helping to identify the
most effective measures for fire management [67,68]. These models are particularly useful
in regions with extensive historical data, where they can leverage past events to improve
predictive accuracy and provide valuable insights for proactive fire management strategies.
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Physical models can offer valuable insights for feature engineering in data-driven
models. On the other hand, data-driven models, through their analysis of large datasets,
can reveal influencing factors and parameter interactions that may not be accounted for in
physical models. This capability can, in turn, assist in refining and optimizing the param-
eters of physical models. Xu et al. [64] developed a coupled model that integrates Least
Squares Support Vector Machine (LSSVM) with three-dimensional cellular automaton (CA).
Trained by the terrain and vegetation data from Landsat 8 and historical fire data from
Xichang, Sichuan Province, China, the model achieved a 97.9% fire spread overlap coeffi-
cient, demonstrating its effectiveness in fire probability prediction and spread simulation.
Khanmohammadi et al. [14] investigated semi-arid shrublands in Australia and found that
the SVM model achieved prediction accuracies of 70% for fire spread and 79% for crown fire
types. Additionally, the prediction accuracy for crown fire increased by 4% after optimiza-
tion using synthetic datasets. These studies highlight the potential of data-driven models
to complement traditional physical models, providing a more comprehensive approach to
wildfire prediction and management.

6.2. Breakthrough in Deep Learning

Deep learning (DL) has revolutionized the modeling and prediction of wildfire spread
by analyzing the complex spatiotemporal characteristics of wildfire behavior. It primarily
relies on architectures such as Convolutional Neural Networks (CNN), Artificial Neural
Networks (ANN), Recurrent Neural Networks (RNN), Generative Adversarial Networks
(GAN) and Long Short-Term Memory Networks (LSTM) [69]. Compared to traditional
machine learning methods, DL demonstrates superior capabilities in processing high-
dimensional data and extracting spatiotemporal features. It performs well in estimating
fire spread rates, predicting burned areas and temporal dynamics [69].

ANN, as a computational model simulating biological neurons, has been widely
employed in fire behavior prediction, risk assessment, and fire type classification owing
to its nonlinear fitting capabilities [69]. For instance, Multilayer Perceptrons (MLPs) take
temperature, humidity, wind speed, fuel moisture content and other parameters as inputs
to output predicted values of spread rate; time-series models, like LSTM networks, can
forecast the trajectory of fire behavior over the subsequent hours by leveraging sequential
data, including historical meteorological information and the locations of fire spots [70]. Wu
etal. [71] built up a flame propagation model under the ANN framework, incorporating
multidimensional physical and environmental variables to quantify the uncertainty in fire
propagation. In comparison to the Zhengfei Wang-CA model, the ANN model achieved
an average accuracy of 85.0%, a sensitivity of 95.3%, and an Fl-score of 89.9% after training
and testing. Notably, in the realm of image analysis, CNNs can identify characteristics
of fire-affected areas from satellite surveillance images [72], while GANs can generate
simulated fire scenarios for firefighting training by learning from real fire images [73].

The advent of large models, which leverage vast amounts of data and advanced
computational techniques, represents a significant advancement in the field. These large
models have the potential to capture intricate patterns and relationships in fire behavior
data that were previously unattainable. They can process and integrate data from multiple
sources, including satellite imagery, weather stations, and ground sensors, to provide more
accurate and comprehensive predictions (refer to Figures 1 and 3). The development and
application of large models are expected to play a crucial role in enhancing the robustness
and reliability of wildfire prediction systems.



Fire 2025, 8, 402

17 of 23

6.3. Strategies for Fusing Fire Modeling and Prediction Techniques

The integration of forest fire modeling and prediction technology leverages the
strengths of physics-based models, numerical simulations, and machine learning tech-
niques, employing the following three distinct strategies or their combinations:

(1) Complementary integration—Given the differences in applicable scenarios of various
models, a serial integration mode characterized by “division of labor and collabora-
tion” is adopted. For instance, during the fire risk assessment phase, physical models
are used to calculate the critical ignition conditions of fuels, while machine learning
models such as random forests are employed to handle the nonlinear relationship
between meteorological data and fire occurrence probability, thereby constructing
a dual-layer prediction framework of “physical mechanism screening” with “data-
driven classification”. Marjani et al. [18] combined CNN with Bidirectional Long
Short-Term Memory (BiLSTM) modules to generate a novel DL model named CNN-
BiLSTM, which is used for near-real-time wildfire spread prediction.

