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Abstract— Fixed-wing small uncrewed aerial vehicles (sUAVs)
possess the capability to remain airborne for extended du-
rations and traverse vast distances. However, their operation
is susceptible to wind conditions, particularly in regions of
complex terrain where high wind speeds may push the aircraft
beyond its operational limits, potentially raising safety concerns.
Moreover, wind impacts the energy required to follow a path,
especially in locations where the wind direction and speed
are not favorable. Incorporating wind information into mission
planning is essential to ensure both safety and energy efficiency.
In this paper, we propose a sampling-based planner using the
kinematic Dubins aircraft paths with respect to the ground,
to plan energy-efficient paths in non-uniform wind fields. We
study the characteristics of the planner with synthetic and
real-world wind data and compare its performance against
baseline cost and path formulations. We demonstrate that
the energy-optimized planner effectively utilizes updrafts to
minimize energy consumption, albeit at the expense of increased
travel time. The ground-relative path formulation facilitates the
generation of safe trajectories onboard sUAVs within reasonable
computational timeframes.

I. INTRODUCTION

Recent advances in sUAVs have enabled various tasks
taken by sUAVs including mapping [1], inspection, and envi-
ronmental monitoring [2]. Fixed-wing type sUAVs have been
popular, especially for large-scale environmental monitoring
tasks due to their long endurance and capability to cover
a large area. Though efficient, they are also sensitive to
wind, which can significantly influence the performance of
the vehicle [3], and even compromise safety [4]. This has
resulted in the deployments of fixed-wing sUAVs limited
only to large open spaces and moderate wind conditions.

Operating fixed-wing sUAVs in diverse wind conditions
close to the terrain will enable various applications that
have otherwise been carried out by inefficient multirotor
vehicles [5]. However, operating fixed-wing sUAVs close
to the terrain poses a significant challenge. The limited
maneuverability and strong winds induced by the terrain
impose a high risk of collision, as wind speeds can easily
exceed the limitations of fixed-wing sUAVs [4], [6].

Previous studies addressing fixed-wing sUAV operations
close to the terrain have predominantly focused on planning
scenarios without considering wind [7] or uniform wind
fields [3], [8]–[10]. However, the assumption that the wind
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{yuduan, acfloria, jalim, rsiegwart}@ethz.ch

E-opt (421 kJ, 1934 s)

<-4 m/s 4 m/s<0 m/s 2 m/s

T-opt (525 kJ, 1567 s)

D-opt (inf kJ, inf s)

Start

Goal

-2 m/s

Wz

Fig. 1: Planned paths around mountainous terrain with different cost
formulations colored by the encountered vertical wind (Wz). The
energy-optimized path (E-opt) leverages the updrafts on the left side
of the mountain leading to a path with lower energy required but
longer flight time compared to the time-optimized path (T-opt). The
minimum-distance path (D-opt) disregards any wind information
and is infeasible to track due to the strong downdrafts encountered
along the path.

is uniform is unrealistic for large-scale navigation, as the
wind changes in proximity to the terrain and across different
height levels. While planning in non-uniform wind fields
has been considered for soaring [11], [12], global planning
utilizing a discretized grid [13], and close to the ground
for minimum time [14], they are either computationally
too expensive or ignoring the non-holonomic constraints of
fixed-wing vehicles. Considering the non-uniform wind field
together with the fixed-wing sUAV’s kinematic limits allows
for safe planning. The spatial variation in the wind field
provides an opportunity to exploit the energy available in
the atmosphere for more efficient flight, thus extending the
endurance and range of the vehicle.

