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Highlights

What are the main findings?

• The complete H-PPO model achieved a 100% task success rate and a mean terrain
clearance of 771.92 m.

• H-PPO outperformed A* and RRT* in task reliability, mean terrain clearance, and
online computational efficiency.

What are the implications of the main findings?

• Hierarchical planning effectively integrates long-horizon route decisions with fixed-
wing flight control under dynamic fire and smoke threats.

• Improved safety and reliability are achieved at the cost of longer routes and
mission durations.

Abstract

To address the limitations of static-obstacle-based route planning in forest fire missions,
this study develops a three-dimensional route-planning method for fixed-wing unmanned
aerial vehicles (UAVs) that accounts for time-varying fire and smoke threats, complex
terrain, and flight-dynamics constraints. A cellular automaton models fire spread with
wind, slope, fuel, and moisture effects, while a Gaussian plume model estimates smoke
concentration. The resulting burning and high-concentration smoke cells are encoded
as dynamic three-dimensional threat envelopes and local grid masks. A hierarchical
proximal policy optimization (H-PPO) architecture then combines a high-level stateful
long short-term memory (LSTM) policy for route-subgoal generation with a pretrained
low-level flight controller that produces continuous throttle and control-surface commands
in JSBSim. In 100 independent simulation tests, the complete H-PPO model achieved a
100% task success rate, a mean terrain clearance of 771.92 m, and an average online decision
time of 1.290 ms. Compared with A* and RRT*, H-PPO provided higher task reliability,
greater mean terrain clearance, and lower online computational cost. The results show that
hierarchical temporal decision making improves safety-prioritized planning in evolving
fire and smoke environments, although conservative avoidance increases route length and
mission duration. Further real-world and flight-test validation is required.

Keywords: fixed-wing UAV; forest wildfire; dynamic fire and smoke threats; route planning;
hierarchical reinforcement learning; LSTM; JSBSim
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1. Introduction
Unmanned aerial vehicles (UAVs) are widely used for forest fire monitoring, fire-

scene reconnaissance, and emergency response [1]. Unlike routine inspection or transport
settings, the flight environment in a forest fire evolves continuously as the fire develops.
Flame spread changes no-entry regions, and smoke dispersion expands the area of planning
risk [2–4]. These changes are jointly affected by wind, terrain, vegetation type, and fuel
moisture, so the UAV faces different passable airspace at different times [5,6]. Therefore,
route planning for forest fires cannot rely only on static-obstacle assumptions and must
account for dynamic flight constraints arising from the combined effects of flames, smoke,
and terrain.

In dynamic fire and smoke environments, route safety depends on the relationship
among the UAV state, the time of arrival, and threat-field evolution. The same spatial
location may pose different risks at different times. A planner must therefore consider both
spatial accessibility and time-varying threats. For fixed-wing UAVs, the planned route must
also satisfy constraints on speed, altitude, minimum turning radius, climb and descent
capability, and executed-trajectory continuity [7,8]. This study therefore formulates route
planning in dynamic forest fire environments as a 3D sequential decision problem jointly
constrained by fire and smoke threats, complex terrain, and flight dynamics.

Existing UAV route-planning methods generally include graph search, random sam-
pling, artificial potential fields or swarm-intelligence optimization, and deep reinforcement
learning [9,10]. A* search algorithm (A*) searches with heuristic costs, whereas rapidly
exploring random tree star (RRT*) improves route quality through random sampling and
rewiring; both are applicable to path planning [11,12]. In dynamic environments, search-
based and sampling-based methods often require periodic replanning as obstacles or risk
fields change [9,10]. The performance of artificial-potential-field and swarm-intelligence
methods commonly depends on the chosen potential-field or population-update parame-
ters [13,14]. Deep reinforcement learning can learn mappings from continuous observations
to control actions and has been used for autonomous UAV navigation and obstacle avoid-
ance in unknown or dynamic environments [15–18]. For wildfire missions, prior studies
investigated dynamic fire-front monitoring, risk-aware routing, reinforcement-learning-
based fire-scene surveillance, and fixed-wing fire-front tracking [2–4,19,20]. However,
the studies reviewed above generally address wildfire monitoring or routing, smoke-risk
representation, and fixed-wing trajectory execution as separate problems. Their joint treat-
ment under evolving fire and smoke threats, complex three-dimensional terrain, partial
observability, and fixed-wing flight-dynamics constraints remains insufficiently addressed.

For fire-scene modeling, the Rothermel model [5], the Fire Area Simulator (FARSITE)
model [21], cellular automata [22–26], and data-driven methods [6,27–29] are used to pre-
dict fire spread. For smoke dispersion, the Gaussian plume model provides a classical
analytical approximation for rapidly estimating concentration distributions from source
terms and meteorological conditions [30]. Higher-fidelity Lagrangian or Eulerian frame-
works are also used for complex wildfire smoke transport [31,32]. In real wildfire conditions,
these estimates are affected by uncertainties in wind fields, fuel properties, fuel moisture,
smoke-emission rates, atmospheric stability, and sensing errors, so the resulting threat
regions should be treated as time-varying approximations for planning rather than exact
forecasts. Although these models describe fire-scene conditions, their outputs are usually
represented as 2D state grids, fire-line boundaries, or concentration fields. To support
collision checking, safety-margin calculation, and local observation encoding for 3D route
planning, the predicted fire-scene outputs must be further organized into an environmental
representation suitable for online decision making.

https://doi.org/10.3390/drones10080585

https://doi.org/10.3390/drones10080585


Drones 2026, 10, 585 3 of 35

To address these issues, this study develops a 3D route-planning method for fixed-
wing UAVs in dynamic forest fire environments. It first constructs a coupled model of
fire spread and smoke dispersion to generate time-varying burning-threat regions and
high-concentration smoke-threat regions. The fire and smoke states are then organized
into 3D dynamic envelopes and local grid masks for threat representation and online
planning. On this basis, a hierarchical proximal policy optimization (H-PPO) method
incorporating a long short-term memory (LSTM) network is developed. The high-level
policy generates relative 3D route subgoals, and a pretrained low-level flight controller
tracks the corresponding reference commands, thereby producing routes that satisfy safety
and flight-feasibility constraints. In a potential operational implementation, onboard or
ground-based observations and meteorological data could be used to update the fire and
smoke threat maps, while the generated route subgoals would be executed by the onboard
flight-control system. The present study validates this planning-and-control chain only in
simulation, and real-flight deployment remains to be evaluated.

This study makes three contributions. First, it establishes a 3D sequential decision-
making framework for fixed-wing UAV route planning in dynamic forest fire environments,
which incorporates fire and smoke evolution, complex terrain, local observations, and flight-
dynamics constraints. Second, it introduces a two-level representation of fire and smoke
threats for route planning: 3D dynamic envelopes describe the spatial form of burning
and high-concentration smoke threats, whereas local grid masks support online collision
checking, safety-margin calculation, and policy observation encoding. Third, it develops a
hierarchical PPO planning and control method in which the high-level policy combines local
grid observations with LSTM to generate relative 3D route subgoals, while a pretrained low-
level flight controller converts the subgoals into continuous throttle and control-surface
commands. This design decouples long-horizon route decisions from high-frequency
flight control.

The remainder of this paper is organized as follows. Section 2 introduces fire spread,
smoke dispersion, and their dynamic threat representations. Section 3 presents the hierar-
chical PPO planning and control method. Section 4 describes the simulation platform, fire
and smoke threat evolution, low-level flight-controller training, high-level route-planning
validation, and comparative experiments. Section 5 concludes the paper and discusses
limitations and future work.

2. Dynamic Fire and Smoke Threat Modeling and 3D Representation
The fire and smoke environment model provides time-updated burning-threat regions,

high-concentration smoke-threat regions, and safety constraints for route planning. It is not
treated as an independent fire-forecasting system. Instead, it serves as part of the dynamic
fire and smoke environment and generates burning, high-concentration smoke, and terrain
threat information that the planner can use. This section first uses a cellular automaton
to describe surface-fire spread while incorporating wind, slope, fuel, and fuel-moisture
effects. It then couples a smoke-dispersion model to estimate high-concentration smoke-
threat regions. Finally, it organizes the discrete fire and smoke states into 3D dynamic
envelopes and local grid masks for threat representation, visualization, collision checking,
safety-margin calculation, and policy input.

2.1. Basic Cellular Automaton Model

This study uses a two-dimensional surface grid registered to a digital elevation model
(DEM) as the cellular space. Each cell represents a geographic surface unit with attributes
including elevation, slope, aspect, vegetation type, fuel moisture, and fuel load.
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Let the study area be discretized into Nx × Ny cells, and let the state of cell i at time t
be defined as

St
i =

(
Ft

i , Ct
i , Tt

b,i

)
(1)

where Ft
i is the fire state, taking values 0, 1, and 2 to represent unburned, burning, and

burned-out states, respectively; Ct
i is the smoke concentration near the cell center; and Tt

b,i
is the cumulative burning time of the cell. Smoke-gas temperature is not treated as an
independent state variable. Its effect is incorporated into the effective plume source height
or model parameters, which avoids retaining a redundant state variable that is not used by
subsequent processes.

A Moore neighborhood describes interactions between cells. For an arbitrary target
cell j, its neighborhood is denoted by Nj, and the set of burning neighbors is

N b
j (t) =

{
i ∈ Nj | Ft

i = 1
}

(2)

Cell states are updated at every time step ∆t. Whether an unburned cell ignites
depends on the directional spread rates of burning cells in its neighborhood, whereas a
burning cell changes to the burned-out state according to its cumulative burning time.

2.2. Rothermel Fire Spread Rate with Wind and Slope Corrections

At each discrete time step, the cellular automaton determines whether fire can spread
from a burning cell to an adjacent unburned cell. The method starts from the no-wind,
level-ground base spread rate provided by the Rothermel model [5], then constructs wind
and slope correction terms for the cell-to-cell propagation direction to obtain the directional
spread rate from source cell i to target cell j. Wind, slope, and related environmental factors
are common determinants in fire-spread modeling [6,22–24]. The directional correction
functions are constructed with reference to the effects of wind, slope, fuel, and moisture
described in the Rothermel formulation and related cellular-automaton fire-spread stud-
ies [5,6,22–27]. The associated engineering coefficients were adjusted through preliminary
simulations to preserve the expected directional effects and numerically stable fire evolution
under the adopted discretization.

For a burning cell i, the base spread rate under no-wind, level-ground conditions is
defined as

R0,i =
IR,iξi

ρb,iεiQig,i
(3)

where IR,i is the reaction intensity, namely the heat released per unit fuel area per unit
time; ξi is the propagating-flux ratio; ρb,i is the dry bulk density of the fuel bed; εi is the
effective heating number; and Qig,i is the heat required for ignition. These parameters are
determined by fuel type, fuel moisture, fuel-bed depth, and fuel surface-area-to-volume
ratio and can be obtained from field surveys, remote-sensing retrievals, or geographic
information system (GIS) databases.

For source cell i and target cell j, define the unit propagation-direction vector and the
horizontal center-to-center distance as

eij =
pj − pi

∥ pj − pi ∥
, dij = ∥ pj − pi ∥ (4)

where pi = (xi, yi) and pj =
(
xj, yj

)
are the horizontal coordinates of the two cell centers.

