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ABSTRACT: Timely deployment of firefighting efforts during
the early stages of wildfires is essential to minimize disaster
losses. However, complex landscapes and dynamic wildfire
behaviors pose significant challenges to firefighters’ rapid arrival
at firelines. This paper introduces an adaptive path planning
model designed to provide optimal routes in such dynamic
environments. A “wildfire—environment-personnel” (WEP)
framework was proposed to capture the spatiotemporal
interactions among key elements of wildfire scenarios. By
integrating a wildfire spread model and a firefighter travel
model, the framework simulates the dynamic interplay between
wildfires and personnel in wildland settings. A WEP-based model was tailored to calculate adaptive routes from the starting point to
the dynamic fireline. Model validation was conducted with a wildfire-prone area in Foshan city as the study site. In an experimental
scenario, our model demonstrated a significant advantage over traditional methods, reducing arrival time by more than 60% and
accurately identifying the dynamic intersection point of the fireline. These findings underscore the model’s potential for practical

! Advarsarial Intocacton
| wianes
WEP framework

application in real-world wildfire suppression and rescue operations.
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1 Introduction

As global warming intensifies, the frequency and severity of
extreme events such as heatwaves are increasing (IPCC, 2021),
posing significant challenges to global forest fire prevention and
control. From 2013 to 2022, the United States experienced an
annual average of nearly 57,000 wildfires, which burned
approximately 7 million acres of vegetation (NIFC, 2024). In the
last10years, Chinahasexperienced anaverage ofapproximately2313
wildfires per year, resulting in approximately 33,000 hectares of
overfire area and an annual average of 150 million RMB in
economic losses (NBS, 2024). As of July 2023, the European
Forest Fire Information System (EFFIS) reported that more than
230,000 hectares were burned by wildfires in the European Union
(ESA, 2023). The United Nations Environment Programme
(UNEP) predicts that climate and land use changes will exacerbate
wildfire risks, with extreme fires projected to increase by 50%
globally by 2100 (UNEP, 2022).

Wildfires have profoundly impacted ecosystems, economies,

and public health. For example, Godfree et al. (2021) noted that
the 2019-2020 Australian wildfires burned populations of more
than 800 vascular plant species, posing a significant hazard to
regenerative recovery and landscape scale. Van der Velde et al.
(2021) estimated that Australian wildfires emit approximately 715
Tgs of CO,, contributing to climate—carbon feedback loops.
Bowd et al. (2019) demonstrated that wildfires also degrade soil by
reducing essential nutrients such as phosphorus and nitrate,
disrupting plant-soil-microbe interactions and diminishing forest
productivity. Kozlov (2021) reported that smoke from wildfires
containing toxic PM2.5 particles is linked to respiratory and
cardiovascular diseases. These cascading impacts highlight the
urgent need for improved wildfire management in the face of
escalating climate risks.

Timely and effective containment of wildfires is critical for
minimizing disaster losses. At present, firefighter-oriented fire
suppression is the primary method for controlling wildfires
(Andrews et al., 2003). Many scholars have focused on firefighter
safety during complex wildfires. For example, Butler and Cohen
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(1998) developed a radiative heat transfer model to calculate the
safe separation distance between firefighters and wildfires and
recommended a minimum distance four times the height of the
nearest flame. Later, Butler (2014) extended these models to
account for convective heat transfer under conditions such as
steep slopes and high winds. However, accurate estimation of
flame height and safe distances during intense firefighting
operations is challenging, increasing the likelihood of errors and
the inability to predict fire dynamics effectively. To address these
limitations, Campbell et al. (2017b) proposed a geospatial safety
zone assessment method using high-resolution airborne LiDAR
and vegetation models to calculate safe separation distances on the
basis of heat transfer and injury mechanisms. This approach
enables spatial suitability assessments for safety zones (SZs),
providing emergency evacuation points for firefighters (Campbell
et al., 2022). Furthermore, Campbell et al. (2019b) introduced the
escape route index (ERI) to quantify the difficulty of personnel
travel in wild land by considering geographic impediments such
as dense vegetation and steep terrain. Higher ERI values indicate
greater evacuation challenges and increased entrapment risks.
While existing research emphasizes firefighter safety during
wildfire suppression, it overlooks the challenge of rapid access to
firelines in wildland scenarios where large firefighting vehicles are
impractical. Complex landscapes and dynamic wildfires further
complicate optimal route planning for timely fireline arrival.