In this work, we present a novel approach that uti-
lizes geometric Dubins airplane paths [15] and incorporates
temporally-constant non-uniform wind fields for energy-
optimized planning. We analyze the advantages of em-
ploying a ground-relative Dubins airplane path over the
computationally complex air-relative Dubins airplane path
formulation [14]. Our method demonstrates the capability to
exploit wind efficiently, resulting in significant reductions of
energy consumption, while safely and successfully reaching
the goal. We evaluate the impacts of using energy-optimized
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planning first in synthetic wind fields and later on realistic
wind fields around complex terrains generated by the weather
research & forecasting model (WRF) [16]. Ultimately, our
planner finds the energy-optimized path given a known wind
field. This method enables the vehicle to minimize the
energy expenditure in reaching the target position, thereby
enhancing its mission duration capacity and range, while
ensuring safety, particularly in adverse wind conditions. In
addition, using energy as the planning objective enables
the operators to assess pre-flight whether the sUAV has
enough fuel/energy onboard to complete the mission under
the considered wind conditions.

Our key contributions are as follows:
• We propose a sampling-based planning framework for

energy-optimized planning using the Dubins airplane
model in non-uniform wind fields.

• We evaluate and compare the trade-offs between the
ground-relative and air-relative Dubins airplane paths.

• We compare the merits and drawbacks of energy-
optimized path planning with those of the shortest path
and time-optimized planning.

II. RELATED WORK

Practical implementations of sampling-based planning
methods for fixed-wing aerial vehicles have been demon-
strated in various environments, such as cluttered indoor [17]
and steep alpine environments [7], [14].

One of the main challenges in considering wind is rep-
resenting the non-holonomic constraints with wind-relative
kinematics. [17] uses polynomials to consider the smooth
dynamics of the system for planning and approximates
the polynomials with Dubins curves [18]. Dubins airplane
paths [15], which extend the Dubins curve into three-
dimensional space with additional climb rate constraints
are most commonly used [14], [19]. Other works have
considered using smooth path representations such as Bezier
curves [20], and splines [21]. However, these works do not
consider wind and therefore can result in suboptimal or even
infeasible paths when deployed in realistic environments.

Many works consider a spatially uniform wind, which
leads to path representations such as trochoids [3], [8]–
[10]. Trochoids take the drift induced by the wind into
account if Dubins curves are tracked in the air-relative frame.
However, these methods typically require iteratively solving
the path which is ill-suited for sampling-based planners due
to the computational cost. Moreover, the uniform wind field
assumption holds poorly for large-scale navigation tasks,
especially when operating close to the terrain or obstacles
where the spatial wind gradient can be significant [22], [23].

Planning in non-uniform wind fields for autonomous
soaring has been investigated with a local reinforcement
agent [11] or a non-optimal tree-search-based method [12].
Previous work presented energy-optimal planning on a large-
scale discretized grid in non-uniform wind [13]. However,
this work is not suitable for navigation around complex
terrain due to the coarse grid discretization and neglecting
the sUAV’s kinematic limits.

Our work is a continuation of [14] which applies sampling-
based planning in a non-uniform wind field to plan time-
optimized paths. However, the iterative nature of finding the
air-relative path significantly slows down the convergence
speed of the planner, rendering it unsuitable for onboard
deployment. In this work, we show that the use of geometric
Dubins airplane paths speeds up the planner even while
considering the energy objective.

III. PROBLEM FORMULATION
Consider a state space X , comprising the allowed space

X+ and the forbidden space X− = X/X+. A subset of
permitted states are safe states, denoted Xsafe ⊂ X+, which
are designated safe for the operation of sUAVs. We also
assume that we have a known temporally constant wind field
W : X 7→ R3. We consider the problem of finding the
minimum energy path η∗ : [0, S] 7→ X between the initial
state xstart and the goal state xgoal while operating safely
in a known wind field W with the aircraft’s ground speed
V , where S is the length of the path. The problem can be
formally written as:

η∗ =argmin
η

∫
η

P (η(s),W )
1

V (η(s),W )
ds (1)

s.t. η(s) ∈ Xsafe ∀s ∈ [0, S]

∂η

∂s
= f(η(s)) ∀s ∈ [0, S]

η(0) = xstart,η(S) = xgoal

Here, P denotes the power consumption of the sUAV.
The path is required to stay within the safe set Xsafe, and to
satisfy the nonholonomic dynamic constraint of the vehicle,
defined as f(·).