Let ŵ be the unit wind-direction vector. The wind correction term is

Φw(i, j) = ϕw,imax
(
0, ŵ · eij

)
(5)
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where ϕw,i is a wind-speed correction coefficient determined by wind speed, fuel type, and
fuel packing ratio. This formulation increases the spread rate in the downwind direction,
weakens the crosswind effect, and does not provide positive acceleration in the upwind
direction.

The slope effect is determined by the elevation difference from the source cell to the
target cell. Let

tanαij =
zj − zi

dij
(6)

where zi and zj are the surface elevations associated with the two cells. The slope correction
term is defined as

Φs(i, j) =

ϕs,itan2αij, zj > zi,

−ηs
∣∣tanαij

∣∣, zj ≤ zi,
(7)

where ϕs,i is the uphill acceleration coefficient and ηs is the downhill spread-suppression
coefficient. This treatment accelerates spread uphill and attenuates spread downhill. To
prevent a negative corrected rate, the directional spread rate is finally defined as

Rij = max(Rmin, R0,i[1 + Φw(i, j) + Φs(i, j)]) (8)

where Rmin ≥ 0 is a numerical lower bound. Before ignition probabilities are calculated,
Rij is converted to m/s so that its unit is consistent with the time step ∆t.

2.3. State-Transition Probabilities and Model Implementation

The Rothermel model provides a continuous spread rate [5], whereas the cellular
automaton updates states at discrete time steps. This study therefore maps the directional
spread rate to an ignition probability that increases with the theoretical propagation dis-
tance. This idea is consistent with probabilistic cellular fire-spread modeling [23,26,27],
while the linear clipping function and the subsequent probability formulation are specific
modeling choices adopted here for online simulation. Let the theoretical distance traveled
by the fire front along direction i → j during one time step be Rij∆t, and define the linear
clipping function as

f (x) = min(1, max(0, x)) (9)

The single-source ignition probability that burning cell i ignites target cell j at time t
is then

Pt
i→j = min

[
1, Kveg,jKhum,j f

(
Rij∆t

dij

)]
(10)

where Kveg,j and Khum,j are vegetation-type and air-humidity correction coefficients for the
target cell, respectively. The outer min(·) keeps the probability within the interval [0, 1],
preventing invalid probabilities when a correction coefficient exceeds 1.

When a target cell is affected by multiple burning neighbors, this study approximately
assumes conditional independence among the ignition events from different neighbors
under the given environmental state. The probability that the target cell remains unburned
is the product of the probabilities that individual neighbors fail to ignite it. The combined
ignition probability is therefore

Pt
j = 1 − ∏

i∈N b
j (t)

(
1 − Pt

i→j

)
(11)

The state-update rule is
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Ft+∆t
j =


1, Ft

j = 0 and uj < Pt
j ,

2, Ft
j = 1 and Tt

b,j + ∆t ≥ τb,j,

Ft
j , otherwise,

(12)

where uj ∼ U(0, 1) is a uniform random number and τb,j is the complete-burning-time
threshold determined by vegetation type and fuel load. The cumulative burning time
is updated as follows. When a cell ignites, Tt+∆t

b,j = 0; when a cell remains burning,

Tt+∆t
b,j = Tt

b,j + ∆t; and when a cell is unburned or burned out, its cumulative burning time
remains unchanged or is no longer updated.

2.4. Smoke Dispersion Model and Coupling

High-concentration smoke-threat regions constitute a dynamic route threat distinct
from burning-threat regions and may cover a larger area. To obtain a low-cost concentration
approximation that updates synchronously with the cellular-automaton state, this study
uses a Gaussian plume model to estimate smoke concentration [30]. Lagrangian or Eulerian
dispersion frameworks can also provide higher-fidelity representations of complex wildfire
smoke transport [31,32]. The Gaussian approximation is selected here to support online
environmental updates during planning. However, the Gaussian plume model assumes
simplified and approximately steady meteorological conditions and does not explicitly
capture transient turbulence, terrain-induced airflow, spatially varying wind fields, or
complex fire–atmosphere interactions. Therefore, the predicted smoke distribution is used
as a computationally efficient approximation of high-concentration smoke-threat regions
for route planning rather than as an accurate forecast of real wildfire smoke transport.

At each time step, all burning cells are treated as continuous point sources. Let the
smoke emission rate of source cell i be Qt

i , the mean wind speed be U, and a local coordinate
system be defined by the wind direction. In this system, x′ij is the downwind distance from
the source to the target point and y′ij is the crosswind distance. For a downwind target
point satisfying x′ij > 0, the smoke-concentration contribution from source i at location(

xj, yj, zj
)

is

Ct
i→j =

Qt
i

2πUσy

(
x′ij
)

σz

(
x′ij
)exp

−
(

y′ij
)2

2σ2
y

(
x′ij
)

exp

− (zj − Ht
i
)2

2σ2
z

(
x′ij
)
+ exp

− (zj + Ht
i
)2

2σ2
z

(
x′ij
)
 (13)

where σy and σz are the lateral and vertical dispersion coefficients, which are typically
determined by downwind distance and atmospheric stability; Ht

i is the effective source
height. The effective source height is approximated as the sum of flame height and thermal-
rise height, namely

Ht
i = ht

f ,i + ht
r,i (14)

In the present implementation, all experiments use a fixed distance-dependent pa-
rameterization: σy and σz are set to 0.10dn and 0.05dn, respectively, where dn is selected
from 100 uniformly spaced downwind-distance values over 1–5000 m. The lookup index is
obtained by dividing x′ij by the 50 m environmental-grid interval, taking the integer part,
and limiting the result to the range 0–99. Accordingly, σy ranges from 0.1 to 500 m and σz

ranges from 0.05 to 250 m. No separate atmospheric-stability class is switched between
scenarios, and the same parameterization is used in all comparative experiments.

The total smoke concentration in any cell j is obtained by summing the contributions
from all burning cells:

Ct
j = ∑

i∈B(t)
Ct

i→j (15)
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where B(t) =
{

i | Ft
i = 1

}
is the set of burning cells at time t. When smoke concentration

exceeds the planning safety threshold Csa f e, the cell is marked as a high-concentration
smoke-threat cell:

Mt
s,j = I

(
Ct

j ≥ Csa f e

)
(16)

where I(·) is the indicator function. In the implementation, each Gaussian-plume contribu-
tion is multiplied by 106 before the contributions from all burning cells are superimposed.
Therefore, Ct

j in the thresholding operation denotes the resulting simulation concentra-
tion index rather than a field-calibrated smoke concentration. A cell is classified as a
high-concentration smoke-threat cell exactly when Ct

j ≥ 50. This fixed engineering cut-
off converts the continuous simulated plume into a binary threat mask and excludes the
low-value tail of the Gaussian plume from the no-fly region. The resulting mask is used
consistently for high-level policy observation, collision checking, safety-margin calcu-
lation, and trajectory evaluation. The value 50 was not calibrated against field smoke
measurements, visibility observations, medical exposure limits, or aviation operating
standards and therefore has no direct real-world safety interpretation. Throughout this
paper, “high-concentration smoke” refers only to cells exceeding this cutoff in the simu-
lated concentration field. All planning algorithms use the same concentration calculation
and threshold.

2.5. 3D Dynamic Representation of Fire and Smoke Threats

The cellular automaton outputs discrete burning states and smoke-concentration grids.
To characterize the spatial form of threats in continuous flight space, this study extracts
burning cells and high-concentration smoke cells to construct 3D dynamic fire and smoke
envelopes. The local grid masks corresponding to the same fire-scene state are retained for
online planning. The two representations arise from the same dynamic environmental state
but serve different functions. Unless otherwise specified, the area formed by burning cells
is termed the burning-threat region, and the area where smoke concentration exceeds the
safety threshold is termed the high-concentration smoke-threat region. Together, they are
referred to as the fire and smoke-threat regions. The active burning region and cumulative
burned region are used only to describe fire-evolution results and correspond to the sets of
burning and burned-out cells, respectively.

Let the sets of burning-threat cells and smoke-threat cells be

B(t) =
{

i | Ft
i = 1

}
, S(t) =

{
i | Mt

s,i = 1
}

(17)

For each threat cell, construct a ground point and an upper-boundary point. The threat
point set is defined as

P t =
⋃

i∈B(t)∪S(t)

{
(xi, yi, zi),

(
xi, yi, zi + Hthr

i

)}
(18)

where Hthr
i denotes threat height. For burning cells, it can be determined by flame height or

a vertical safety margin. For smoke cells, it can be determined by the effective plume source
height or a specified smoke hazard height. The 3D dynamic fire and smoke envelope is
given by the convex hull of the point set:

Ht = Conv
(
P t) (19)

where Conv(·) denotes the 3D convex-hull operation. The convex hull can be represented
by vertices, facets, and their adjacency relations for spatial-form analysis and 3D visualiza-
tion of the threat region.
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However, when a burning-threat region or high-concentration smoke-threat region
contains disconnected components, a single convex hull may enclose safe gaps between
them. The present implementation does not construct connected-component-wise or other
subregional convex hulls. Instead, the 3D convex hull is used only for spatial-form analysis
and visualization. Online collision checking and safety-margin calculation operate on the
cell-wise burning and high-concentration smoke masks of the environmental grid, while
the high-level policy receives UAV-centered local samples of these masks.

The local grid observation used by the high-level policy is defined as

Mk =
[

Melev,k, M f ire,k, Msmoke,k, Mbound,k

]
(20)

where Melev,k is the UAV-centered local terrain-elevation map, M f ire,k is the burning-threat
cell mask, Msmoke,k is the high-concentration smoke-threat cell mask, and Mbound,k is the
task-boundary validity mask. Thus, the 3D dynamic fire and smoke envelopes describe
threat spatial form, whereas the environmental-grid masks and their UAV-centered lo-
cal samples support online collision checking, safety-margin calculation, and policy-
observation encoding.

Figure 1a,b shows how the same dynamic environmental state is represented by a
3D envelope for spatial-form visualization and by a UAV-centered four-channel grid for
policy observation. Figure 1c,d further quantifies the over-enclosure caused by applying
one global convex hull to a representative snapshot containing four disconnected threat
components. The cell-wise threat footprint is 0.86 km2, whereas the global-hull footprint is
8.02 km2. The global hull therefore falsely encloses 7.15 km2, corresponding to 89.2% of its
footprint, including safe space between the disconnected components. The cell-wise masks
preserve this space and are used for online planning instead of either the global hull or a
set of subregional hulls.

Figure 1. Complementary representations of a dynamic fire and smoke environment and illustration
of global convex-hull over-enclosure. (a) 3D dynamic threat envelope; (b) UAV-centered four-channel
local observation grid; (c) horizontal footprint of a single global convex hull for a representative
disconnected-threat snapshot; and (d) corresponding cell-wise online threat mask. The dashed
rectangle in (a) denotes the local sampling window, blue triangles in (a,b) indicate the UAV position,
and yellow stars in (c,d) indicate ignition sources.
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3. 3D Route Planning in Dynamic Fire and Smoke Environments Using
Hierarchical PPO
3.1. Route-Planning Problem Definition

Given the dynamic fire and smoke environment model in Section 2, fixed-wing UAV
route planning is formulated as a sequential decision problem in a dynamic 3D environment.
Given a start point, target region, terrain elevation, and time-updated burning and high-
concentration smoke threats, the high-level route planner must guide the UAV to the
target region within the task time limit while avoiding terrain, burning-threat regions,
and high-concentration smoke-threat regions. Because a fixed-wing UAV cannot hover
or turn in place like a multirotor UAV, the executed trajectory must also satisfy dynamic
constraints on speed, altitude, minimum turning radius, climb and descent capability, and
trajectory continuity.

