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Abstract
The !ight time of uncrewed autonomous vehicles (UAVs) is con-
strained by its battery capacity, restricting its application in long-
duration missions. To address this challenge, we propose eFlight,
a hybrid scheme that uses a reinforcement-learning heuristic to
augment A* for path "nding. eFlight reduces both node expan-
sions and computation time while "nding energy-e#cient paths in
obstacle-dense 3D airspace. We compare eFlight with conventional
path-planning algorithms for point-to-point !ights on areas of var-
ious dimensions and with various obstacle densities. The results
show that eFlight achieves a dual advantage: "nding low-energy
paths with short computation times. In high-density obstacle en-
vironment, eFlight identi"es the lowest energy consumption path
in 89.5% of the trials. Compared to the baseline scheme, eFlight
reduces computation time by 90.6% ± 26.6% and energy by 7.13% ±
9.96%.
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• Computing methodologies → Motion path planning.
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1 Introduction
Uncrewed Aerial Vehicles (UAVs) are becoming an increasingly
integral part of remote sensing and monitoring tasks, such as envi-
ronmental sensing and infrastructure inspection. However, their
limited battery capacity restricts both !ight duration and moni-
toring time, and so the variety and scope of real applications. To
maximize mission time, drones must minimize energy expenditure
while collecting data over extended missions but mostly during
!ight.

There is substantial work on !ight path planning aimed at cov-
ering areas de"ned by numerous waypoints. However, those ap-
proaches neglect the energy expenditure of displacement vector
changes that occur when !ying from one waypoint to another,
mostly in low altitude !ights. Such point-to-point travel often faces
obstacle-"lled environments. Examples include buildings in urban
settings or trees and hills in suburban and forest settings. Incorpo-
rating low-energy path "nding in obstacle-dense settings would
make the use of autonomous drones within a more practical reach
[9].

Path-"nding algorithms such as A*, Dijkstra’s algorithm, genetic
algorithms, and machine learning-based techniques have been re-
cently explored [7, 8, 11]. While A* and Dijkstra algorithms perform
well in static environments, they can be computationally intensive
and of limited e#ciency in dynamic and obstacle-rich scenarios [14].
Recent approaches dynamically adjust path weights to improve
adaptability [4], yet they still struggle with abrupt and variable
terrain changes.

Another research work has focused on active obstacle avoidance
and reliable wireless connectivity during !ight [1, 16]. However,
many existing models consider drone energy expenditure depends
solely on travel distance [12]. Therefore, factors such as accelera-
tion, deceleration, and altitude changes needed for actual maneu-
vering remain neglected despite playing important roles in energy
consumption and trajectory selection under realistic conditions.

To address this energy study gap, we introduce eFlight, a hybrid
method that combines the A* algorithmwith reinforcement learning
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tional License.
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Figure 1: eFlight model for selection of energy e!cient paths. The algorithm combines Reinforcement Learning and path
pre-calculation with A*.

(RL) to optimize energy consumption by identifying the most e#-
cient !ight paths. Unlike traditional A*, eFlight accounts for altitude
changes, speed, and acceleration, enabling dynamic path selection.
We train an RL model o$ine to distill a heuristic function that can
be integrated into A* to "nd the path with the lowest energy cost,
thereby reducing node expansions and runtime. Node expansion
is the process of "nding all available immediate next moves from
the current location [15]. Minimizing node expansion allows the
algorithm to reduce computation time. Compared with the tradi-
tional RL strategy, our approach "nds paths with a 100% success
rate in experiments with at least one available path. We compared
eFlight with various baseline algorithms in simulations and found
that eFlight e%ectively adapts to complex 3D terrains with obstacles
of varying heights. The scheme also achieves high computational
e#ciency, which allows it to be deployed in resource-constrained
embedded systems.

The remainder of this paper is organized as follows. Section
2 introduces eFlight, the proposed hybrid path-"nding algorithm
for 3D environments. Section 3 presents performance features of
eFlight and performance comparisons with other e#cient path-
"nding algorithms. Section 4 presents our conclusions.

2 Proposed Approach
We propose eFlight, a framework that combines the A* algorithm
with reinforcement learning to enable 3D UAV path planning in
obstacle cluttered urban grids. Figure 1 summarizes the overall
process and the main components of the eFlight framework.