Research on travel characteristics in complex landscapes has led
to the development of various travel rate models (Alexander et al,,
2005; Campbell et al., 2017a; Sullivan et al., 2020). The terrain is a
key factor influencing travel speed. As one of the earliest models,
Tobler’s hiking function (THF) is widely used to estimate travel
speed across different slopes in urban scenarios (Tobler, 1993).
Fryer et al. (2013) subsequently adapted the THF for wild land
firefighting scenarios. Butler et al. (2000) analyzed travel rates
during two major wildfire events, South Canyon and Mann
Gulch, to study the impact of slope on firefighter mobility. More
recently, Campbell et al. (2019a) introduced a crowd-sourced data-
driven model that employs a Lorentz distribution to describe the
relationship between travel rates and slope. Surface vegetation is
also a key factor influencing travel rates. Alexander et al. (2005)
categorized vegetation types on the basis of wildfire fuel and
studied travel rates under various vegetation conditions.
Anguelova et al. (2010) analyzed the effects of common vegetation
types on relative travel rates in southern California, USA, in
response to pedestrian evacuation during wildfires. Surface soils
also influence travel rates. Soule and Goldman (1972) examined
energy loss due to different surface types via Pandolf’s equation.
Campbell et al. (2017b) utilized unmanned aerial vehicle (UAV)-
based LiDAR data to develop a polynomial model linking
environmental characteristics (e.g., terrain slope, vegetation
density, surface roughness) to travel rates. These studies offer
valuable insights for optimizing firefighter routes in wildlands.
However, few methods account for the dynamic nature of
wildfires, which can cause significant deviations between planned
and actual routes.

To address the above research gap, an adaptive path planning
model was implemented to optimize the route from the starting
point to the dynamic fireline in wildfire scenarios. A wildfire
scenario characterization framework named WEP (wildfire-
environment-personnel) is  developed to capture the
spatiotemporal interactions among different elements. This
framework overcomes the limitations of single-factor models by
incorporating multifactor interactions, offering a novel approach
to adaptive arrival route planning. Inspired by the WEP
framework, a dynamic fire model was developed to simulate
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wildfire spread and travel. Subsequently, an adaptive path
planning model was constructed to compute the route of the
arriving fireline under dynamic wildfire conditions. Lingyun
Mountain in Foshan city, an area that has experienced large-scale
wildfires, was adopted as the study area to validate the usability
and reliability of the model. The main contributions of this study
are as follows:

(1) A wildfire scenario characterization framework (WEP) is
proposed, which is novel for describing the spatiotemporal
interactions of key elements in the wildfire landscape.

(2) A physically driven model is constructed to simulate the
dynamic process of wildfire spread and personnel travel in a
complex environment.

(3) An adaptive path planning model is implemented, enabling
the arrival route from the starting location to the fireline in the
varying landscape to be dynamically optimized.