This study does not assume that the planner has access to the complete future fire and
smoke threat state. At each high-level decision time, the route planner receives only the
current UAV navigation state and a UAV-centered local grid observation. The local grid ob-
servation contains terrain elevation, burning-threat cells, high-concentration smoke-threat
cells, and task boundaries, which describe environmental constraints within the currently
observable range. The high-level planner uses this information to generate a bounded
relative 3D route subgoal, and the low-level flight controller tracks the corresponding
reference altitude, speed, and heading while the subgoal remains valid.

Let the UAV state be xt, the control input be ut, the dynamic environment state be
Et, the target point be pg, and the task time limit be Tmax. The objective is to maximize
the probability of reaching the target within finite time while reducing collision risk, route
length, task duration, and excessive maneuvers. A feasible executed trajectory must satisfy

xt /∈ Ωter ∪ Ωfire(t) ∪ Ωsmoke(t),
hmin ≤ ht ≤ hmax, vmin ≤ vt ≤ vmax,

|ϕt| ≤ ϕmax,
∣∣∣ .
ht

∣∣∣ ≤ .
hmax, t ≤ Tmax,

(21)

where Ωter denotes terrain-inaccessible regions, and Ωfire(t) and Ωsmoke(t) denote the
burning-threat and high-concentration smoke-threat regions at time t, respectively. ht, vt,
ϕt, and

.
ht denote altitude, speed, roll angle, and climb or descent rate, respectively. The

problem has a long horizon, continuous controls, and partial observability. To reduce the
difficulty of direct end-to-end control learning, this study uses a hierarchical structure that
decouples low-frequency route-subgoal generation from high-frequency flight-dynamics
control [33,34].

3.2. Overall Hierarchical Planning and Control Architecture

Fixed-wing UAV route planning in dynamic fire and smoke environments involves
long horizons, partial observability, and continuous dynamic constraints. This study
therefore uses a hierarchical planning and control architecture that combines high-level
route decisions with low-level flight tracking. The architecture comprises a high-level route
planner, a route-subgoal-to-command conversion module, a low-level flight controller,
a dynamic fire and smoke environment, and the JSBSim six-degree-of-freedom flight-
dynamics model. At a low decision frequency, the high-level policy selects the route subgoal
for the next phase. At a higher control frequency, the low-level flight controller converts
that subgoal into executable reference altitude, speed, and heading commands and outputs
continuous throttle, aileron, elevator, and rudder commands. This hierarchy decouples
long-horizon route selection from high-frequency flight-dynamics control, allowing the
high-level policy to focus on safe route decisions under dynamic fire and smoke threats
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and complex terrain rather than learning complex control-surface dynamics directly. The
interaction among the dynamic environment, the high-level route planner, the low-level
flight controller, and the JSBSim flight-dynamics model is illustrated in Figure 2.

Figure 2. Hierarchical planning and control architecture for fixed-wing UAV route planning in
dynamic fire and smoke environments.
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For clarity, the module that generates route subgoals is termed the high-level route
planner, and its learned mapping is termed the high-level policy. The module that tracks
reference commands is termed the low-level flight controller, and its learned mapping is
termed the low-level control policy. The flight curve generated by the JSBSim dynamics
model is referred to as the executed trajectory.

At the k-th high-level decision time tk, the high-level policy receives the current
navigation state, the local grid observation, and the recurrent hidden state from the previous
decision time, forming the high-level observation

oH
k = [zk, Mk] (22)

where zk is the navigation vector containing UAV position, velocity, and target-relative
information, and Mk is the four-channel local grid observation centered on the UAV. As
shown in Figure 2, Mk contains terrain elevation, burning-threat, high-concentration smoke-
threat, and task-boundary-validity information. The high-level Actor outputs a three-
dimensional continuous action conditioned on the LSTM hidden state hk−1

aH
k ∼ πH

(
aH

k | oH
k , hk−1

)
(23)

After scaling, boundary enforcement, and altitude clipping, the action yields the 3D
route subgoal gk relative to the current UAV position. Thus, the high-level action does not
directly correspond to control-surface or throttle commands. Instead, it identifies the local
spatial position that the UAV should prioritize during the next planning phase.

Let the set of low-level control steps corresponding to high-level action segment Ik be

Ik = {nk, nk + 1, . . . , nk + Nk − 1} (24)

where nk denotes the initial low-level control step of the action segment and Nk denotes
its actual duration in low-level control steps. Under normal conditions, Nk equals the
preset high-level decision interval. If the UAV reaches the route subgoal early, collides,
enters the target region, or reaches the task time limit, the current action segment termi-
nates early. The high-level policy can therefore regenerate the route subgoal according
to the actual flight state and environmental changes rather than continuing to execute an
invalid subgoal.

Within action segment Ik, the route subgoal gk remains unchanged, but the low-
level reference commands are updated in real time according to the current UAV state.
Specifically, let gk =

(
xr

k, yr
k, zr

k)
T denote the route subgoal, and let pn =

(
xn, yn, zn)T

denote the current UAV position. The route-subgoal-to-command conversion is defined as

cn =
[

hre f
n , Vre f

n , ψ
re f
n

]T
= [zr

k, 60, atan2(xr
k − xn, yr

k − yn)]
T , n ∈ Ik (25)

where href
n , Vref

n , and ψref
n denote the reference altitude, reference speed, and reference

heading, respectively. The reference speed is fixed at 60 ms−1. The heading angle is
measured clockwise from north; therefore, atan2 takes the eastward and northward position
differences as its first and second arguments, respectively. When the horizontal distance
between the UAV and the route subgoal is negligible, the current heading is retained.

The low-level flight controller then forms the low-level observation oL
n from the track-

ing errors between the reference commands and the current UAV states, together with the
attitude, angular rates, and aerodynamic states, and outputs continuous control inputs

un = πL

(
oL

n

)
(26)
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where
un = [δT,n, δa,n, δe,n, δr,n]

T (27)

where δT,n, δa,n, δe,n, and δr,n denote the throttle, aileron, elevator, and rudder control inputs,
respectively. The tracking errors are calculated from the differences between the reference
and current altitude, airspeed, and heading states; the heading error is wrapped to the
interval [−π, π]. The JSBSim six-degree-of-freedom flight-dynamics model propagates the
UAV state:

xn+1 = FJSB(xn, un, ∆tL) (28)

JSBSim updates the state using a small physical integration step. The low-level flight
controller updates control commands at a fixed control period, whereas the high-level
policy generates a new route subgoal after multiple low-level control periods.

As shown in Figure 2, the dynamic fire and smoke environment evolves continuously
with simulation time and receives the executed UAV state for collision checking, safety-
margin calculation, and task-state updates. During low-level control, the environment
module performs collision checking, safety-margin calculation, and task-state updates
using the UAV position, terrain elevation, burning-threat regions, and high-concentration
smoke-threat regions. At each new high-level decision time, the system reconstructs the
local grid observation from the latest fire and smoke threat state. The high-level policy
therefore makes decisions from information within the currently observable range and
does not assume access to complete future fire and smoke threat evolution.

To ensure that the route subgoals learned by the high-level policy are practi-
cally executable, the low-level flight controller is first pretrained on an independent
command-tracking task, and its parameters remain fixed during high-level policy training
and deployment.

3.3. Low-Level Flight Controller

The low-level flight controller is pretrained with a PPO control policy [35]. Its task is
not to avoid fire and smoke threats but to stably track the reference altitude, speed, and
heading associated with the high-level route subgoal while outputting continuous throttle
and control-surface commands.

The low-level control-policy network contains two Tanh fully connected hidden layers,
each with a width of 256. After pretraining, its parameters remain fixed. The same low-level
flight controller is reused during execution by H-PPO, A*, and RRT* so that all high-level
route-planning algorithms operate under identical dynamic execution conditions.

3.3.1. State Space

The low-level control observation consists of reference-command tracking errors, UAV
attitude, angular-motion states, and aerodynamic states:

oL
t =

[
eh, ev, eψ, θ, ϕ, p, q, h, nz, α, β

]T (29)

Table 1 defines the low-level control-state variables and their units. To maintain
numerically compact and comparable input magnitudes, the altitude-related variables are
expressed in kilometers, while the airspeed error is represented as a dimensionless value
scaled by the reference speed of 60 m/s.
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Table 1. State space of the low-level flight controller.

State Variable Physical Meaning Unit

eh Altitude error km
ev Airspeed error Dimensionless
eψ Heading error rad

θ, ϕ Pitch and roll angles rad
p, q Roll and pitch rates rad/s
h Flight altitude km
nz Normal load factor g

α, β Angle of attack and sideslip rad

3.3.2. Action Space

The low-level action space contains four normalized continuous control inputs: throt-
tle, aileron, elevator, and rudder.

ut = [δa, δe, δr, δT ]
T (30)

The throttle input δT is normalized to [0, 1], whereas the aileron, elevator, and rudder
inputs δa, δe, δr are normalized to [−1, 1].

3.3.3. Reward Function and Independent Pretraining

To provide dense feedback for the continuous tracking task, the low-level flight
controller uses the following reward function based on altitude, speed, and heading errors:

rL = exp
(
−20

(
|eh|+ |ev|+

∣∣eψ

∣∣)) (31)

The coefficient 20 was selected through preliminary tracking trials to provide suf-
ficiently discriminative feedback as the combined altitude, speed, and heading errors
increase. The pretrained low-level controller and its reward settings were subsequently
fixed and used consistently for all high-level planning methods.

An episode terminates when flight altitude falls below 100 m or the control horizon
reaches 500 steps. This reward is used only for independent training of the low-level flight
controller; the low-level parameters remain fixed during high-level route-planning training.

3.4. High-Level Route-Planning Model

The high-level policy outputs a relative 3D route subgoal at each discrete decision
time. To ensure a fair comparison, H-PPO, A*, and RRT* all receive the same UAV-centered
local grid observation and update route subgoals at the same high-level decision period of
10 s.

3.4.1. High-Level State Space and Local Grid Observation

The high-level route-planning observation consists of a 10-dimensional navigation
vector and a four-channel local grid observation:

oH
k =

[
pn

k , vn
k ,
(

pg − pk
)n, dn

k , Mk

]
(32)

where pn
k is the normalized 3D UAV position, vn

k is the normalized three-axis velocity,(
pg − pk

)n is the normalized relative position vector to the final goal, dn
k is the normalized

3D distance to the final goal, and Mk ∈ R4×41×41 is the local grid observation. The local grid
has a horizontal resolution of 100 m and covers a UAV-centered area of 4.1 km × 4.1 km.
This resolution refers only to horizontal environmental sampling; the proposed H-PPO
method does not construct a vertically voxelized occupancy grid, and the UAV altitude
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is represented as a continuous variable. Its four channels represent normalized terrain
elevation, the burning-threat cell mask, the high-concentration smoke-threat cell mask, and
the task-boundary validity mask.