(2) Weighted fusion—Among statistical weighting methods for multi-model outputs,
Bayesian Model Averaging (BMA) and dynamic weight assignment are commonly
adopted. BMA allocates weights by estimating the posterior probabilities of models,
which is suitable for long-term prediction of wildfire behavior. For instance, the
FireCAST system, developed by the USFS, integrates the Rothermel model, LSTM
model, and CFD model, thereby enhancing the rate prediction accuracy in complex
terrain [74]. Dynamic weight assignment can be adjusted according to real-time
data, highlighting the response mechanism to abrupt changes in fire behavior under
strong winds.

(3) Hybrid modeling—A “physics-constrained, data-driven” hybrid model is constructed
by embedding physical equations as regularization terms into the machine learning
framework. A typical example is the Deep Convolutional Inverse Graphics Network
(DCIGN) proposed by Hodges et al. [68]. This model integrates Rothermel’s phe-
nomenological fire spread model into a convolutional inverse graphics network. The
energy balance equation from Rothermel’s model ensures that the predicted heat
release rates align with actual values while adhering to the constraints of Equation (1).
Trained and tested on wildfires in both simple homogeneous landscapes and com-
plex heterogeneous terrains, the DCIGN avoids the physical inconsistencies often
found in purely data-driven models. This makes it particularly well-suited for data-
sparse high-altitude forest areas [68]. By combining machine learning’s nonlinear
fitting capabilities with the physical constraints of burning phenomena, this approach
significantly enhances the accuracy and reliability of the model predictions.

Integrating complex physical models with machine learning in weighted and hy-
brid approaches incurs high computational costs, impeding real-time predictions. In fact,
handling heterogeneous data necessitates normalization and multi-scale fusion to ensure
effective processing. Combining deterministic and statistical models can introduce inconsis-
tencies, requiring rigorous validation to maintain physical consistency. It is understandable
that operational maturity varies with models like FireCAST, which needs refinement for
real-time use, and DCIGN, which requires further validation for broader application.

For long-term seasonal predictions, weighted fusion approaches (e.g., BMA) that
handle large-scale data and provide probabilistic forecasts are preferred. In real-time
scenarios, complementary integration of fast machine learning models with simplified
physical models balances accuracy and efficiency. Under complex terrain and diverse
fuel conditions, hybrid models incorporating physical constraints offer reliable results,
maintaining consistency in heterogeneous environments.
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As illustrated in Figures 1 and 3, wildfire behavior parameters are not only core
variables in theoretical research but also function as a critical bridge linking scientific
early warning with practical prevention and control. Their accuracy and real-time perfor-
mance directly determine the effectiveness of disaster prevention and mitigation. With the
advancement of multi-source data fusion, the development of Al technologies, and the im-
provement of computing power, parameter-driven precision fire management will become
an inevitable trend. By taking fire behavior prediction as a bridge to guide fire prevention
and suppression decisions, a complete chain of early risk warning, dynamic simulation
and emergency decision-making can be constructed with efficacy. This integrated approach
will not only enhance the ability to predict and manage wildfires more accurately but also
significantly reduce the potential damage to ecosystems and human societies. Moreover, it
will pave the way for sustainable and resilient forest management in the face of increasing
wildfire threats due to climate change.

7. Concluding Remarks and Prospect

Wildfire behavior prediction models have evolved significantly over the past decades,
transitioning from empirical models to more sophisticated CFD and data-driven approaches.
Empirical models, such as those developed by Fons, McArthur, Rothermel, and Albini,
have provided foundational tools for rapid assessments of fire behavior. These models
are particularly useful for quick predictions in specific biomes but face limitations in
transferability across different ecosystems. More recently, CFD models have offered detailed
process-level insights into fire behavior, although they come with high computational costs.
Data-driven models, including machine learning and deep learning approaches, have
shown great promise in capturing complex nonlinear relationships from large datasets, but
they require extensive, high-quality data for accurate predictions.