2 Study area

In China, Guangdong Province is one of the regions most prone
to wildfire. Between 2011 and 2021, nearly 2000 large wildfire
incidents were recorded, causing significant economic losses of
38.618 million yuan (Jiang et al, 2024). Foshan city, a key
economic hub in Guangdong Province, is home to abundant
forestry resources, covering approximately 772 km? of forested
land. Owing to extremely arid conditions and frequent human
activities, Foshan faces long-term high wildfire risk. A notable fire
incident named the “12-5 wildfire” occurred on December 5,
2019, on Lingyun Mountain, Foshan, as shown in Fig. 1. As the
largest and longest wildfire in Guangdong Province in the past
decade, this wildfire has burned approximately 9.20 km” of land
and involved thousands of people in rescue efforts (Jiang et al.,
2022a). Therefore, this wildfire was chosen as the study case to
demonstrate how our model works. Various geographic data of
this area, such as remote sensing imagery (Google, 2024),
topographic data (GDC, 2024), and vegetation data (Zhang et al,
2023), have been collected to support subsequent modeling and
analysis.

Quickly reaching the fireline is crucial for firefighters to arrive
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Fig.1 “12:5 Wildfire” in Lingyun Mountain, Foshan city.
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at the designated position and execute firefighting operations in a
timely manner. However, current path planning heavily relies on
expert experience or local guidance, which may overlook
environmental complexity and result in significant deviations
from the optimal route. In addition, a common and simple metric
is necessary to evaluate the performance of different route
strategies. Here, the arrival time T was defined as the metric,
which represents the total travel time from departure point p, to
fireline Py, as calculated via Eq. (1):

T:Tﬁre_TO (1)

where Ty, is the moment when the personnel arrives at the
intersection point p; € Py, of the fireline. T, is the moment when
the personnel is at the starting point p,. A smaller T indicates a
more optimized path for firefighters to reach the fireline.

3 Methodology

3.1 Wildfire scenario characterization framework

Arrival route optimization in wildfire scenarios is a multifactorial
problem requiring coupled modeling instead of a simple one-
factor process. Inspired by the Public Safety Triangle (Fan, 2021),
we developed a physically driven characterization framework,
named “wildfire-environment—personnel” (WEP), to capture the
spatiotemporal interactions among the key elements in the
wildfire scenario, as illustrated in Fig. 2.

The WEP framework integrates three core components: the
environment, wildfire, and personnel. The environment
encompasses the landscape (e.g., topography, vegetation) and
meteorological conditions (e.g., temperature, humidity, wind) in
the landscape. The wildfire refers to a dynamic fire, whereas the
personnel primarily involves firefighters engaged in fire
suppression. These components closely interact through matter,
energy, and information exchanges, which can be divided into
three categories:

(1) Environment-wildfire interaction (EWI): The EWI
describes the dynamics of wildfire spread in various
environments, such as fire spread prediction (Finney, 1998; Jiang
etal., 2022b, 2023) and special fire behaviors (Liu et al., 2021).

(2) Wildfire-personnel interaction (WPI): WPI involves the
adversarial dynamics of fire suppression, such as critical extinction
thresholds (Gleason, 2017; Hansen, 2012) and safe separation
distances (Butler and Cohen, 1998; Campbell et al., 2017a).

(3) Personnel-environment interaction (PEI): PEI focuses on
personnel travel characteristics in complex wildlands, such as
travel rate models (Alexander et al., 2005; Campbell et al., 2017b).
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Fig.2 “Wildfire-environment-personnel” (WEP) framework.

https://doi.org/10.26599/SES.2025.9590004

The WEP framework provides a novel foundation for
optimizing firefighter arrival routes, addressing the limitations of
single-factor models focused on PEIs only. The proposed WEP-
based path planning model has the ability to quantitatively
describe all interactions (PEI, WPI, and EWI), enabling adaptive
optimization of the arrival route in a complex landscape. To
complement this model, three submodels are developed and
integrated: the wildfire spread model, travel rate model, and
adaptive planning model.