The 100 m local observation is reconstructed online from the underlying 50 m terrain,
burning-state, and smoke-concentration grids at each high-level decision time. Specifically,
the centers of the 41× 41 local cells are placed at 100 m intervals relative to the current UAV
position. Each local-cell center is transformed into world coordinates and mapped to the
containing 50 m source cell by dividing its horizontal coordinates by 50 m and taking the
integer part. The terrain elevation and the corresponding burning and smoke states are then
copied from that source cell. Terrain elevation is normalized by the maximum flight altitude
of 6000 m, while burning and high-concentration smoke states are encoded as binary masks.
Samples outside the 5 km × 5 km task area are marked in the boundary-validity channel.
No spatial averaging or interpolation is applied during this coordinate-based resampling.
The coarser local resolution was selected to balance the spatial observation range and
policy-network input size, and the same mapping procedure is used by H-PPO, A*, and
RRT*. The components and dimensions of the high-level route-planning state space are
summarized in Table 2.

Table 2. Components of the high-level route-planning state space.

Component Meaning Size

pn
k Normalized 3D UAV position 3

vn
k Normalized three-axis velocity 3(

pg − pk
)n Relative position to the final goal 3

dn
k Normalized final-goal distance 1

Mk
4-channel local grid: terrain, fire, smoke, and

boundary masks 4 × 41 × 41

3.4.2. Feature Fusion and LSTM

The navigation vector is encoded by a 64-dimensional fully connected layer, Layer-
Norm, and a Tanh function. The local grid observation is encoded as a 512-dimensional
feature by a three-layer convolutional network followed by 4 × 4 adaptive average pooling.
The two features are concatenated and mapped to a 128-dimensional fused feature xk. To
model temporal dependencies across decisions in fire and smoke threat evolution and UAV
motion, the fused feature enters an LSTM with a hidden dimension of 128 [36,37]. The
hidden state and cell state are propagated throughout an episode and reset only when the
episode is initialized or terminated.

zk =
[

fnav(nk), fmap(Mk)
]

(33)

xk = tanh(LN(Wzzk + bz)) (34)(
hH

k , cH
k

)
= LSTM

(
xk, hH

k−1, cH
k−1

)
, (35)

µk = WµhH
k + bµ, Vk = WVhH

k + bV (36)

The Actor network takes hH
k as input and outputs the mean µk of a three-dimensional

Gaussian distribution and a trainable log standard deviation. The Critic network outputs
the state value Vk. During training, the initial recurrent state is stored for each continuous
high-level decision sequence, temporal order is preserved within each sequence during
updates, and truncated backpropagation through time optimizes the recurrent network.
Terminal samples do not bootstrap values, which avoids hidden-state leakage across
episodes. The detailed Actor–Critic network architecture is summarized in Table 3.
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Table 3. Actor–Critic network architecture of the high-level route-planning model.

Module Network Structure Output Size

Navigation branch Linear(10,64) + LayerNorm + Tanh 64

Local grid branch Conv 4 → 16 → 32 → 32 + ReLU +
AdaptiveAvgPool(4 × 4) 512

Fusion layer Linear(576,128) + LayerNorm + Tanh 128
Temporal layer Single-layer LSTM 128

Actor (policy network) 3D action mean and trainable log standard deviation 3
Critic (value network) Linear mapping to the state value 1

3.4.3. Action Space for High-Level Route Subgoals

The high-level Actor outputs a three-dimensional continuous action ak ∈ [−1, 1]3.
After scaling, the action yields the route-subgoal displacement relative to the
current position:

∆pk =
[
sxyak,x, sxyak,y, szak,z

]T
, ∥ ∆pk,xy ∥2≤ sxy (37)

gk = pk + ∆pk, sxy = 1500 m, sz = 300 m. (38)

The horizontal magnitude of the route-subgoal displacement is limited to 1500 m,
and the altitude increment is limited to ±300 m. The altitude coordinate is represented
continuously within the range [100, 6000] m and is not divided into fixed vertical layers.
The ±300 m value denotes the maximum relative altitude displacement of a route subgoal
generated at one high-level decision time, rather than a vertical discretization interval. The
route subgoal must remain at least 500 m from the horizontal task boundary. The high-level
decision period is 10 s, while the low-level controller and JSBSim update the executed flight
state at 0.2 s and 0.01 s intervals, respectively. Therefore, the executed altitude trajectory
evolves continuously under the flight-dynamics constraints.

The maximum horizontal route-subgoal displacement of 1500 m and the horizontal
boundary margin of 500 m were determined from the local-observation geometry and the
aircraft minimum turning radius, whereas the vertical displacement bound of ±300 m was
selected according to the aircraft climb/descent capability and terrain-clearance require-
ments. Specifically, the aircraft-centered 41 × 41 local grid contains 20 cell-center intervals
in each horizontal direction. At a resolution of 100 m, the distance from the center to the
outermost cell center is 2000 m. Limiting the horizontal route-subgoal displacement to
1500 m therefore leaves a 500 m margin within the represented local region. This margin
equals the configured minimum turning radius of the aircraft; consequently, 500 m is also
used as the minimum distance between a route subgoal and the horizontal task boundary.
At the reference speed of 60 m/s, a displacement of 1500 m corresponds to approximately
25 s of horizontal look-ahead, so the route subgoal provides guidance over multiple high-
level decision periods rather than specifying a position that must be reached within one
period. The ±300 m vertical displacement bound allows the high-level policy to command
terrain-clearance adjustments while preventing excessively large changes in the reference
altitude. Given the maximum climb and descent rates of 10 and 8 m/s, respectively, a
300 m altitude change requires at least 30 and 37.5 s, corresponding to approximately three
to four high-level decision periods. The 1500 m horizontal displacement limit, ±300 m
vertical displacement bound, and 500 m boundary margin are kept fixed across all H-PPO
training and evaluation scenarios.
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3.4.4. Composite Reward Function for High-Level Route Planning

The high-level route-planning reward comprises task progress, terminal events, safety
margin and route-subgoal progress. Let dt be the 3D distance from the UAV to the final
goal and ∆dt = dt−1 − dt be the reduction in goal distance between adjacent control times.
The base reward is defined as

rbase
t = 2.0∆dt + 260Is − 260Ic − 120Io (39)

where Is, Ic, and Io indicate task success, collision, and timeout, respectively. To prevent the
agent from obtaining sustained positive reward by remaining in a safe area, safety shaping
uses the difference in the safety potential function between adjacent states. Let d f , dh, and
db denote the clearances from the UAV to fire and smoke threats, terrain, and the task
boundary, respectively. Specifically, d f is calculated as the minimum three-dimensional
Euclidean distance between the UAV and the vertically extended volumes of all burning-
threat and high-concentration smoke-threat cells in the current local grid. The vertical
extent of each threat cell is defined from the local terrain surface to its corresponding threat
height. The terrain clearance dh is calculated as the vertical difference between the UAV
altitude and the DEM elevation at the current horizontal position. The boundary clearance
db is the minimum horizontal distance from the UAV to the four boundaries of the task
area. The corresponding reference margins are dref

f = 800 m, dref
h = 180 m, and dref

b = 300 m.
Define

Φs
t = min

{
1,

d f

dref
f

,
dh

dref
h

,
db

dref
b

}
(40)

rmargin
t = Φs

t − Φs
t−1 − 0.01 ∑

q∈{ f ,h,b}

[
max

(
0, 1 −

dq

dref
q

)]2

(41)

The first term rewards improvement in the safety potential function, and the second
applies a quadratic penalty when a clearance falls below its reference margin. The route-
subgoal progress reward is defined as

rsub
t = 0.05(∥ pt−1 − gk ∥2 − ∥ pt − gk ∥2) (42)

The return for a high-level action segment consists of all low-level control-step rewards
accrued during the segment

Rk =
tk+1−1

∑
t=tk

(
rbase

t + rmargin
t + rsub

t

)
(43)

The reward weights were selected through preliminary training trials to establish a
safety-prioritized hierarchy among task completion, global progress, safety clearance, and
route-subgoal tracking. The terminal rewards of +260 for success and −260 for collision
were assigned the largest magnitudes so that successful completion and collision avoidance
dominate policy learning. The timeout penalty of −120 distinguishes failure to complete
the mission from direct collision. The goal-progress coefficient of 2.0 provides dense
guidance toward the final goal, whereas the safety-margin penalty coefficient of 0.01 and
route-subgoal progress coefficient of 0.05 provide local shaping without overwhelming
the terminal objective and global progress reward. The same weights were used in all
corresponding training and evaluation runs and are not claimed to be universally optimal.
The contribution of the additional safety-potential and route-subgoal progress terms is
evaluated through the ablation study in Section 4.4.
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To prevent extreme rewards from destabilizing policy updates, the cumulative reward
in an episode is clipped to [−500, 500].

3.5. PPO Algorithm

Both the low-level flight controller and the high-level route planner use proximal
policy optimization (PPO) as the primary training framework [35]. Both policies use
an Actor–Critic architecture and online data sampled under the current policy, but their
decision granularity and training objectives differ. The low-level control policy learns
continuous tracking of reference altitude, speed, and heading at the control-step level.
The high-level policy learns to generate relative 3D route subgoals from local fire and
smoke observations at the action-segment level. Training was conducted in two stages. The
low-level controller was first pretrained using five parallel environments for a fixed budget
of 5.0 × 106 control steps. Because a low-level episode could terminate before reaching
its maximum horizon of 500 control steps, the number of completed low-level episodes
was not prescribed in advance. After pretraining, the low-level controller parameters were
frozen. Each high-level model was then trained for a fixed budget of 2000 episodes using
six parallel environments. Each high-level episode randomly selected one of the three
terrain scenarios and terminated when the UAV reached the goal, collided with a threat
or the task boundary, or completed 1500 low-level control steps, corresponding to 300 s
of simulated flight. Six episode rollouts were normally collected under the current policy
before each PPO update, and the route subgoal was updated every 50 low-level control
steps, corresponding to 10 s. Neither training stage used an adaptive early-stopping rule.
Checkpoints were saved during high-level training, and the checkpoint with the highest
composite monitoring score based on return, task success, collision, and goal-distance
indicators was retained for subsequent independent evaluation.

PPO limits the magnitude of each update between the old and new policies, thereby
suppressing excessive policy drift while retaining the capacity for policy improvement. For
any sample i, the probability ratio between the new and old policies is defined as

rt(θ) =
πθ(at|st)

πθold(at|st)
(44)

The clipped policy objective is

LCLIP(θ) = Êt
[
min

(
rt(θ)Ât, clip(rt(θ), 1 − ϵ, 1 + ϵ)Ât

)]
(45)

where Ât is the advantage estimate and ϵ is the clipping coefficient. This study uses
generalized advantage estimation (GAE) to compute the advantage function [38]:

ÂGAE
t =

∞

∑
l=0

(
γλ)lδt+l (46)

where δt = rt + γV(st+1)− V(st) is the temporal-difference error.
The value network is typically fitted to the target value function by minimizing the

mean squared error:
LVF(ϕ) = Êt

[(
Vϕ(st)− V̂target

t )2
]

(47)

where V̂target
t is generally computed from the discounted cumulative return.