First, a 3D environment is generated, represented by a mesh and
a set of obstacles, alongwith the drone’s physical parameters and en-
ergy consumption characteristics for di%erent !ight behaviors. This
information is used as input to the reinforcement learning model.
The reinforcement learning loop, shown in the yellow dashed box in
Figure 1, enables the agent to learn by receiving rewards and penal-
ties through interaction with the environment. The outcome of this
training process is a Deep Q-Learning (DQN) model that encodes
energy-e#cient navigation policies. Subsequently, the A* algorithm
uses the trained DQNmodel as a heuristic function to guide its path

search. While the original A* does not require learning, it leverages
the learned heuristic to e#ciently identify an energy-optimal path
through the 3D space.

2.1 Energy Model and 3D environment

Figure 2: Simulation environment. A 3D environment
with obstacles of various heights. The model represents a
20x20x10 m3 sample space, with an obstacle density of 30%
on the 𝐿 ↑ 𝑀 plane. Each voxel corresponds to a 1 m3 area.
The green and red markers indicate the start and end points,
respectively, and the planned "ight path between them is
indicated in orange.

For testing, the 3D environment is modeled as a grid over a
plane, where each unit square can either be empty or occupied by
a portion of an obstacle, which is assigned a height. The drone’s
physical parameters and energy consumption model for di%erent
!ight maneuvers are de"ned accordingly. Figure 2 illustrates a
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sample 3D environment with dimensions of 20x20x10 m3 and a
grid resolution of 1x1 m2. The obstacle density in this example is
30%, or 120 out of the 400 ground locations with obstacles. The
plot provides a 3D perspective, where obstacles are shown as blue
vertical bars of varying heights, resembling buildings in an urban
setting or trees in an open "eld setting.

Physical parameters, such as drone mass, gravity, and aero-
dynamic drag are considered for accurate estimations. The force
vector-based approach is used to calculate the energy consumption
of each segment of the !ight path. The goal is to verify the accu-
racy and e%ectiveness of our energy-optimized hybrid path-"nding
algorithm. The energy consumption model in the simulator uses
gravitational and kinematics equations that describe the energy
consumption on drone !ight dynamics.

2.1.1 Parameters. Table 1 shows the variables of the physical pa-
rameters used to model the estimation of energy expenditure.

Table 1: Terminologies and Parameters.

Parameter Symbol Unit
Mass of drone 𝑁 𝑂𝑃

Gravitational acceleration 𝑃 m/s2

Air density 𝑄 kg/m3

Drag coe#cient 𝑅𝐿 Dimensionless
Cross-sectional area 𝑆 m2

Cruise speed 𝑇𝑀 m/s
Acceleration 𝑈 m/s2

2.1.2 Force Vector Calculations. Gravity, thrust and drag forces are
de"ned in [2] (1), (2), and (3), respectively.

↓𝑉𝑁 = ↑𝑁𝑃 (1)

↓𝑉𝑂 =𝑁↓𝑈, ↓𝑈 =
↓𝑇new ↑ ↓𝑇old
ω𝑊

(2)

𝑉𝐿 =
1
2
𝑅𝐿𝑆𝑄𝑇

2, ↓𝑉𝐿 = ↑𝑉𝐿
↓𝑇
|↓𝑇 | (3)

When hovering, ↓𝑈 is an upward acceleration equal to ↓𝑃.
The Net Force is ↓𝑉net = ↓𝑉𝑁 + ↓𝑉𝐿 + ↓𝑉𝑂 .

2.1.3 Energy Calculations. The energy required is calculated as
work done by net force, hovering energy [6], drag energy [10],
and acceleration energy [13] are de"ned in (4), (5), (6), and (7),
respectively.

𝑋 = ↓𝑉net · ↓𝑌, ↓𝑌 = ↓𝑍new ↑ ↓𝑍old, (4)

𝑎𝑃 =𝑁𝑃𝑌𝑂 , (5)

𝑎𝐿 = 𝑉𝐿 · 𝑌, (6)

𝑎𝑄 =
1
2
𝑁(𝑇2new ↑ 𝑇2old), (7)

where 𝑌𝑂 is the hovering time, as a function of distance and velocity.
The energy consumed in each section of the path, or segment, is
calculated: Total Energy for Segment 𝑏 is then:

𝑎𝑅𝐿 = 𝑎𝑃 + 𝑎𝐿 + 𝑎𝑄 (8)

The total energy for a path consisting of 𝑐 segments [5] is:

𝑎total =
𝑆↑1∑
𝑇=0

𝑎𝑅𝐿 (9)

The energy calculations presented here provide a foundation for
directly comparing the e#ciency of di%erent !ight paths. By quan-
tifying the energy expenditure of each path, this approach enables
a clear evaluation of the proposed method’s performance relative to
alternative algorithms. The framework ensures that path selection
prioritizes minimal energy consumption without compromising
traversal e#ciency.