3.2 CA-based wildfire spread model

Owing to their low complexity and high efficiency, cellular
automata (CA) models have been widely used in wildfire spread
prediction (Gharakhanlou and Hooshangi, 2021; Jiang et al., 2021;
Mastorakos et al., 2023). Therefore, the CA-based WUI-fire model
(Jiang et al., 2021) was adopted to simulate the spread of wildfires.
This model has a high number of citations in Google Scholar and
has been validated in many experiments and real wildfire cases,
providing reliable support for the synthetic WEP-based model.
Other models are also available to calculate the dynamics of
wildfires, such as Farsite (Finney, 1998), BehavePlus (Frost et al,,
2022), and WREF-SFIRE (Mandel et al., 2011). The adopted CA-
based model contains three key components: spatial discretization,
a spread rate function, and a state transfer function.

3.2.1 Spatial discretization

The spatial landscape is discretized into a collection of regular and
closely spaced cells C; = {C?,C},...,CY}, where N denotes the
number of cells. The attributes of each cell include the
environment and the fire state, as shown in Fig. 3. The
environmental factor contains geographic and weather elements
that determine the characteristics of wildfire spread. The
geographic element includes the terrain and fuel, whereas the
weather element includes temperature (°C), humidity (%), wind
speed (m/s), and wind direction (°). The fire state factor includes
the burning state and ignition time. The burning state is used to
describe four burning types: unburned (S,), ignited (S,), fully
burned (S, ), and extinguished (S;). The ignition moment ¢ is an
important parameter for describing the spread of a wildfire, which
records the moment when the cell burning type changes from §,
to S,.

3.2.2 Spread rate function

To simulate the spread of a wildfire, it is necessary to calculate the
spread rate in complex scenarios. Jiang et al. (2021) calculated the
initial spread rate R, under different weather conditions, as
defined in Eq. (2):

Ry=a-T+b-V+c-(100—H)+d )

where T, H, and V are the temperature (°C), humidity (%), and
wind speed (m/s), respectively. a, b, ¢, and d are constants with
values of 0.03, 0.05, 0.01, and —0.30, respectively. R, is further
corrected to calculate the spread rate R in a more complex
landscape, as defined in Eq. (3):

R=Ry K;-K;-K, 3)

where K;, K;, and K,, are correction coefficients for the fuel type,
slope, and wind direction, respectively. The value of R increases
significantly in landscapes with highly flammable fuel, steep uphill
slopes, or strong winds. More explanations of the model
parameters can be found in the literature (Jiang et al., 2021).

3.2.3 State transfer function
To extrapolate the spread of wildfires, a state transfer function is
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crucial for defining the rules for transitions between different cell
burning states. Here, the state transition of cell C,, from §, to S,
is defined in Eq. (4):

LR, At
- (4)

where L (m) is the geographical length of the cell. Only the cell in
state S, has the ability to spread outward (R > 0), whereas cells in
other states cannot (R=0). At=L/R,, represents the
minimum spread time. R, is the maximum rate of all cells at the
given moment Tyopy. Thus, At is a dynamic variable. The cell
state is updated from S, to S, when C. is greater than a
threshold C,,. The further state transfer from S, to S, is
determined by the spread rate Ry within the cell, as defined by
Eq. (5):

ALt
Cu,v - Cuﬁv +

At =L/Ryy (5)

When all surrounding cells are noncombustible (e.g., the fuel
type is the wasteland) or have ignited, the cell state changes from
S, to S;. Once the location py, and moment #;, of ignition are
determined, a minimum travel time algorithm (Finney, 2002) and
the state transfer function are adopted to iteratively calculate the
moment (from S, to S;) when each cell is ignited. Finally, the
wildfire spread map T; = {#,#,...,#'} (corresponding to the set
Cy) is generated to quantitatively represent the dynamics of the
wildfire.