To encourage exploration, the objective also includes an entropy regularization term:

LENT(θ) = βÊt[H(πθ(·|st))] (48)
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The policy loss, value-function error, and entropy regularization jointly define the
optimization objective:

LTOTAL(θ, ϕ) = LCLIP(θ)− c1LVF(ϕ) + c2LENT(θ) (49)

4. Simulation Experiments and Results Analysis
4.1. Simulation Platform and Experimental Setup
4.1.1. Simulation Environment

To evaluate the proposed hierarchical PPO route-planning method in dynamic fire and
smoke environments, this study constructs a simulation platform that includes the dynamic
fire and smoke environment model, local grid observations, fixed-wing flight dynamics, and
multiple high-level route-planning algorithms. The high-level route-planning policy and
conventional planning algorithms are implemented in Python 3.8 and PyTorch 2.4.1, and
flight dynamics are computed using the C172x six-degree-of-freedom model in JSBSim [39].
All experiments were conducted on a workstation equipped with an Intel Core i7-14700
CPU and an NVIDIA GeForce RTX 3090 GPU. The online decision times reported in the
comparative experiments were measured on this hardware platform.

The task area is 5 km × 5 km, with a terrain-grid resolution of 50 m. The low-level
control period is 0.2 s, and the maximum task duration per episode is 300 s. In route-
planning experiments, fire and smoke threat states update every 1 s. At each high-level
decision time, the system reconstructs the local grid observation from the current UAV
position and the latest fire and smoke threat state.

The experiments include valley, ridge, and multi-peak dynamic fire and smoke scenar-
ios. The valley scenario evaluates local route selection in constrained passages. The ridge
scenario evaluates detour capability under large-scale elevation changes and directional
fire and smoke dispersion. The multi-peak scenario combines complex terrain relief with
fragmented threat regions and evaluates overall planning capability in a multi-constraint
environment. During training, each episode randomly selects one of the three terrain types
and reinitializes the terrain, fire and smoke state, and UAV state. The terrain-resolved
evaluation was conducted using 30 independent episodes for each model in each terrain
scenario, giving 90 test episodes per model. The same random seeds (42–71) were used
across models within each scenario, and the terrain, fire and smoke state, and UAV state
were reinitialized for each episode.

4.1.2. Evaluation Metrics

To evaluate the planning algorithms comprehensively, this study reports task success
rate, mean terrain clearance, fire and smoke threat-avoidance success rate, average decision
time, average task duration, average route length, average executed-trajectory curvature,
and maximum roll angle. Task success rate measures the ability to reach the target region
safely within the time limit. Mean terrain clearance is the time average of the vertical
distance between the UAV and terrain along each executed trajectory. The minimum safety
margin is defined as the trajectory minimum of the smaller of the terrain clearance and
the fire/smoke-threat clearance. The fire and smoke threat-avoidance success rate is the
proportion of flights that do not enter burning-threat or high-concentration smoke-threat
regions. Average decision time is the time required for one high-level policy inference or
one replanning operation, excluding the offline training cost of reinforcement learning.
Average task duration and average route length reflect execution efficiency, whereas average
executed-trajectory curvature and maximum roll angle evaluate trajectory smoothness and
the executability of the fixed-wing UAV.
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When an algorithm fails to complete a task, the reported task duration, route length,
executed-trajectory curvature, and maximum roll angle are computed from the actual
executed trajectory from the start point to the termination time of that episode. Episodes
terminate when the target is reached, a collision occurs, or the task time limit is reached.

For the terrain-resolved ablation-model evaluation, each model was evaluated in 90
episodes, comprising 30 independently seeded episodes in each of the valley, ridge, and
multi-peak scenarios. The same terrain and random-seed combinations were used for all
four models. Continuous metrics are reported as the mean ± standard deviation for each
terrain and over all 90 episodes. For the planning-algorithm comparison, each algorithm
was evaluated in 100 independently seeded episodes, with the three scenarios assigned
cyclically, and continuous metrics are reported as arithmetic means over the 100 episodes.
Because task success and fire and smoke threat avoidance are binary outcomes, their sam-
pling uncertainty was quantified using Wilson 95% confidence intervals. Success differences
between successive ablation models were assessed using two-sided exact paired McNemar
tests because their episodes were matched by terrain and random seed. Planning-algorithm
success proportions were compared using two-sided Fisher’s exact tests. Holm correction
was applied separately to the ablation-model and planning-algorithm comparison families,
and statistical significance was defined as an adjusted p value below 0.05.

4.1.3. Experimental Parameter Settings

To ensure reproducible simulation settings and to clarify the time scales and constraints
linking the fire and smoke environment, the low-level flight controller, and the high-level
route planner, key parameters are listed in Tables 4–6. All comparison algorithms operate
under the same task area, dynamic fire and smoke environment, local grid observation,
low-level flight controller, and flight-dynamics conditions. A* and RRT* differ only in the
high-level route-planning mechanism.

Table 4. Fire and smoke environment parameters.

Parameter Value Description

Task area 5 km × 5 km All three terrain scenarios use the same
horizontal task extent.

Surface grid resolution 50 m Registered to the DEM and used to discretize
terrain, burning, and smoke states.

Grid size 100 × 100 Determined by the task-area scale and the
50 m grid resolution.

Fire and smoke state update period 1 s Cell states and smoke concentration update
synchronously with simulation time.

Fire-spread neighborhood Moore neighborhood
An 8-neighbor neighborhood describes the

influence of burning cells on adjacent
unburned cells.

Directional spread rate Rothermel base rate + wind/slope corrections Wind, slope, fuel, and humidity factors are
computed online for the current scenario.

Initial fire-propagation steps 100 steps (100 s)
The fire is advanced before a route-planning
episode begins to produce a representative

initial fire and smoke threat state.

Smoke source representation Superposition of continuous point sources
from burning cells

Each burning cell contributes a
Gaussian-plume concentration to

downwind locations.

Effective source height Flame height + thermal-rise height Used to specify the vertical source location in
the Gaussian plume model.

High-concentration smoke threshold C_safe = 50
Applied to the 106-scaled simulation

concentration index; cells with Ct
j ≥ 50 form

the binary smoke-threat mask.

Fire and smoke safety-clearance threshold 100 m
Used for collision checking and

safety-clearance constraints near fire and
smoke threats.
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Table 5. Training parameters of the low-level flight controller.

Parameter Value Parameter Value

Learning rate 0.0003 Entropy coefficient 0.01
Discount factor γ 0.99 Value-loss coefficient 0.5
GAE parameter λ 0.95 Maximum gradient norm 0.5

Number of
parallel environments 5 Total training steps 5.0 × 106

Experience buffer capacity 2000 Maximum control steps per episode 500
Minibatch size 1000 Hidden-layer width 256

PPO update epochs 10 Number of fully connected
hidden layers 2

PPO clipping coefficient 0.2 Activation function Tanh

Table 6. Training parameters of the high-level H-PPO route-planning model.

Parameter Value Parameter Value

Learning rate 0.0001 Entropy coefficient 0.01
Discount factor γ 0.99 Value-loss coefficient 0.5
GAE parameter λ 0.95 Maximum gradient norm 0.5

Number of parallel environments 6 Total training episodes 2000

Experience buffer capacity 1024 Maximum low-level
control steps per episode 1500

Minibatch size 256 PPO clipping coefficient 0.2
PPO update epochs 6 Number of LSTM layers 1
LSTM hidden-state

dimension 128

Table 4 lists the spatial discretization, update period, and safety thresholds for the
fire and smoke environment. Factors such as wind, slope, fuel type, and fuel moisture
are computed online from terrain and environmental inputs for each scenario according
to the model in Section 2 and are therefore not listed as globally fixed constants. Tables 5
and 6 report the training parameters for the pretrained low-level flight controller and the
complete H-PPO high-level route-planning model, respectively.

The environmental settings in Table 4 are simulation-design parameters rather than
universally calibrated wildfire constants. The 5 km × 5 km task area and 50 m surface-grid
resolution were selected to retain kilometer-scale terrain and route-selection characteristics
while maintaining a tractable grid size for repeated dynamic updates. The 1 s fire and smoke
update period synchronizes the cellular-automaton and smoke-dispersion calculations with
the simulation clock. The initial 100 propagation steps were used to generate a developed,
nontrivial threat distribution before each route-planning episode. The smoke threshold
Csafe = 50 is a relative simulation-concentration threshold rather than a health-exposure
standard, and the 100 m safety-clearance threshold corresponds to two surface-grid cells.
Wind, slope, fuel type, and fuel moisture are scenario-dependent inputs calculated online
according to the model in Section 2 rather than globally fixed parameters.

The principal PPO and GAE parameters, including γ = 0.99, λ = 0.95, and the PPO
clipping coefficient of 0.2 follow the standard PPO and generalized advantage-estimation
formulations [35,38]. The remaining optimization and network settings in Tables 5 and 6,
including the learning rates, rollout-buffer capacities, minibatch sizes, update epochs,
network width, number of parallel environments, and training budgets, and LSTM con-
figuration, were selected through preliminary training trials. A single-layer LSTM with a
hidden-state dimension of 128 was used to provide recurrent representation capacity while
keeping the online network compact. The final values were retained when they provided
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stable learning behavior without excessive computational cost. Separate settings were used
for the low-level controller and the high-level recurrent route-planning policy because they
operate at different decision frequencies and solve different control and planning tasks.
These settings are experimental configurations for the present simulation framework and
are not claimed to be universally optimal.

4.2. Analysis of Dynamic Fire and Smoke Threat Evolution

To examine the temporal and spatial evolution generated by the fire-spread and smoke-
dispersion models, Figure 3 presents the simulated states over representative ridge terrain
at 3, 10, 27, and 29 min. The colored surface represents the DEM elevation. The cumulative
burned region, including both currently active and burned-out cells, is displayed as a dark-
gray footprint on the terrain surface. Active-burning cells are overlaid as red vertical prisms,
while high-concentration smoke cells satisfying Ct

j ≥ Csafe are overlaid as translucent light-
gray vertical prisms. Both types of threat prisms extend from the local terrain surface to
50 m above ground, in accordance with the threat-height settings used in this simulation.
The cumulative burned footprint has no vertical threat extent because it records the surface
fire history rather than a current airborne threat.

Figure 3. Evolution of dynamic fire and smoke regions over ridge terrain at 3, 10, 27, and 29 min.
Dark-gray regions denote the cumulative burned footprint on the terrain surface. Red prisms denote
active-fire volumes extending from the local terrain surface to 50 m above ground. Translucent light-
gray prisms denote high-concentration smoke volumes satisfying Ct

j ≥ Csafe and extending from the
terrain surface to 50 m above ground. The panel titles report the active burning area, cumulative
burned area, projected high-concentration smoke-threat area, and the ratio of smoke-threat area to
active burning area.

At 3 min of simulation, the active burning area is 121.5 ha and the cumulative burned
area is 121.5 ha. The fire is still in its early development stage, with active burning con-
centrated near the initial ignition point. The overall form is compact and locally clustered.
High-concentration smoke threats mainly cover the space above the fire source and the
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adjacent downwind area, with a relatively limited extent. This result indicates that fire and
smoke threats are still expanding locally.

At 10 min of simulation, the active burning area increases to 571.0 ha and the cumu-
lative burned area reaches 834.8 ha. Compared with the state at 3 min, the fire coverage
expands substantially and evolves from an initially local cluster into a continuous threat
belt extending rapidly along the dominant spread direction. The active fire front advances
visibly outward, while high-concentration smoke threats spread over a much larger area
and already cover more space than the active burning region. The horizontal footprints
of both regions therefore expand rapidly. As they spread across the ridge terrain, the
corresponding 50 m high threat prisms occupy a wider range of absolute elevations because
their lower boundaries follow the local DEM, while their prescribed above-ground vertical
extent remains unchanged. This rapid horizontal expansion indicates that the fire has
entered a rapid growth stage.