We formulate the drone path planning energy consumption as
the following optimization problem:

min𝑎𝑂𝑈𝑂𝑄𝑉 =
∑

𝑇𝑊𝑋↔𝑌

∑
𝑍𝑊𝑌

∑
𝑎𝑊𝑋

𝐿𝑇 𝑍𝑎𝑎𝑅𝐿 (10)

Subject to: ∑
𝑇𝑊𝑋↔𝑌

∑
𝑎𝑊𝑋

𝐿𝑇 𝑍𝑎 ↗ 1, ↘ 𝑑 ≃ 𝑒 (11)

∑
𝑇𝑊𝑌

∑
𝑍𝑊𝑋

𝐿𝑇 𝑍𝑎 = 1, ↘ 𝑂𝑓 𝑔 (12)

∑
𝑇𝑊𝑋↔𝑌

∑
𝑍𝑊𝑋↔𝑌

𝑌𝑇 𝑍
∑
𝑎𝑊𝑋

𝐿𝑇 𝑍𝑎 ↗ 𝑕𝑎 (13)

The objective is to minimize the energy consumption of the
drone by reducing the number of segments it traverses, as de"ned
in (10). The binary decision variable 𝐿𝑇 𝑍𝑎 ⇐ {0, 1} indicates whether
the segment between nodes 𝑏 and 𝑑 is selected as part of the route
from starting location 𝑂 . Here, 𝑔 denotes the set of starting points,
𝑒 denotes the set of waypoints, 𝑕𝑎 denotes the distance capacity
from the starting point 𝑂 , and 𝑌𝑇 𝑍 is the distance between waypoints
𝑏 and 𝑑 . Constraint (11) ensures that each waypoint is visited at most
once. Constraint (12) ensures that each drone returns to its depot.
Constraint (13) ensures that the drone travels within its distance
capacity from the starting point 𝑂 .

2.2 Reinforcement Learning Method
The objective of the RL model is to learn the state–action value
function, de"ned as:

𝑖(𝑗) = ↑max
𝑄

𝑕
(
𝑘 (𝑙), 𝑈

)
(14)

where 𝑖(𝑗) is the heuristic function for the A*, andmax𝑄 𝑕
(
𝑘 (𝑙), 𝑈

)
is the maximal Q-value for the current state 𝑘 (𝑙). The action 𝑈
de"nes the UAV’s movement direction (±𝐿,±𝑀,±𝑚). The state 𝑘
contains all information the drone uses to make decisions, such as
its current and target positions in 3D space, as follows:

𝑘 = [𝐿𝑇
𝑛
,
𝑀𝑇
𝑛
,
𝑚𝑇
𝑛
,
𝐿𝑁
𝑛
,
𝑀𝑁
𝑛
,
𝑚𝑁
𝑛
, 𝑜1, ..., 𝑜12] (15)

This 18-dimensional vector is observed at each time step, where
(𝐿𝑇 ,𝑀𝑇 , 𝑚𝑇 ) denotes the current position and (𝐿𝑁,𝑀𝑁, 𝑚𝑁) denotes the
goal position. Both are normalized by the grid dimension 𝑛 . The
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remaining 12 components, 𝑜 𝑍 , represent ray distances in six axis-
aligned directions (±𝐿,±𝑀,±𝑚) and six diagonal directions. These
ray distances provide the drone with multi-directional awareness
of nearby obstacles, enabling it to learn complex behaviors such
as navigating narrow corridors or avoiding dead ends. Although
Eqn. (14) limits the drone to six discrete actions, the inclusion of
diagonal rays provides foresight, allowing the drone to detect and
avoid obstacles around corners. For example, if there is an obstacle
or a dead end along the path from +𝐿 to +𝑀, the model assigns a
lower 𝑕 value to the +𝐿 + 𝑀 direction, thus discouraging travel in
that direction.