3.3 Land- and slope-based travel rate model

The travel rate model is essential for quantifying firefighter travel

characteristics, enabling the description of personnel movement

under varying terrain and vegetation conditions. The slope-based

model from (Campbell et al., 2019a) was adopted to calculate the

rate of travel, which uses 136 million hiking trajectories in the

Strava app to fit the Lorentz distribution function, as defined in
1

Eq. (6):
- ( )

where v, is the travel rate (m/s) and 6 denotes the terrain slope
(°). The model coefficients a, b, ¢, d, and e are —1.53, 14.04,
36.81, 0.32, and —0.0027, respectively. The model achieves a high
correlation index (R*= 0.985) between the predicted v, and
actual values v;, with an average absolute error of 0.078 m/s. This
result demonstrates the excellent accuracy in predicting travel
rates in wildland areas. Campbell et al. (2019b) extended the slope-

Vo = +d+e-0 (6)
0—a
n-b
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based model by incorporating vegetation type v =&, - v,, where
€, is the adjustment coefficient, accounting for both slope and fuel
type, as described in Table 1.

Table 1 indicates that steep slopes and complex vegetation
significantly hinder travel. For example, in arboreal areas with
high slopes (8 = 15°), the travel rate (~0.06 m/s) is approximately
1/10 that of barren land areas with gentle slopes (8 = 0°, ~0.6 m/s).
When integrated with the path panning algorithm, it becomes
possible to compute the travel distances (m) and travel time (min)
between any two locations in the wildfire landscape.

3.4 Adaptive route planning model

Dijkstra’s algorithm (Gollapudi et al., 2022), which employs a
greedy strategy, is a widely used method for path planning that
iteratively identifies the minimum-loss path from a starting point
to a destination. By integrating the travel rate model and wildfire
spread model, an adaptive route planning model can be
constructed to simulate the spatiotemporal movement of
firefighters in complex wildfire scenarios. The primary calculation
steps are as follows:

(1) Spatial discretization: Similar to the spatial discretization
method outlined in Section 3.2.1, the area is divided into a
collection of closely adjacent regular cells C, = {c;,c,,...,cn}s
where N is the number of cells and L is the cell length (m). Each
cell has the attribute A,, which includes travel-driven factors
such as elevation (ele), surface type (sur), minimum arrival time
(t,), and azimuth 8, which corresponds to t,. Notably, C, shares
the same spatial coordinate system as C; from Section 3.2.1.

(2) Model initialization: Using the user-defined starting point,
the corresponding cell ¢, € C,is selected. The sets
T, ={t,t,,...,ty} and 0, ={6,,6,,...,6y} are updated, with
t;= 0 and 6,= 0. Here, T, represents the shortest time
required to reach any cell in the space from the starting point.
If the starting and target points coincide, t, = 0. 6, stores the
azimuth associated with the fastest arrival time ,, enabling the
derivation of trajectory coordinates Cyecory> Which correspond
to the shortest path from ¢; to any cell ,.

(3) Path calculation: Identify the cell ¢, with the minimum
arrival time f,, from T,. The travel rate model is used to

Table1 &, under different slopes and land covers

Land cover
Slope
Barren land Brush Timber Water
Flat (< 10°) 1.0 0.5 0.250 0.003
Moderate (10°-30°) 1.0 0.5 0.167 —
Steep (= 30°) 1.0 0.5 0.100 —

Safety Emergency Science, 2025, 1(1): 9590004
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compute the travel time £, from ¢, to nearby cells in the Moore
neighborhood. Then, T, with the minimum total elapsed time is
updated as the new arrival moment, as defined in Eq. (7):

T, = min{ Ty, tyin + £, } (7)

After the calculation in Eq. (7), ¢y, is marked as a computed
cell, which indicates that this cell will not be selected as c,;, in the
next iterations. The cell where T, is updated is recorded as ¢,pae-
The azimuth formed between c¢,pue and ¢, is defined as 6,
(corresponding to the shortest path) and is then updated in the set
0,.
(4) Spatiotemporal iteration: Step (3) is repeated until the
selected cell ¢y, reaches the fireline p; € Py.. This fireline is
determined by Ty, as described in Section 3.2.3. The arrival time #;
represents the shortest time to reach the fireline. Once arriving at
the intersection point py, firefighters stop advancing and initiate
fire suppression. If the environment (e.g, wind speed or
temperature) changes dynamically, the spread time T; and the
fireline at ¢; of the wildfire will also shift, rendering ¢ no longer
optimal.