A. Dubins Airplane Model

We consider a state space that represents the vehicle x =
(x, y, z, θG), where x, y, z is the three-dimensional position
in space and the θG is the ground relative bearing of the
vehicle. We use the Dubins airplane model [15] to represent
the non-holonomic constraint of fixed-wing vehicles. The
constraints can be defined as differential constraints:

∂η

∂s
= f(η(s)) =


cos(γG) cos(θG)
cos(γG) sin(θG)

sin(γG)
cos(γG)κ

 , (2)

where γG is the flight path angle, and κ is curvature. The
maneuverability of the vehicle is limited by the flight path
angle γG ∈ [γG

min, γ
G
max] and curvature κ ∈ [−κmax, κmax].

B. Air Relative Velocity

Since aerial vehicles generate forces within an air-relative
medium, the corresponding constraints are established ac-
cordingly. The ground speed V G is determined by a wind
triangle depicted as shown in Fig. 2 and can be expressed as

V G = V A +W . (3)
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Fig. 2: State space of the Dubins airplane model with the air relative
(superscript A) and ground-relative (superscript G) properties.

Here, V A = [V A
x , V A

y , V A
z ]T represents the air-relative

velocity of the aircraft. Considering fixed-wing vehicles’
optimal range-efficiency at a specific airspeed, we assume
a constant airspeed magnitude V̄ A = ∥V A∥ for the vehicle.
We define the air-relative flight path angle and heading:

θA = arctan 2(V A
y , V A

x ) θA ∈ [0, 2π] (4)

γA = arcsin(V A
z /V̄ A) γA ∈ [γA

min, γ
A
max].

It should be noted that the maneuverability limit, es-
pecially the flight path angle, of the aircraft is inherently
expressed in an air-relative context by design.

IV. APPROACH

A. Ground-Relative Dubins Airplane Model in Wind

In this work, we express the vehicle motion as a Dubins
airplane path relative to the ground. In the first step, we
compute the path according to Eq. (2). Then we compute
the air-relative velocity V A such that the resulting ground
velocity V G aligns with the path direction, denoted by the
unit vector uη . We decompose Eq. (3) into its tangential
component ()∥ and its normal component ()⊥ with respect
to the path:

V Guη =V A
∥ +W∥, (5)

0 =V A
⊥ +W⊥. (6)

With the constant airspeed magnitude V̄ A and Eq. (6)
we can compute the tangential airspeed component V A

∥ and
ground speed:

V A
∥ = ±

√
(V̄ A)2 − (W⊥)

2, (7)

V G = V A
∥ +W∥. (8)

Given that there are two solutions for ground speed V G ,
we select the larger positive one to maximize the progress
of the path.

We identify two conditions under which a path is con-
sidered infeasible. First, if at any point along the path, the
airspeed V̄ A falls below the perpendicular wind component
W⊥, the path is considered infeasible. This indicates the

absence of a real solution for the parallel component of
the velocity V A

∥ , rendering the planned path unattainable
regardless of the vehicle’s heading. Secondly, if V G becomes
negative, it suggests that the desired direction of the path is
unreachable, and thus infeasible given the wind condition
and fixed airspeed constraint.

B. Fixed-Wing Energy Model

In this section, we introduce the energy model used in the
planner. We assume a small angle of attack such that thrust
T aligns with airspeed. Furthermore, we assume constant
drag D, due to the constant airspeed and small angle of
attack assumption. The variation in drag is considerably less
significant compared to the variation in lift for different flight
regimes [24]. Under these assumptions, the aircraft’s dynam-
ics can be simplified to a static longitudinal equilibrium:

0 = T −D −mg · sin(γA), (9)

where g is the gravitational constant, and m represents the
constant vehicle mass. Thus, the required thrust of the vehicle
can be computed as a function of flight path angle γA:

T ≈ max(D +mgsin(γA), 0). (10)

For descent, the required thrust may be less than zero
indicating that the aircraft is accelerating. Since we assume
a static equilibrium, we have a conservative energy estimate
due to ignoring potential energy savings caused by such
overspeed assuming the energy is dumped, for example by
the use of spoilers.