To guide learning, we de"ned the step reward as follows:

𝑝𝑂 = 𝑞 ω𝑌𝑂 + 𝑝step𝑅step

+ 𝑝goal 1{Reach} + 𝑝coll 1{Collision}, (16)

with the progress term:

ω𝑌𝑂 =
𝑌 (𝑍𝑂 ,𝑃) ↑ 𝑌 (𝑍𝑂+1,𝑃)

𝑔
. (17)

𝑝𝑂 is the immediate reward at time 𝑊 , 𝑞 is the weight of the
progress term; The indicator functions 1{Reach} and 1{Collision}
take the value of 1 when the event occurs, and take the value of
0 otherwise. 𝑝goal, 𝑝step, and 𝑝coll is the di%erent behavior reward;
Table 2 lists the reward setting and description used in this study;
𝑍𝑂 and 𝑍𝑂+1 are the agent’s positions before and after the action, and
𝑃 is the goal. The function 𝑌 (𝑍,𝑃) denotes the distance metric. The
normalization constant 𝑔 is set to the diagonal of the space such
that ω𝑌𝑂 ⇐ [↑1, 1], where positive values indicate a travel towards
the target.

Table 2: Parameters for the reward function

Parameter Value Description

𝑝𝑁𝑈𝑄𝑉 50 Terminal bonus for reaching
the target destination

𝑝𝑀𝑈𝑉𝑉 -5.0 A penalty for moving into
an obstacle or out of bounds

𝑝𝑅𝑂𝑏𝑐 -0.01 Per-step cost to encourage e#ciency

To address this issue, the learning algorithm is enhanced with
Hindsight Experience Replay (HER) [3].Whenever a training episode
fails to reach the desired goal, HER retroactively relabels the tra-
jectory by treating the actual "nal state reached as the goal. This
strategy of rede"ning “failures” as virtual successes generates a
dense and informative training signal and signi"cantly reduces the
number of episodes required to learn an e%ective policy.

After training, the learned Q-function 𝑕
(
𝑘 (𝑙),𝑈

)
serves as the

primary output of the model. First, it can be directly deployed as
a greedy navigation policy, where the agent chooses the action
with the highest Q-value at each step. More importantly, in the
eFlight framework, the Q-function acts as a learned heuristic for A*
search. By prioritizing actions with higher Q-values during node
expansion, it focuses the search on energy-e#cient paths while
signi"cantly reducing computational overhead.

eFlight searches for the lowest-energy cost path by evaluating
each node 𝑙 with

𝑎𝑏𝑑𝑉𝑇𝑁𝑃𝑂 (𝑙) = 𝑃(𝑙) + 𝑖(𝑙)
=min𝑎𝑂𝑈𝑂𝑄𝑉 + ↑max

𝑄
𝑕
(
𝑘 (𝑙), 𝑈

)
(18)

The path cost 𝑃(𝑙) is the accumulated !ight energy from the start
to the current position 𝑙, which is the sum of the hovering, aero-
dynamic drag, and acceleration energy terms. The heuristic 𝑖(𝑙)
is based on reinforcement learning. We use the negative of the
state–action value 𝑘 (𝑙) as an estimate of the action and energy
amount.

The search begins by inserting the start node into a set, OpenSet,
with 𝑃 = 0 and another empty set, ClosedSet. Iteratively, the algo-
rithm selects the node from the OpenSet with the lowest 𝑟 -value,
moves it to the ClosedSet, and evaluates its neighbors. For each
neighbor, it calculates the tentative cumulative cost from the start;
if this path is more e#cient than any previously recorded one, the
algorithm updates that neighbor’s 𝑃 and 𝑟 scores and sets its prede-
cessor to the current node. Any newly discovered neighbor is added
to the OpenSet for future consideration. This process continues
until the destination node is selected, at which point the optimal
path is reconstructed by following the chain of predecessors back to
the start. If the OpenSet becomes empty before the goal is reached,
the algorithm concludes that there is no valid path.

3 Experimental Results
We implemented eFlight in Python and tested it under four 3D test
environments with dimensions 50x50x10 m3 and 200x200x10 m3

with 30% and 50% obstacle densities, respectively, through simula-
tions. Obstacle heights were randomly set using a uniform distribu-
tion in the range of 3 to 8 meters.

We compared eFlight against three baselines: the direct, rise and
traverse, and A* schemes. The direct method assumes that the drone
!ies in a straight line from the starting point to the target, ignoring
all obstacles. It serves as the theoretical lower bound for energy
consumption. The rise and traverse method "rst guides the drone to
ascend vertically above the obstacle "eld, followed by a horizontal
A* search at that safe altitude. The A* approach is the classical A*
implementation that "nds the shortest-length path through a 3D
grid.