While significant advancements have been made in wildfire behavior prediction mod-
els, several challenges remain. Computational costs associated with complex CFD models,
data requirements for accurate data-driven predictions, and the transferability of empirical
models across different ecosystems are critical issues that need to be addressed. These
limitations highlight the importance of continued research to improve model efficiency,
data accessibility, and model adaptability.

Future research should focus on exploring these limitations further and developing
strategies to overcome them. Multi-model integration, which combines the strengths of
different approaches, offers a promising avenue for enhancing prediction accuracy and
robustness. By integrating empirical models for rapid assessments, CFD models for detailed
process-level insights, and data-driven models for capturing nonlinearities, researchers can
develop more comprehensive and reliable prediction systems. This integrated approach
not only addresses the individual limitations of each model type but also leverages their
complementary strengths to provide a more holistic understanding of wildfire behavior.

In addition to multi-model integration, future research should also focus on interdisci-
plinary collaboration, combining insights from forestry, meteorology, geography, physics,
and mathematics. This collaborative effort will enable a more comprehensive understand-
ing of wildfire dynamics under various conditions. Special emphasis should be placed on
the impact of unique meteorological patterns, such as extreme weather events and climate
anomalies, which can significantly influence fire behavior and spread. Furthermore, the
development of intelligent, comprehensive prediction systems that integrate space-air—
ground data collection, model forecasting, and emergency decision-making processes will
enhance prediction reliability and efficacy in practical use. These initiatives are intended to
provide more scientific and effective technical support for fire prevention and ecological
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conservation, ultimately contributing to the development of a digital support system for
global forest and grassland protection.
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Nomenclature

Agf burned area

hs flame height

I fireline intensity

I reaction intensity

Ky adjustment coefficient induced by fuel conditions

Ks adjustment coefficient induced by terrain slope

Ky adjustment coefficient induced by local wind

Ly flame length

Ps fire probability

Qig heat required for ignition

Ry rate of fire spread

Ryo initial fire spread rate/fire spread rate without considering wind and slope effects

Sp unified source term

t time

tr flame residence time

u velocity vector

Uy wind speed

\Y gradient operator

o general variable specifying density, velocity, temperature or mass fraction of a
medium considered

Ty generalized diffusion coefficient related to @

£p porosity of a fuel bed

0 angle between the wind and upslope directions
heat absorption coefficient

0 density of a medium

Oa fuel apparent density

Pw wind adjustment coefficient

Ps slope adjustment coefficient

Al Artificial Intelligence

AIG American International Group

ANN Artificial Neural Networks

BiLSTM  Bidirectional Long Short-Term Memory
BMA Bayesian Model Averaging

CA Cellular Automaton
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CFD Computational Fluid Dynamics
CFFDRS  Canadian Forest Fire Danger Rating System
CNN Convolutional Neural Networks

DCIGN Deep Convolutional Inverse Graphics Network
DEMs Digital Elevation Models

DL Deep Learning

FBP Fire Behavior Prediction

FDS Fire Dynamics Simulator

FMC Fine Fuel Moisture Content

GAN Generative Adversarial Networks

GIS Geographic Information System

LES Large Eddy Simulation

LSSVM Least Squares Support Vector Machine
LSTM Long Short-Term Memory Networks
MTT Minimum Travel Time

MLPs Multilayer Perceptrons

NIST National Institute of Standards and Technology
RDEN Residential Density

RNN Recurrent Neural Networks

SDEN Stand Density

SVM Support Vector Machine

USFS U.S. Forest Service

WEFDS Wildland-Urban Interface Fire Dynamics Simulator
WEFDSS Wildland Fire Decision Support System

WRF Weather Research and Forecasting
WUI Wildland and Urban Interface
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