We define the energy rate model that maps the path into
the energy consumed per unit of time as power P : X 7→ R:

P = Pc +
T V̄ A

cT
, (11)

where Pc is the constant power consumed by the sUAV
avionics, and cT is the constant power coefficient of the
thrust. However, this can be replaced by any arbitrary so-
phisticated energy model.

C. Feasibility

The feasibility of the path is checked by analyzing if the
kinematic relations of each part can hold with the given wind
and whether the path is in collision with the ground.

There are mainly two cases where the path becomes
infeasible due to wind. First, the path is infeasible when the
ground speed V G calculated from Eq. (7) has no solution,
due to large wind speeds. Second, if the wind-relative flight
path angle exceeds the limit, the path is considered infeasi-
ble. Both the vertical and horizontal wind components can
influence the air-relative flight path angle. For example, the
air-relative flight path angle will result in a steeper glide slope
when traversing downwind, compared to traversing upwind.
Thus, in the ground-relative limits γG

min,max should more set
to smaller magnitudes than γA

min,max consider these cases.
Therefore, we can define the feasible space due to wind

as the following:

W+ = {x| V G > 0 ∩ γA ∈ [γA
min, γ

A
max]}. (12)
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In case the vehicle is in collision with the terrain, the
vehicle path intersects with the forbidden space X−.

The resulting safe set Xsafe is defined as the intersection
of the permitted space considering wind W+ and terrain X+

Xsafe = W+ ∩ X+. (13)

V. ENERGY-OPTIMIZED PLANNING

In this section, we explain how the energy model intro-
duced in Section IV is incorporated into the sampling-based
planning framework1.

A. Planner

We use the sampling-based planner Rapidly-exploring
Random Tree Star (RRT*) [25]. While the method is compat-
ible with any other sampling-based planning method, we use
RRT* as it is asymptotically-optimal and probabilistically
complete, thus rapidly finding a solution and refining it
within the remaining planning time.

We plan in the Dubins airplane space [15], which connects
states with ground relative Dubins airplane paths. We utilize
the Dubins airplane path implementation of [19] and take
the suboptimal medium altitude case to speed up the com-
putation [14]. Also, the Dubins set classification method [26]
with corrections [27] is used to speed up the computation of
the Dubins path.

B. Cost Objective

We use Euler forward integration along fixed-length seg-
ments with the discretized length ∆l to compute the cost
according to Eq. (11). As the wind is assumed to be constant
within one integration step, the choice of ∆l and the integra-
tion scheme is a trade-off between computational cost and
accuracy. The time to traverse a segment can be computed
with the known groundspeed ∆ti = ∆l/V G

i . Subsequently,
the cost of a motion, or so to say, the energy consumed for
the path is computed as:

E =

{∑
i=0 P (xi)∆ti if xi ∈ W+

∞ if xi ̸∈ W+
(14)

where we set the cost to infinity if there is any infeasible
wind along the motion.

C. Feasibility

To guarantee that the paths are collision-free, states and
motions are first checked using the motion validator with an
elevation map of the terrain. Given a 2.5D elevation map
(a 2D map with height), collision checking is performed by
comparing the altitude of the state to the terrain elevation.
Then, to verify whether the wind-related constraints are
satisfied, we compute the path cost. Only collision-free
motions with finite cost are considered feasible paths. This
way, the wind field only needs to be accessed once, compared
to accessing the wind field twice for feasibility and path cost
computation.

1https://github.com/ethz-asl/fw planning

TABLE I: Parameters of the fixed-wing vehicle model used for
evaluation

m κmax cT V̄ A γG
max γA

max D Pc

5 kg 0.02 0.3 15m/s 10.0◦ 20.0◦ 5N 60W

VI. EVALUATION SETUP

In this section, we explain the setup used for evaluating
the proposed method.

