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Abstract—Battery-powered multirotor unmanned aerial vehi-
cles (UAVs) can rapidly map unknown environments, but mission
performance is often limited by energy rather than geometry
alone. Standard exploration policies that optimise for coverage
or time can therefore waste energy through manoeuvre-heavy
trajectories. In this paper, we address energy-aware autonomous
3D exploration for multirotor UAVs in initially unknown envi-
ronments. We propose Energy-Aware Autonomous Exploration
(EAAE), a modular frontier-based framework that makes energy
an explicit decision variable during frontier selection. EAAE
clusters frontiers into view-consistent regions, plans dynamically
feasible candidate trajectories to the most informative clusters,
and predicts their execution energy using an offline power
estimation loop. The next target is then selected by minimising
predicted trajectory energy while preserving exploration progress
through a dual-layer planning architecture for safe execution. We
evaluate EAAE in a full exploration pipeline with a rotor-speed-
based power model across simulated 3D environments of in-
creasing complexity. Compared to representative distance-based
and information gain-based frontier baselines, EAAE consistently
reduces total energy consumption while maintaining competitive
exploration time and comparable map quality, providing a
practical drop-in energy-aware layer for frontier exploration.

Index Terms—UAV exploration, energy-aware planning,
frontier-based exploration, autonomous mapping, quadrotor

I. INTRODUCTION

Autonomous exploration is a key capability for unmanned
aerial vehicles (UAVs) operating in unknown or partially
known environments. It is central to applications such as
search and rescue, infrastructure inspection, and remote
surveillance, where manual teleoperation is inefficient, cog-
nitively demanding, or unsafe [1]-[3]. In these settings, small
multirotor UAVs offer high mobility and access, but their
operation is fundamentally constrained by limited onboard
battery capacity. Consequently, exploration systems should
not only maximise environment coverage or reduce mission
duration, but also use the available energy efficiently.

In this paper, we address the problem of energy-aware
autonomous exploration for multirotor UAVs in unknown 3D
environments. Standard exploration pipelines typically pri-
oritise the next target based on geometric heuristics like
nearest-frontier proximity [4] or utility-based ranking based on
predicted map gain and path cost [5], [6]. While these criteria
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Fig. 1. We introduce EAAE, an energy-aware decision layer for frontier-based
exploration using UAVs. By integrating trajectory-level energy prediction into
frontier selection, EAAE enables more energy-efficient exploration. Here,
EAAE selects an energy-optimal frontier (blue) instead of the geometrically
closest one (grey) under the same field of view (FoV) constraints.

support efficient environment coverage, they do not explicitly
model the energy cost of the resulting flight trajectory. This
is a critical limitation for multirotor platforms, whose energy
consumption depends not only on the distance travelled, but
also on maneuvering behavior, accelerations, heading changes,
and altitude transitions [7]. As a result, trajectories with similar
geometric length may induce substantially different energy
expenditures, which directly affects achievable exploration
progress under endurance constraints as illustrated in Fig. 1.

To address this, a common strategy is to augment frontier-
based exploration with execution-aware criteria. Recent meth-
ods employ a hierarchical planning framework to reach se-
lected geometric frontiers [8]-[10], yet they typically treat
energy only indirectly through time or distance proxies. In
contrast, our approach explicitly estimates the expected energy
expenditure of candidate trajectories prior to selection.

The main contribution of this paper is Energy-Aware Au-
tonomous Exploration (EAAE), a modular frontier-based ex-
ploration framework that integrates trajectory-level energy
prediction directly into UAV frontier selection for autonomous
3D exploration. Rather than redesigning the exploration stack,
EAAE introduces energy awareness as an explicit decision
layer on top of established mapping, frontier extraction, clus-
tering, and trajectory-planning components. This makes the
approach practically relevant and easy to integrate into ex-
isting frontier-based systems, while enabling principled target
selection based on predicted execution cost. We implement
EAAE in a complete exploration pipeline and evaluate it in
simulated environments against representative baselines that
do not account for energy efficiency during decision-making.