For each environment, we tested 1,000 trials. The starting and
ending points of each trial were randomized to ensure a compre-
hensive evaluation across a variety of path-"nding scenarios. The
results are shown in Figure 3, organized into a 4x3 grid, where each
row corresponds to one of the four environments and each column
presents a di%erent analysis. In Figures 3(a), (d), (g), and (j), we
compare each method to the direct scheme baseline (i.e., 𝑀 = 𝐿),
which represents the minimum energy path when using the same
start and end points. A* performs comparably to the baseline algo-
rithm in small and sparse areas. The rise and traverse scheme also
reduces the number of detours. However, as map size and obstacle
density increase, eFlight’s learned heuristic performs closest to the
straight-line energy lower bound, and its advantage becomes more
pronounced in denser environments.

Figures 3 (b), (e), (h), and (k) show the relationship between
mean energy (+/- one standard deviation) and path length. While
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 3: Comparative performance of UAV path-planning methods. Each row is a unique environment, from top to bottom:
50x50x10 m3 with 30% obstacle density, 50x50x10 m3 with 50% obstacle density, 200x200x10 m3 with 30% obstacle density, and
200x200x10 m3 with 50% obstacle density.
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Table 3: Benchmark of path-#nding methods under 200x200x10 m3 with 50% obstacle density environment

Method OPT (%)) Time Reduction (%) Node Reduction (%) Energy Reduction (%)
A* 2.4% 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0

Rise Traverse 8.1% 29.1 ± 40.0 35.4 ± 44.3 -0.62 ± 10.72
eFlight 89.5 % 90.6 ± 26.6 68.2 ± 45.6 7.13± 9.96

the compared methods scale mostly linearly with distance, eFlight
consistently achieves the lowest mean energy and with the smallest
errors, indicating more stable and predictable performance across
a variety of distances and obstacle con"gurations. Figures 3 (c),
(f), (i), and (l) display box plots of energy distributions. eFlight
exhibits the lowest median energy, smallest inter-quartile range,
and fewest extreme outliers, con"rming it as the most robust and
energy-e#cient choice for UAV missions in both small and large,
sparse and cluttered environments.

In addition to its exceptional energy e#ciency, eFlight also o%ers
a key advantage in computational performance. The conventional
A* method is often too slow for dynamic applications, as its exhaus-
tive graph search evaluates a large number of nodes. To evaluate
these, we use the A* as the baseline, with the following three evalu-
ation metrics:

• OPT (Optimality / Minimum-Energy Rate): The proportion
of methods that achieve the minimum total energy among
all methods

• Time Reduction: The average time reduction relative to A*,
which is expressed as mean ± standard deviation

• Node Reduction: The average reduction in node expansion
times relative to A* is reported as mean ± standard deviation.

• Energy Reduction: The energy reduction relative to the A*
is reported as mean ± standard deviation.

Table 3 lists the results. Using the A* as the baseline, eFlight has
the best performance. It attains the highest OPT and achieves the
largest average reductions in both runtime and node expansions.
Rise Traverse o%ers modest improvements but with substantial
variability across cases. Overall, eFlight is the preferred choice
for energy-optimal path "nding, combining near-optimal energy
performance with signi"cant e#ciency gains and rapid solution
times, making it suitable for deployment in resource-constrained
embedded systems.

4 Conclusion
In this paper, we propose eFlight, a hybrid algorithm for energy-
e#cient drone path planning. It is integrated with a trained rein-
forcement learning heuristic that uses A* search to achieve low-
energy path "nding and reduce computation time compared to
conventional path-"nding algorithms. We compare eFlight against
three baselines; the A*, the Rise and Traverse, and a direct path
algorithms, across varying size areas and for various obstacle den-
sities. The results show that eFlight not only "nds energy-e#cient
paths more reliably than other obstacle-aware methods, but also
computes them faster. In the most complex environment, eFlight
returns the lowest-energy path in 89.5% of the trials. Relative to the
baseline algorithm, eFlight achieves 90.6 ± 26.6% reduction in com-
putation time, 68.2 ± 45.6% reduction in node expansion, and 7.13%

± 9.96% energy reduction (mean ± standard deviation), highlighting
its promise for real-time, resource-constrained UAV deployment.
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