A. Setup

We implement the energy-optimized planner using the
Open Motion Planning Library (OMPL) [28] integrated into
Robot Operating System (ROS) according to [14] with a
modified cost and motion model. All evaluations were run
on an Intel Core i7-8565U CPU, which is comparable to the
compute power that is available on real systems [7]. 100 runs
were executed for each planner configuration and scenario.

We used synthetic and realistic wind fields to evaluate
the proposed planner compared to baseline methods. The
synthetic wind fields on an empty map were hand-generated
to highlight the differences between different planning meth-
ods. We generated the realistic wind fields using the WRF
model [29]. We utilize five nested domains with the coarsest
domain at 9 km driven by the hourly ERA5 data to compute
the winds with a 3:1 scaling ratio between the nests at the
innermost domain at 111m resolution2.

In this evaluation, we model the vehicle as an sUAV,
such as the MakeflyEasy Believer, equipped with an onboard
computer. The vehicle parameters used for the evaluation are
presented in Table I. To accommodate a tailwind equal to the
airspeed we set the climb angle limits using the following
equation: 2γG

max = γA
max. We set the planning time for

the synthetic wind fields to 30 s and increase it to 60 s for
realistic wind fields to account for their much larger extent.

B. Baseline Methods

We compare the energy-optimized planning to the shortest-
distance [7] and time-optimized planning with ground-
relative Dubins airplane paths. Additionally, we also consider
the air-relative Dubins airplane paths explored in previous
work [14], with time or energy used as the cost objective. For
the reader’s convenience, we present the air-relative Dubins
model considering the air-relative properties and the wind in
the equation of motion:

f(η(s),W ) =


cos(γA) cos(θA) + Wx

V̄ A

cos(γA) sin(θA) +
Wy

V̄ A

sin(γA) + Wz

V̄ A

cos(γA)κ

 . (15)

There is no closed-form solution for the air-relative path
connecting two states in a non-uniform wind field. Thus,
we follow the iterative approach to compute such a path,
as outlined in [14]. However, once the path is determined,

2https://github.com/ethz-asl/wrf-sim
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TABLE II: The performance metrics of the different cost objectives and path formulations for the two synthetic wind fields. The shortest
path planning (dg) is compared to time-optimized planning with air-relative paths (ta) and ground-relative (tg) and energy-optimized
planning with the two path types (ea and eg).

dg ta tg ea eg

Sh
ea

r

2
m

/s Graph states [-] 2383 ± 205 575 ± 10 562 ± 18 513 ± 4 487 ± 23
Time [s] 235 ± 1 234 ± 1 235 ± 1 236 ± 1 236 ± 2
Energy [kJ] 73.9 ± 0.2 72.6 ± 0.3 73.0 ± 0.5 73.0 ± 0.5 73.3 ± 0.5

Sh
ea

r

5
m

/s Graph states [-] 2462 ± 62 476 ± 12 522 ± 22 423 ± 11 492 ± 13
Time [s] 305 ± 1 239 ± 2 244 ± 3 243 ± 4 247 ± 3
Energy [J] 94.5 ± 0.3 74.5 ± 1.0 76.2 ± 1.4 75.2 ± 1.0 76.5 ± 1.0

Sh
ea

r

10
m

/s Graph states [-] 2450 ± 156 388 ± 6 514 ± 18 359 ± 6 498 ± 16
Time [s] 609 ± 2 234 ± 3 243 ± 5 236 ± 4 245 ± 5
Energy [J] 188.7 ± 0.6 72.4 ± 1.0 75.9 ± 2.0 73.2 ± 1.3 75.9 ± 1.6

Sh
ea

r

15
m

/s Graph states [-] 2453 ± 330 247 ± 11 804 ± 31 232 ± 5 767 ± 18
Time [s] inf ± inf 228 ± 4 235 ± 8 230 ± 6 236 ± 8
Energy [J] inf ± inf 70.6 ± 1.3 74.6 ± 3.2 71.3 ± 1.8 73.3 ± 2.5

U
pd

ra
ft

5
m

/s Graph states 2245 ± 176 497 ± 58 366 ± 14 472 ± 58 417 ± 13
Time [s] 347 ± 1 245 ± 15 347 ± 1 572 ± 119 683 ± 59
Energy [kJ] 256 ± 1 153 ± 11 251 ± 17 72 ± 12 51 ± 8

all air-relative variables remain constant for the entire path.
Therefore, the energy rate model shown in Eq. (11) can be
solved by multiplying the air-relative distance, unlike the
incremental integration of the ground-relative paths.