(5) Path optimization: Once the environmental parameters are
fixed, Ty and T, can be calculated via the wildfire spread and
travel rate models, respectively. In the unified spatiotemporal
system, T; and T, overlap at a spatial point where the arrival time
T; is minimized and defined as #. This intersection point p; (cell
¢;) is the dynamic arrival point on the fireline. To generate the
shortest path, backtrack iteratively uses the azimuth set 0.
Starting from the target cell ¢;, the previous arrival position c; is
located on the basis of the azimuth 6; corresponding to ¢;. The
backward search for earlier positions ¢, via the azimuth 0;
associated with each path position ¢; is subsequently iterated until
the starting point ¢; is reached. The resulting position set
R = {c;, C, c;} represents the optimal route from ¢; to fireline c;.

Existing path planning algorithms usually need to fix the
starting point and target point first. For example, route planning
in wildfire landscapes sets the current location as the starting point
and fire ignition as the target point. However, wildfires are
dynamically expanding as firefighters travel. The arrival point of a
firefighter is no longer the preset target point (ignition) but the
intersection point on the fireline. Comparatively, our model
couples the wildfire factor to adaptively search for a dynamic
fireline, enabling the planning of the optimal route in different
wildfire scenarios.

4 Results and discussion

To validate the WEP-based model, two other route planning
strategies are adopted for comparison. The first strategy,
AR_DIRECT, follows a straight-line path directly connecting the
starting point to the ignition point. The second, AR DIJK,
employs Dijkstra’s optimization with fixed start and target points.
The proposed model, defined as AR _DIJK_OPT, integrates
dynamic environmental factors into the optimization process.
Here, we simulate a wildfire scenario instead of adopting the real
“12:5 wildfire” scenario to demonstrate the proposed model. This
is due to the extreme complexity of real wildfires (over 1000
firefighters involved) and the fact that firefighter trajectory data
are not recorded. In the simulated scenario, fire ignition was set at
(112.751, 22.956), which is the same as the historical “12-5 wildfire”
in Foshan city. The wind speed is set as 3 m/s with a south wind
direction. The temperature was 24 °C, and the relative humidity
was 20%. The route planning results of the above three strategies
(AR_DIRECT, AR DIJJK, and AR _DIJK_OPT) are illustrated in
Fig. 4.

https://doi.org/10.26599/SES.2025.9590004

In the simulated scenario, the AR_DIJK_OPT model
demonstrated the best performance, achieving a travel time T of
157 min (green line). In contrast, the AR _DIRECT model
required 394 min (red line), which means that AR_DIJK_OPT
reduced the travel time by 60.2%. As the preset parameter, the
endpoint of the AR_DIRECT model is the fire ignition point.
Nevertheless, firefighters will cease traveling upon reaching the
fireline to begin fire suppression operations. Therefore, the actual
fireline arrival time T of the AR_DIRECT model is 377 min.
Compared with the AR_DIRECT model, the AR_DIJK model
also performs competitively (travel time T: 189 min, blue line and
green line), saving 52.0% travel time. The primary difference
between AR_DIJK and AR_DIJK_OPT lies in their target points,
as both share identical core models (the travel rate model and
Dijkstra’s  algorithm) and  environmental  parameters.
Consequently, their route segments largely overlap. However, the
AR_DIJK model does not account for the dynamics of wildfires
(the red burned range). Therefore, the endpoint will be the
intersection point (IP, green point) instead of the fire ignition
point. When environmental parameters change (e.g., start point or
wind direction), the location of the IP also shifts dynamically. The
superiority of the AR_DIJK_OPT model is that it can adaptively
recompute the new position of the IP, allowing for a more
accurate representation of the firefighter’s arrival process at the
fireline. This adaptability provides efficient and dynamic path
planning tailored to real-time wildfire conditions.