At 27 min of simulation, the active burning area decreases to 132.8 ha, whereas the
cumulative burned area increases to 1488.2 ha. The horizontal projected area of the high-
concentration smoke-threat region is 1225.00 ha, calculated by multiplying the number of
cells satisfying Ct

j ≥ Csafe by the area of each 50 m × 50 m cell, i.e., 0.25 ha. The smoke-
threat area is therefore 9.23 times the active burning area and 0.82 times the cumulative
burned area. For comparison, the projected smoke-threat areas at 3 and 10 min are 470.50
and 775.25 ha, respectively, and their ratios to the active burning area are 3.87 and 1.36.
From 10 to 27 min, the active burning area decreases by 76.8%, while the smoke-threat
area increases by 58.0%. This quantitative comparison shows that the remaining active fire
fronts are distributed over a broader perimeter and continue to produce a large downwind
smoke-threat footprint even though the total active burning area has declined.

At 29 min of simulation, the active burning area further decreases to 122.2 ha, the
cumulative burned area increases to 1532.5 ha, and the projected high-concentration smoke-
threat area reaches 1254.50 ha. The smoke-threat area is 10.26 times the active burning area
and 0.82 times the cumulative burned area. Compared with the state at 27 min, the active
burning area decreases by a further 7.9%, whereas the smoke-threat area increases by 2.4%.
Active burning remains concentrated along the outer fire front, while the broad spatial
distribution of the remaining sources maintains an extensive downwind smoke-threat
region. These results quantitatively demonstrate that a reduction in active burning area
does not immediately produce a corresponding reduction in smoke-threat coverage.

Overall, the fire and smoke evolution exhibits a typical staged pattern of early local
expansion, mid-stage rapid spread, and late-stage active burning at the perimeter with
burnout in the interior. Active burning and cumulative burned regions separate clearly in
the middle and late stages, while smoke threats show greater spatial extent and persistence.
Therefore, route planning in dynamic fire and smoke environments cannot assess risk only
from visible flames and must also consider high-risk airspace created by smoke dispersion.

4.3. Analysis of Low-Level Flight Controller Training

To verify that the low-level flight controller provides stable and repeatable dynamic
execution for high-level route planning, the PPO low-level control policy is first trained in
an independent command-tracking environment. During training, the policy takes tracking
errors in reference altitude, speed, and heading, together with attitude, angular-motion,
and aerodynamic states, as inputs and outputs continuous throttle, aileron, elevator, and
rudder commands.

Figure 4 shows the training–return curve of the PPO low-level flight controller over
5.0 × 106 training steps.
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Figure 4. Training and return of the low-level flight controller.

The figure shows that returns are low and somewhat variable early in training, in-
dicating that the low-level control policy has not yet learned stable tracking of multiple
reference-command channels. After approximately 0.6 × 106 training steps, the return rises
clearly. Near 1.0 × 106 training steps, the policy already obtains a high and sustained return.
The return then improves gradually and enters a high-return range after approximately
2.5 × 106 training steps.

From 3.0 × 106 to 5.0 × 106 training steps, the return fluctuates mainly around a high
level, with no persistent degradation or training collapse. These small fluctuations are
mainly associated with stochastic action sampling and mini-batch policy updates during
PPO training, differences among the states sampled by the five parallel environments, and
the nonlinear flight dynamics simulated by JSBSim. The total of 5.0 × 106 training steps
was specified in advance as a fixed training budget. This budget allowed the controller to
continue training for approximately 2.5 × 106 steps after it first entered the high-return
regime, thereby providing a sufficiently long interval for evaluating convergence stability.
This indicates that, in terms of training return, the PPO-based low-level flight controller
reached a relatively stable converged state and can serve as a fixed flight-dynamics tracking
module for high-level route planning.

4.4. Experimental Analysis of the High-Level Route-Planning Model

To examine the effects of hierarchical decision making, temporal memory, and com-
posite reward design on route selection in dynamic fire and smoke environments, four
high-level route-planning configurations are compared after independent pretraining of
the low-level flight controller. Model A is a single-level PPO baseline without a hierar-
chical architecture and represents direct end-to-end route decisions. Model B introduces
high-level route-subgoal planning and fixed low-level flight-control tracking in the same
task environment. Model C adds LSTM temporal memory to Model B. Models A–C were
trained using only the base reward in Equation (39). Model D further adds a safety poten-
tial function and route-subgoal progress reward, forming the complete H-PPO high-level
route-planning model. Models B, C, and D reuse the same trained low-level flight controller,
so performance differences mainly reveal the contribution of the high-level route-planning
mechanism. The configurations are listed in Table 7.
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Table 7. High-level route-planning model configurations.

Model Hierarchical Architecture LSTM Composite Reward

A No No No
B Yes No No
C Yes Yes No
D Yes Yes Yes

Figure 5 shows the training–return curves of the four high-level route-planning models.
The return is the cumulative reward of the high-level policy over a complete task episode
and reflects learning of route-subgoal selection and long-horizon task progress in dynamic
fire and smoke environments. Model A maintains a low return for a long period, indicating
that direct learning of long-horizon route decisions is difficult without a hierarchical route-
planning structure. After the hierarchical structure is introduced, Model B gradually
improves, indicating that decoupling high-level route-subgoal generation from low-level
flight tracking reduces the learning difficulty of high-level route planning. Model C
improves further, indicating that the LSTM helps the high-level policy model fire and
smoke threat evolution and flight-state changes from sequential observations. The complete
H-PPO Model D converges faster and reaches the highest final return, indicating that the
composite reward provides clearer safety constraints and goal guidance. Overall, high-level
training returns follow D > C > B > A, consistent with task success rates in subsequent
independent tests.

Figure 5. Training returns of the high-level route-planning models.

For the complete H-PPO Model D, the ten consecutive 20-episode blocks covering
Episodes 1801–2000 have a mean return of 290.77 with a standard deviation of 1.79. The
corresponding mean training success and collision rates are 99.9% and 0.2%, respectively,
and no persistent upward or downward trend is observed during this interval. These
results indicate that Model D reached a relatively stable high-return plateau by the end
of the fixed 2000-episode training budget. In contrast, Model A remained in a low-return
regime and was therefore not regarded as having learned a feasible route-planning policy.

Tables 8 and 9 report the performance of the four high-level route-planning models
separately for the valley, ridge, and multi-peak scenarios, together with the overall results
over all 90 test episodes. Model A, the single-level PPO baseline without a hierarchical
architecture, fails to learn a feasible long-horizon route policy and has a task success rate
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of 0% in all three terrain scenarios. Its overall fire and smoke threat-avoidance success
rate is only 11.1%. Although its overall task duration and route length are smaller than
those of the hierarchical models, this outcome mainly reflects early failure or termination
rather than higher planning efficiency. Model A also exhibits substantially larger executed-
trajectory curvature and roll angles in every terrain scenario, indicating poor fixed-wing
flight feasibility.

Table 8. Terrain-resolved reliability, terrain-clearance, and dynamic-adaptation results of the high-
level route-planning models. Continuous values are reported as mean ± standard deviation; n = 30
per terrain and n = 90 overall.

Model/Terrain Task Success Rate/% Mean Terrain
Clearance/m

Fire and Smoke
Threat-Avoidance

Success Rate/%
Decision Time/ms

A/Valley 0.0 193.66 ± 4.15 0.0 1.039 ± 0.090
A/Ridge 0.0 246.21 ± 35.56 26.7 1.071 ± 0.105

A/Multi-peak 0.0 287.46 ± 33.11 6.7 1.198 ± 0.220
A/Overall 0.0 242.45 ± 47.59 11.1 1.103 ± 0.164
B/Valley 70.0 672.38 ± 21.32 86.7 1.629 ± 0.194
B/Ridge 73.3 756.76 ± 21.95 93.3 1.530 ± 0.175

B/Multi-peak 90.0 925.80 ± 14.79 100.0 1.465 ± 0.197
B/Overall 77.8 784.98 ± 107.72 93.3 1.541 ± 0.198
C/Valley 100.0 576.13 ± 5.99 100.0 1.395 ± 0.148
C/Ridge 100.0 676.10 ± 10.39 100.0 1.360 ± 0.187

C/Multi-peak 83.3 827.21 ± 25.14 96.7 1.235 ± 0.126
C/Overall 94.4 693.15 ± 105.00 98.9 1.330 ± 0.168
D/Valley 100.0 644.52 ± 22.72 100.0 1.887 ± 0.425
D/Ridge 100.0 750.57 ± 18.58 100.0 1.999 ± 0.372

D/Multi-peak 100.0 911.27 ± 10.31 100.0 1.626 ± 0.190
D/Overall 100.0 768.79 ± 111.69 100.0 1.837 ± 0.375

Table 9. Terrain-resolved efficiency and flight feasibility results of the high-level route-planning
models. Values are reported as mean ± standard deviation; n = 30 per terrain and n = 90 overall.

Model/Terrain Task Duration/s Route Length/km Executed-Trajectory
Curvature/10−4m−1

Maximum Roll
Angle/◦

A/Valley 54.01 ± 6.35 2.277 ± 0.278 135.15 ± 6.04 62.30 ± 0.58
A/Ridge 153.21 ± 90.28 7.109 ± 4.793 103.06 ± 24.51 57.05 ± 3.01

A/Multi-peak 111.43 ± 52.19 4.954 ± 2.792 116.98 ± 16.40 59.21 ± 2.13
A/Overall 106.22 ± 72.31 4.780 ± 3.742 118.40 ± 21.68 59.52 ± 3.04
B/Valley 247.73 ± 33.10 8.769 ± 1.440 38.75 ± 9.35 18.97 ± 5.09
B/Ridge 241.78 ± 36.38 8.558 ± 1.575 36.75 ± 10.22 18.41 ± 5.69

B/Multi-peak 244.97 ± 29.74 8.601 ± 1.296 36.30 ± 7.87 17.98 ± 4.52
B/Overall 244.83 ± 32.90 8.643 ± 1.428 37.26 ± 9.16 18.45 ± 5.08
C/Valley 192.32 ± 9.10 7.008 ± 0.364 25.98 ± 3.27 14.95 ± 1.89
C/Ridge 191.93 ± 11.19 7.011 ± 0.460 25.00 ± 3.52 14.31 ± 2.00

C/Multi-peak 213.26 ± 36.85 7.815 ± 1.323 29.68 ± 12.23 14.42 ± 3.99
C/Overall 199.17 ± 24.71 7.278 ± 0.910 26.89 ± 7.77 14.56 ± 2.78
D/Valley 204.51 ± 17.99 7.312 ± 0.709 30.36 ± 6.10 14.23 ± 2.94
D/Ridge 209.67 ± 14.34 7.506 ± 0.553 32.58 ± 4.58 15.17 ± 2.22

D/Multi-peak 215.49 ± 15.10 7.738 ± 0.598 34.12 ± 5.22 15.82 ± 2.57
D/Overall 209.89 ± 16.34 7.519 ± 0.641 32.35 ± 5.50 15.07 ± 2.65

After high-level route-subgoal planning is introduced, Model B achieves an overall
task success rate of 77.8% and an overall fire and smoke threat-avoidance success rate of
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93.3%. Its task success rates are 70.0%, 73.3%, and 90.0% in the valley, ridge, and multi-peak
scenarios, respectively. Compared with Model A, the overall executed-trajectory curvature
and maximum roll angle of Model B decrease by 68.5% and 69.0%, respectively. Model
B also maintains large mean terrain clearances in all three scenarios. However, it has
the longest task duration and route length among Models B–D in each terrain scenario,
indicating that the route-subgoal policy still favors conservative detours.