VII. SYNTHETIC WIND FIELD EXPERIMENTS

A. Setup

We evaluate our approach in synthetic wind fields to study
the interaction between the path representation and optimiza-
tion objective in non-uniform wind fields. We investigate
two distinct environments, labeled as Horizontal Shear and
Updraft shown in Fig. 3. The Horizontal Shear environment
features a wind field consisting solely of horizontal winds,
with two regions where winds blow in opposite directions.
Different wind magnitudes are investigated in this wind field
as shown in Table II. The Updraft requires the airplane to
gain altitude and contains an updraft region with 5m/s at
900m distance from the start and goal position. Outside of
the updraft region colored in green, there is no wind.

B. Results

The ground-relative paths planned with the different cost
objectives for different wind speeds in Fig. 3a within the
Horizontal Shear environment show that the wind-aware
cost formulations result in detours to take advantage of the
tailwinds when the winds are high enough. In scenarios with
only horizontal wind, the energy- and time-optimized paths
are equivalent due to the constant airspeed assumption.

Quantitative results can be found in Table II. Air-relative
paths result in slightly lower costs compared to the ground-
relative paths but are comparable in this environment. In
the Updraft environment, for both path types, the energy-
optimized paths require less energy at the downside of a
longer flight time as the path maximizes time spent in the
updraft. Time-optimized paths demand less flight time but
at the expense of more energy, as the aircraft is consistently

-2000 0 2000
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-500
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y
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m
]

d
e2m/s

t2m/s
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StartGoal

(a) Horizontal Shear environment

dg

ta

tg
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eg

-1000 0 1000 2000
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z 
[m

]

x [m]

Goal

Start

(b) Updraft environment

Fig. 3: Energy-optimized paths in a) Horizontal Shear environment,
b) Updraft environment, explain the different paths d for shortest
path, e for energy, t for time, subscript for wind field magnitude

climbing. In contrast to the energy-optimized planning, there
is a large difference between the path formulations in the
time-optimized planning. The ground-relative climb angle is
bound to γG , while the air-relative path with the wind support
in the updraft can achieve higher climb angles, as evident in
Fig. 3b explaining this difference.

A path planned with a wind-aware cost formulation is
guaranteed to be safe subject to the wind field used during
planning, while the shortest geometric path might be infea-
sible due to strong winds, as evidenced in the 15m/sec case
for the Horizontal Shear environment.

Lastly, it is notable that the ground-relative planning
in the Horizontal Shear environment yields larger motion
trees compared to air-relative methods. This effect is more
pronounced for higher wind magnitudes. In the Updraft
environment, we observe the opposite trend with slightly
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Fig. 4: The performance metrics of the different cost objectives and path formulations for the realistic wind fields. The shortest path
planning (dg) is compared to time-optimized planning with air-relative paths (ta) and ground-relative (tg) and energy-optimized planning
with the two path types (ea and eg).

larger trees for the air-relative methods. This occurs because
the paths are in general long in this scenario, significantly
slowing down the cost computation of ground-relative paths
due to the numerical integration. Overall, wind-aware plan-
ning is significantly slower than shortest-path planning.

VIII. REALISTIC WIND FIELD EXPERIMENTS

A. Setup

To evaluate the proposed method, we evaluate the plan-
ner’s performance in realistic wind fields computed by WRF.
Experiments are conducted on two different terrains with an
extent of 30 km × 30 km each. The first case, illustrated in
Fig. 1, is centered around the 1798m high mountain, Rigi,
located in central Switzerland. The second case is situated
around the hills of the Isle of Bute in Scotland, as depicted
in Fig. 5. We compare our planning method with the same
baselines as those in the synthetic wind field experiments.