The performance improvement of the AR_DIJK_OPT model
varies across scenarios, as it depends on specific environmental
conditions, wildfire dynamics, and firefighter locations. Precisely
quantifying this improvement is challenging. For example, when
firefighters are closer to the fireline and in flat terrain, the
difference in travel time T' among the model strategies is minimal.
Conversely, in more complex scenarios, the difference is
pronounced. There is also variability between the model-estimated
travel time T and the actual travel time T in real wildfire
scenarios, represented as AT = T — T . Several factors contribute
to this discrepancy, such as modeling errors and data errors. For
example, the travel rate model is derived from crowdsourced
hiking data (Campbell et al., 2019a), which differ from actual
firefighter conditions. Firefighters generally travel faster under fire
suppression scenarios, reducing the estimated T. In addition,
coarse characterizations of combustible fuel properties
(LANDFIRE, 2023), vegetation structure (Campbell et al., 2017a),
and local microclimatic variations (Beer, 1991; Hilton and Garg,
2021) introduce discrepancies in simulated versus actual wildfire
spread and personnel travel. Data assimilation is a promising way
to eliminate the above model errors and has been adopted to
improve the accuracy of fire spread prediction (Zhou et al., 2019).
This method uses real-time wildfire data to dynamically correct
the model output. However, it should be noted that complete real-
time, even historical, data are not easy to obtain for practical fire
suppression (Jiang et al, 2023). The construction of a
comprehensive wildfire case dataset is essential for validating our
WEP-based model and even advancing wildfire science. Although
eliminating these errors is highly challenging and AT reveals
biases in absolute T predictions, the AR_DIJK_OPT model
remains superior to AR _DIJK from a relative perspective. This
advantage also provides valuable decision-making assistance for
fire commanders, emphasizing the practical utility of adaptive
path planning in dynamic wildfire scenarios.

5 Conclusions

Rapid arrival at the fireline to conduct fire suppression is critical
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for firefighters to contain wildfires in a timely manner. However,
complex fire environments challenge optimal route planning. This
study presents an adaptive path planning model that integrates
wildfire dynamics and personnel travel to compute the optimal
route to the evolving fireline. In a case study in Foshan city, the
model reduced travel time by more than 60% compared with
traditional algorithms, highlighting its potential for enhancing
firefighting and rescue efficiency.

The proposed WEP-based model provides valuable insights for
wildfire management. However, several limitations warrant
further exploration. First, the model’s accuracy depends on precise
scene characterization. As the baseline models of the WEP-based
model, both the wildfire spread model and travel rate model
require high-quality input data (e.g, terrain and vegetation),
improving the reliability and effectiveness of the target WEP-
based model. LIDAR has potential as a high-quality data source
because of its ability to generate dense point clouds (Campbell et
al, 2017a). However, processing, storing, and semantically
characterizing LIDAR data in complex wildfire scenarios remain
challenging. Second, flame injury risk is a critical factor in route
planning (Butler, 2014; Campbell et al., 2022; Dwyer, 2022). For
example, the head fire burns more intensely, and suppression
efforts typically focus on the fire flanks or rears. Further route
planning should incorporate recommended suppression areas to
avoid directing personnel into high-risk zones. Third, the travel
rate model can be further refined. While it currently accounts for
external environmental factors (e.g., terrain and vegetation),
individual physiological factors are equally critical (Batista et al.,
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2020; Creagh and Reilly, 1997). In large-scale wildfire suppression,
sustained high-intensity operations can impact physiological
metrics, leading to variability in travel efficiency that should be
accounted for in future models. Finally, it is worthwhile to develop
a metric system to comprehensively evaluate model performance
in path optimization. This system could encompass key metrics
such as travel time (T), path length (L), average slope (S), and
rate of slope change (AS).

Data availability

The data and source code can be addressed to the corresponding
author.
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