After adding the LSTM to Model B, Model C increases the overall task success rate to
94.4% and the overall fire and smoke threat-avoidance success rate to 98.9%. It reaches a
100% task success rate in both the valley and ridge scenarios, while its success rate is 83.3%
in the multi-peak scenario. The latter is slightly lower than the 90.0% obtained by Model
B, showing that the advantage of temporal memory is not uniform for every individual
terrain. Nevertheless, compared with Model B, Model C reduces the overall task duration,
route length, executed-trajectory curvature, and maximum roll angle by 18.6%, 15.8%,
27.8%, and 21.1%, respectively, and the same efficiency and smoothness advantages are
observed in each terrain scenario. The overall mean terrain clearance decreases from 784.98
m to 693.15 m, indicating that the efficiency gain is accompanied by some reduction in
terrain-clearance redundancy.

After adding the safety potential function and route-subgoal progress reward to Model
C, the complete H-PPO Model D reaches a 100% task success rate and a 100% fire and
smoke threat-avoidance success rate in all three terrain scenarios. Relative to Model C, its
mean terrain clearance increases from 576.13 m to 644.52 m in the valley scenario, from
676.10 m to 750.57 m in the ridge scenario, and from 827.21 m to 911.27 m in the multi-peak
scenario. The overall mean terrain clearance increases by 10.9%, from 693.15 m to 768.79 m.
Model D also restores the task success rate from 83.3% to 100% in the multi-peak scenario.
Its overall task duration, route length, curvature, and maximum roll angle increase to
varying degrees relative to Model C but remain substantially better than those of Model B.
These results show that the complete H-PPO model provides the most consistent reliability
and terrain-clearance performance across the three terrain types, while retaining acceptable
flight efficiency and feasibility.

For the task-success rates in Table 8, the Wilson 95% confidence intervals are [0.0%,
4.1%], [68.2%, 85.1%], [87.6%, 97.6%], and [95.9%, 100.0%] for Models A, B, C, and
D, respectively. The corresponding intervals for fire and smoke threat avoidance are
[6.1%, 19.3%], [86.2%, 96.9%], [94.0%, 99.8%], and [95.9%, 100.0%]. After Holm correction,
the increases in task success from Model A to Model B and from Model B to Model C were
statistically significant, with adjusted p values of 5.08 × 10−21 and 0.00815, respectively.
The increase from Model C to Model D, from 94.4% to 100.0%, did not reach statistical
significance at the 0.05 level (adjusted p = 0.0625). These findings provide statistical support
for the contributions of the hierarchical architecture and LSTM temporal representation.
Although the C-to-D increase in task success was not statistically significant, Model D
achieved 100% task success in all three terrain scenarios and increased the overall mean
terrain clearance by 10.9%, indicating that the composite reward primarily improved
terrain-clearance redundancy and cross-terrain consistency in the present evaluation.

4.5. Comparison and Discussion of Planning Algorithms

This study uses A* and RRT* as conventional planning baselines and compares them
with the proposed H-PPO method [11,12]. To ensure fairness, all three algorithms use the
same 41 × 41 four-channel local grid observation, the same 10 s high-level decision period,
the same pretrained low-level flight controller, and the same JSBSim dynamics model [39].
The conventional planners cannot access future fire and smoke threat states outside the
observation range and can only replan periodically from the current local observation.
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The comparative reliability, terrain-clearance, and online decision results are reported in
Table 10, while the corresponding execution-efficiency and flight-feasibility results are
reported in Table 11.

Table 10. Reliability, terrain-clearance, and online decision performance of different planning algorithms.

Algorithm Task Success Rate/% Mean Terrain
Clearance/m

Fire and Smoke
Threat-Avoidance

Success Rate/%
Decision Time/ms

H-PPO 100 771.92 100 1.290
RRT* 79 535.46 100 566.460

A* 38 414.56 63 1378.167

Table 11. Execution efficiency and flight feasibility of different planning algorithms.

Algorithm Task Duration/s Route Length/km Executed-Trajectory
Curvature/(10−4·m−1)

Maximum Roll
Angle/(◦)

H-PPO 211.196 7.564 32.925 15.464
RRT* 94.746 4.625 22.736 10.963

A* 67.932 3.329 24.495 12.812

A* uses a 26-neighbor 3D grid search with an isotropic grid spacing of 100 m in the
online local planning space. Over the altitude range [100, 6000] m, this setting produces 60
nominal altitude levels before collision and validity filtering. RRT* samples continuous
3D positions and uses a maximum of 5000 samples, an extension step of 180 m, a goal-bias
probability of 0.2, and a rewiring radius of 360 m. The 180 m extension step limits the
growth of the RRT* tree and does not represent a vertical-layer spacing. The local route
waypoints generated by A* and RRT* are tracked by the same low-level flight controller.

The baseline-specific settings were selected through preliminary planning trials, with
route feasibility and single-replanning time considered jointly. For A*, the 26-neighbor
connectivity includes all face-, edge-, and corner-adjacent moves of the shared isotropic
100 m grid, enabling diagonal motion in three dimensions and reducing axis-aligned
directional bias. For RRT*, the 180 m extension step is of the same spatial order as the
100 m local-grid resolution. Each candidate edge is checked for collision at 50 m intervals,
and the 360 m rewiring radius is twice the extension step. The goal-bias probability of
0.2 directs 20% of the samples toward the local goal. Among the remaining samples, 65%
are generated around the start-to-goal corridor and 35% are sampled over the bounded
sampling region; direct and a limited set of guided-detour connections are also checked
before tree expansion to improve local replanning efficiency. The maximum of 5000 samples
limits the online search effort relative to the 10 s replanning period. These settings were
applied unchanged to all scenarios and random seeds.

Table 10 shows that H-PPO achieves a 100% task success rate over 100 tests, exceeding
RRT* and A* by 21 and 62 percentage points, respectively. Its mean terrain clearance is
771.92 m, which is 44.2% and 86.2% higher than those of RRT* and A*, respectively. H-PPO
and RRT* both achieve a 100% fire and smoke threat-avoidance success rate, but RRT* has
a lower overall task success rate because local random sampling causes planning failures
or timeouts in some complex-terrain and fragmented-threat conditions. The fire and smoke
threat-avoidance success rate of A* is 63%, indicating that it is more likely to lose safety
margin as fire and smoke threats continue to evolve.

For the task-success rates in Table 10, the Wilson 95% confidence intervals are [96.3%,
100.0%], [70.0%, 85.8%], and [29.1%, 47.8%] for H-PPO, RRT*, and A*, respectively. The
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corresponding intervals for fire and smoke threat avoidance are [96.3%, 100.0%], [96.3%,
100.0%], and [53.2%, 71.8%]. Pairwise comparisons of task success remain statistically
significant after Holm correction for H-PPO versus RRT*, H-PPO versus A*, and RRT*
versus A*, with adjusted p values of 2.95 × 10−7, 9.39 × 10−25, and 1.09 × 10−8, respectively.
Thus, the differences in task reliability reported in Table 10 are unlikely to result solely from
random variation among the 100 test episodes.

In terms of online computational performance, H-PPO has an average decision time
of 1.290 ms, which is 99.77% and 99.91% lower than those of RRT* and A*, respec-
tively. This metric includes only post-training policy inference time or the time for a
single replanning operation by a conventional algorithm. It excludes the offline train-
ing cost of reinforcement learning. For each high-level decision, H-PPO performs for-
ward inference through the three-layer convolutional encoder, feature-fusion layer, single-
layer LSTM, and Actor output layer. Its computational complexity can be expressed as
O
(
∑l HlWlK2

l Cl−1Cl + h(d + h)
)
, where the first term represents the convolutional opera-

tions and d and h denote the LSTM input and hidden dimensions, respectively. Because the
local-grid input size and network dimensions are fixed in this study, the online inference
cost of H-PPO is effectively constant for each decision. By comparison, A* has a complexity
of O((V + E)log V), which reduces to O(Vlog V) for the sparse local grid, while the ex-
pected complexity of RRT* is approximately O(Nlog N) when efficient nearest-neighbor
search is used, where N is the number of samples. Therefore, the computation times of
A* and RRT* are more sensitive to the number and distribution of searchable nodes and
samples. The results indicate that H-PPO has low and nearly fixed online computational
cost during deployment, whereas the computation time of search-based planners is more
sensitive to local grid structure, obstacle distribution, and the sampling process.

Table 11 shows that H-PPO does not achieve the shortest task duration, shortest route,
or lowest executed-trajectory curvature. Its average task duration and route length are
211.196 s and 7.564 km, respectively, both larger than those of RRT* and A*. This result
indicates that the complete H-PPO policy prefers longer detours to obtain a higher task
success rate and greater mean terrain clearance. Its maximum roll angle is 15.464◦, below
the 30◦ flight-envelope limit used in this study, indicating that the generated trajectories
satisfy the basic feasibility requirements of a fixed-wing UAV. However, H-PPO has higher
average executed-trajectory curvature than RRT* and A*. It is therefore not valid to claim
that its trajectory smoothness is superior to that of conventional planners.

Conventional planners can produce shorter routes in some successful episodes because
their objectives place greater weight on the geometrically shortest route under the current
local observation. In a dynamic fire and smoke environment, however, a shorter route does
not necessarily preserve sufficient future safety margin. A* tends to select locally shortest
corridors with low cost, and its original route can quickly approach a threat boundary
as flames and smoke continue to spread. RRT* has stronger spatial exploration through
random sampling, but its results remain affected by sampling randomness, limited compu-
tation time, and the local observation range. By contrast, H-PPO learns a more conservative
subgoal-selection policy through LSTM and safety-prioritized rewards, thereby improving
task reliability under dynamic fire and smoke threats.

Figure 6 presents representative dynamically executed trajectories in valley, ridge,
and multi-peak fire and smoke scenarios. Each scenario includes a 3D executed trajectory
and a top-down projection. The blue, orange, and green curves represent the executed
trajectories of H-PPO, A*, and RRT*, respectively, while the green circles and purple stars
mark the start and goal positions. Red regions denote active fire, gray regions denote
high-concentration smoke threats, and the background map shows terrain elevation. The
trajectories are representative single-run results for the corresponding scenarios and are
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used mainly to illustrate route-selection differences among the planning algorithms under
complex terrain and dynamic fire and smoke threats.

(a) 

 

(b) 

(c) 

Figure 6. Executed trajectories for route planning. (a) Valley fire, (b) ridge fire, (c) multi-peak fire.

The representative trajectories show clear safety-prioritized behavior by H-PPO in all
three scenarios. Its executed trajectories generally climb proactively early in the mission
and make lateral detours near active fire and high-concentration smoke threats, thereby
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maintaining large threat clearances. By contrast, RRT* trajectories are generally closer to
the start-to-goal direction and are relatively shorter, but in some scenarios they pass closer
to fire and smoke threats. A* is more likely to proceed along a geometric route with low
current local cost and is therefore more likely to lose safety margin or terminate early when
threat regions continue to expand or terrain constraints are strong.