B. Results

In these two cases, we observe that the paths computed
with the different cost objectives vary significantly. The
shortest-distance paths result in infinite costs for both cases
as strong encountered downdrafts exceeding the sUAV’s
limitation do not allow safely following these paths. The
time-optimized paths leverage mostly the horizontal wind
and allow flying through strong downdrafts if they are within
the limitations. The energy-optimized paths leverage existing
updrafts to reduce energy compared to the time optimal paths
by 11% to 13% albeit at a trade-off of 12% to 30% longer
flight times as shown in Fig. 4.

In these complex non-uniform wind fields computing the
air-relative paths requires more computational time compared
to the synthetic wind fields that still had large uniform
regions. Thus, the planner takes longer to find good solutions
as evidenced by the number of graph states and the time
to find the first solution. The large variance of the time to
first solution is a result of the stochasticity of the underlying
RRT* planner. In the second case, the air-relative variants
failed to find an initial solution in all runs in contrast to
the ground-relative variants where only 2% failed for time-
optimized planning.

E-opt (468 kJ, 2780 s)

<-4 m/s 4 m/s<0 m/s 2 m/s

T-opt (522 kJ, 1535 s)

D-opt (inf kJ, inf s)

Start

Goal

-2 m/s

Wz

Fig. 5: The planned paths for case 2 with WRF generated winds
colored by the encountered vertical wind. The energy-optimized
path (E-opt) leverages the updrafts and avoids strong downdrafts
resulting in a longer path compared to the time-optimized path (T-
opt) that goes through a strong downdraft. The shortest path (D-opt)
does not consider any wind information and is infeasible to track
due to the strong downdraft around the middle.

IX. DISCUSSION

In this work, we explored different cost formulations
and path representations. The shortest-path planning is least
computationally demanding but in realistic settings can result
in unsafe paths. The energy-optimized planning leverages
the wind to plan more energy-efficient paths at the trade-
off for longer flight time compared to time-optimized paths.
However, these paths are only different in the presence of
vertical wind. The solutions with the air-relative Dubins
paths tend to be shorter/more efficient than the ground-
relative counterparts. This is because in the air-relative path
formulation the sUAV ”drifts with the wind” whereas the
latter treats wind as a disturbance. This can be seen in Fig. 3b
where within the updraft the air-relative paths fully leverage
the upwind achieving a high climb rate, while the ground-
relative formulation inherently fights the updraft to stay
on the pre-planned geometric path achieving much smaller
climb rates even for the time-optimized case.
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Planning with air-relative paths is not suitable for planning
onboard with an sUAV, as the iterative computation of these
paths in non-uniform wind fields is too computationally
expensive. Using the ground-relative path formulation yields
a much faster planner that can consistently find solutions
within a reasonable time frame. Furthermore, air-relative
paths are less suited for path following due to the challenges
of predicting the air-relative paths with the large uncertainties
associated with wind sensing.

X. CONCLUSIONS

In this work, we proposed an energy-optimized planner
for non-uniform wind fields using geometric Dubins airplane
paths. We evaluated our approach in a series of experiments,
comparing it to the baseline cost and path formulations, and
discussed the trade-offs between different formulations. We
expect this approach to enable more efficient operations for
fixed-wing vehicles covering long distances.

This work can be extended in several ways. Firstly, han-
dling variable airspeed allows for more efficient paths, as
the energy-optimal cruise speed depends on the encountered
winds. Secondly, while we in this work assume a temporally
constant wind field, extending the approach to cope with
the uncertainty in predicted wind fields enables planning
for more robust paths in case of wind prediction errors.
Additionally, to address changing weather conditions, future
work could explore how to incorporate temporally varying
wind fields into the planning framework.
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