In the multi-peak scenario, terrain relief and fragmented fire and smoke threats jointly
shape route selection. H-PPO avoids major threat regions by flying at a higher altitude
and making wider lateral detours. Although this behavior increases route length and task
duration, it is consistent with its safety-prioritized reward design and with the higher
task success rate and mean terrain clearance in Table 10. Overall, Figure 6 further shows
that the advantage of H-PPO is not the shortest route or the lowest executed-trajectory
curvature but more reliable safe avoidance and task completion under dynamic fire and
smoke threats.

To complement the mean terrain-clearance statistics in Table 10 and further compare
the dynamic safety redundancy of the three planning methods, Figure 7 presents the safety-
margin histories corresponding to representative successful runs in the valley, ridge, and
multi-peak scenarios. At each simulation step, the safety margin is defined as the smaller
of the terrain clearance and the fire/smoke-threat clearance.

 

Figure 7. Safety-margin histories of H-PPO, RRT*, and A* in representative successful runs: (a) valley,
(b) ridge, and (c) multi-peak scenarios. The dotted horizontal line denotes the prescribed 100 m
safety-clearance threshold, and the circular markers indicate the minimum safety margins along the
trajectories.

In the valley scenario, all three methods have approximately the same initial minimum
safety margin of 225.5 m because they start from the same state. After departure, H-PPO
establishes and maintains a larger safety margin, with a trajectory-averaged margin of 591.4
m, compared with 399.0 m for RRT* and 395.7 m for A*. In the ridge scenario, the minimum
margins of H-PPO, RRT*, and A* are 290.1, 80.1, and 37.1 m, respectively, with RRT* and A*
falling below the prescribed 100 m threshold. In the multi-peak scenario, the corresponding
minimum margins are 325.8, 280.9, and 38.4 m, respectively, and only A* falls below the
threshold. These representative safety-margin histories show that H-PPO maintains greater
dynamic safety redundancy, whereas Table 10 separately reports aggregate task outcomes
and mean terrain clearance over 100 episodes.

Overall, the main advantages of H-PPO are task success rate, mean terrain clearance,
and online decision time. Its cost is longer task duration, longer route length, and larger
executed-trajectory curvature. This result indicates that route-planning performance in
dynamic fire and smoke environments should not be judged only by route length or
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trajectory smoothness. It should be evaluated jointly with task reliability, dynamic safety
margin, mean terrain clearance, and online computational cost.

4.6. Discussion, Limitations, and Practical Implications
4.6.1. Sensitivity Analysis of Environmental Inputs

To evaluate the robustness of the trained route-planning policy to environmental-
input variations, a one-factor-at-a-time sensitivity analysis was conducted using the frozen
complete H-PPO Model D without additional training. Wind speed, base fire-spread rate,
and smoke-release rate were varied independently to 0.7, 1.0, and 1.3 times their baseline
values. The corresponding wind speeds were 3.5, 5.0, and 6.5 m/s; the base fire-spread
rates were 0.35, 0.50, and 0.65 m/s; and the smoke-release rates were 7, 10, and 13 kg/s.
The base fire-spread rate was used as the controllable fire-intensity input because it directly
determines the expansion rate of burning cells in the cellular-automaton model. Terrain
sensitivity was evaluated separately using the valley, ridge, and multi-peak scenarios.

For each parameter level, 20 paired random seeds were evaluated in each of the three
terrain scenarios, giving 60 episodes per environmental-input level. The same seed was
retained across the low, baseline, and high levels of each factor to reduce variation unrelated
to the tested input. Together with the shared baseline condition, the sensitivity analysis
comprised 420 deployment episodes. Unlike the mean terrain clearance reported in Tables 8
and 10, this analysis recorded task success rate, trajectory-level minimum safety margin,
and task duration. Figure 8 reports the absolute results for the three terrain types and
the paired changes relative to the baseline condition for wind speed, fire-spread rate, and
smoke-release rate.

Figure 8. Sensitivity of the frozen H-PPO policy to terrain and environmental inputs. Panels (a,e) show
the absolute minimum safety margin and task duration in the valley, ridge, and multi-peak scenarios.
Panels (b–d) and (f–h) show paired changes relative to the baseline for wind speed, base fire-spread
rate, and smoke-release rate at 0.7, 1.0, and 1.3 times their baseline values. Boxes indicate medians
and interquartile ranges, and points denote individual paired runs. Each terrain contains 20 runs,
and each environmental-input level contains 60 runs across the three terrains.

All seven evaluated conditions achieved 60 successful missions out of 60 episodes,
corresponding to a task-success rate of 100% with a Wilson 95% confidence interval of
[94.0%, 100.0%]. The environmental perturbations nevertheless produced measurable
changes in the simulated threat fields. When the base fire-spread rate decreased from 0.50
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to 0.35 m/s, the mean active-fire area decreased from 63.50 to 46.71 ha, whereas increasing it
to 0.65 m/s increased the active-fire area to 85.35 ha. The corresponding high-concentration
smoke-threat areas were 386.21, 419.18, and 458.48 ha. Changing the smoke-release rate
from 7 to 13 kg/s increased the mean high-concentration smoke-threat area from 405.66
to 428.34 ha. Thus, the tested inputs altered the fire and smoke environment rather than
merely changing parameter labels.

Despite these environmental changes, the mean minimum safety margin remained
between 287.77 and 289.18 m across all wind, fire-spread, and smoke-release levels, com-
pared with 288.47 m under the baseline condition. The corresponding mean task durations
ranged from 152.86 to 155.37 s, compared with the baseline value of 154.24 s. Relative to
the baseline, the largest change in minimum safety margin was less than 0.25%, and the
largest change in task duration was less than 0.90%.

Terrain produced a more visible change in safety margin. The mean minimum safety
margins in the valley, ridge, and multi-peak scenarios were 225.46 ± 0.00, 290.07 ± 0.00,
and 349.87 ± 20.50 m, respectively, whereas their mean task durations remained similar
at 154.59 ± 1.32, 154.08 ± 1.72, and 154.04 ± 1.05 s. These results indicate that terrain
geometry affects the available clearance, but the frozen H-PPO policy retained stable
mission completion and task duration across the three tested terrain types.

Overall, the sensitivity results show that the trained H-PPO policy remains stable
under the tested ±30% variations in wind speed, base fire-spread rate, and smoke-release
rate, as well as across the three terrain scenarios. This conclusion is limited to the parameter
ranges and one-factor-at-a-time design considered here and should not be interpreted as
robustness to arbitrary wildfire or atmospheric conditions.

4.6.2. Limitations and Practical Implications

Several limitations should be considered when interpreting the results. First, the
proposed framework was evaluated only in simulation using a specific fixed-wing flight-
dynamics model and three terrain scenarios; its generalization to other aircraft platforms
and real wildfire environments has not been established. Second, the cellular-automaton
fire-spread model and Gaussian plume smoke model provide computationally efficient
threat estimates but simplify the spatial and temporal variability of wind, fuel condi-
tions, atmospheric stability, and fire–atmosphere interactions. The current experiments
also use simulation-generated observations and do not explicitly consider sensing errors,
observation delays, communication interruptions, or uncertainty in threat-state estimation.

For practical deployment, onboard or ground-based observations, meteorological
measurements, terrain data, and fuel information could be used to update the fire and
smoke threat maps. The planner could then generate route subgoals for execution by
the onboard flight-control system, while forest managers supervise the mission through
an interactive interface displaying threat regions, recommended routes, safety margins,
and task status. Such deployment would require reliable data fusion, uncertainty-aware
environmental updating, platform-specific integration, and validation through controlled
flight tests and field experiments under realistic fire conditions.

Advanced deep learning methods may complement the proposed framework as up-
stream perception modules. FireDM generates fire-scene images and segmentation masks,
FireSeg performs fire segmentation using pretrained latent-diffusion features, and FireSeg-
NASUNet and FireSegUNet focus on computationally efficient fire segmentation [40–43].
Their outputs could provide image-derived fire-region observations for updating the local
threat representation used by the planner. Data-driven prediction models could similarly
provide short-term estimates of threat evolution. These perception and prediction compo-
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nents were not implemented in the present study, and their integration into a complete
perception–prediction–planning–control chain remains future work.

5. Conclusions
For 3D fixed-wing UAV route planning in complex terrain under dynamic fire and

smoke threats, this study develops a framework that integrates fire and smoke threat
modeling, local environmental representation, and hierarchical planning and control. The
framework first uses a cellular automaton, directional fire-spread rates, and a smoke-
dispersion model to generate time-varying burning-threat and high-concentration smoke-
threat regions. It then represents fire and smoke states as 3D dynamic envelopes and
local grid masks. The envelopes describe threat spatial form, whereas local grid masks
support collision checking, safety-margin calculation, and policy observation encoding. For
planning, a hierarchical PPO architecture decouples long-horizon route-subgoal generation
from high-frequency flight control and uses an LSTM to capture temporal information
across consecutive decisions.

Experiments on the high-level route-planning model show that the hierarchical struc-
ture is essential for learning a feasible route policy. In the 90-episode terrain-resolved abla-
tion evaluation, high-level route-subgoal planning increases the overall task success rate
from 0% for Model A to 77.8% for Model B and raises the fire and smoke threat-avoidance
success rate to 93.3%. Adding the LSTM further increases the overall task success rate to
94.4% and the threat-avoidance success rate to 98.9%, while reducing task duration, route
length, trajectory curvature, and roll angle relative to Model B. After the safety potential
function and route-subgoal progress reward are added, the complete H-PPO Model D
achieves 100% task success and 100% threat avoidance in the valley, ridge, and multi-peak
scenarios, with an overall mean terrain clearance of 768.79 m. These results indicate that
the composite reward provides the most consistent task reliability and terrain-clearance
performance across the three terrain types.

Compared with conventional planning algorithms, H-PPO performs better in task
success rate, mean terrain clearance, and online decision time. Across 100 independent
tests, H-PPO achieves a 100% task success rate, exceeding the 79% of RRT* and the 38%
of A*. Its mean terrain clearance is 44.2% and 86.2% higher than those of RRT* and A*,
respectively. Its average online planning decision time is 1.290 ms, substantially below
the single-replanning time of RRT* and A*. H-PPO does not obtain the shortest route or
lowest executed-trajectory curvature, and its average task duration and route length are
both higher than those of the conventional planners. Thus, the proposed method trades
execution efficiency for greater mean terrain clearance and higher task reliability through a
more conservative detour strategy, revealing the trade-off between safety and execution
efficiency in route planning under dynamic fire and smoke threats.

The principal limitations of this study are the simulation-only validation, the simplified
fire and smoke models, the absence of sensing and communication uncertainties, and the
evaluation using a specific fixed-wing model and a limited set of scenarios. Therefore, the
reported results demonstrate the comparative performance of the proposed method within
the present simulation framework but do not establish its readiness for operational wildfire
missions. Future work will calibrate the environmental model using real fire-scene data,
incorporate perception and short-term threat-prediction modules, develop an interactive
decision-support interface for forest managers, and evaluate the complete system through
platform-specific flight tests and controlled field experiments. Real wildfire deployment
should be considered only after the reliability of the sensing, environmental updating,
planning, communication, and flight-control components has been jointly validated.
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