This paper makes two contributions:

1) We propose EAAE, an energy-aware frontier exploration
framework for unknown 3D environments that selects
among frontier clusters using trajectory-level energy
prediction for multirotor UAVs.

2) We evaluate a planning architecture leveraging EAAE
that couples global kinodynamic trajectory generation
with local reactive planning for safe execution, demon-
strating improved energy efficiency over standard non-
energy-aware baselines.

II. RELATED WORK

Exploration is a core capability of autonomous unmanned
aerial vehicles (UAVs). It refers to the process of uncovering
unknown space in an initially unknown environment by repeat-
edly selecting informative targets and navigating to them while
updating a map. While most existing methods prioritise time,
distance, or information gain, they often neglect the actual
energy cost of the flight dynamics. This section reviews current
exploration frameworks and highlights the need for energy-
aware target selection to improve operational efficiency.

Frontier-based exploration. Frontier exploration was for-
malised by Yamauchi [4] and remains a dominant strategy
for unknown-map exploration due to its simplicity and strong
coverage performance [5]. The key concept is to target fron-
tiers, defined as the boundaries between known free space and
unmapped regions. Many frontier methods use greedy next-
target selection based on geometric heuristics such as distance,
frontier size, or simple turning penalties [11], [12]. Several ex-
tensions improve practical performance: velocity-aware fron-
tier selection to enable faster flight [13], hierarchical frontier
structures and incremental replanning (FUEL) [8], and adap-
tive global sequencing and yaw strategies to reduce back-and-
forth behaviour (FAEP) [9]. Non-greedy formulations based on
route optimisation have also been explored [14]. While these
methods substantially improve exploration efficiency, their
target-ranking criteria typically remain geometric (or time-
proxy) and therefore do not explicitly account for trajectory-
dependent energy expenditure that can vary significantly even
for similar path lengths on multirotor platforms [7].

Sampling, NBYV, and hybrid exploration. Next-best-view
(NBV) methods optimise viewpoint quality, such as infor-
mation gain, while being subject to a travel cost term, e.g.
trajectory time or distance [6], [15], [16]. While advantageous
in cluttered environments where visibility is critical, NBV can
become computationally intensive in large-scale maps [17].
Hybrid approaches attempt to balance this by combining
frontier-based global coverage with local sampling [18]. De-
spite these sophisticated selection strategies, the underlying
cost functions typically assume a constant power-to-speed
relationship. They consequently fail to account for the high-
power transients associated with the aggressive accelerations
and frequent heading changes inherent to multirotor flight in
complex 3D spaces [7].

Energy-aware exploration. While energy-aware planning
for UAVs is a rapidly emerging field, it remains less es-

tablished than coverage- or information-driven strategies.
Prior work has introduced empirical phase-based cost mod-
els [19], distance-penalty approximations [20], [21], and
speed-efficiency insights [13], [22]. These efforts demonstrate
that energy consumption cannot be reliably inferred from
geometric distance alone [7]. However, in exploration settings,
explicit target selection based on the predicted energy of
full candidate trajectories while maintaining online reactiv-
ity remains a significant challenge. Our proposed approach,
EAAE, addresses this gap by integrating trajectory-level en-
ergy prediction directly into the frontier selection loop, en-
abling energy-aware decisions without requiring a redesign
of the underlying exploration stack. This allows the UAV to
trade off information gain against the high power costs of 3D
maneuvers, thereby extending mission endurance in energy-
constrained exploration scenarios.

III. OUR APPROACH

We propose Energy-Aware Autonomous Exploration
(EAAE), a modular extension to frontier-based exploration
that makes energy an explicit decision variable during target
selection for multirotor UAVs in unknown 3D environments.
Fig. 2 shows an overview of our approach. EAAE follows
an iterative loop: (i) we update an octomap-based occupancy
representation from onboard depth sensing, (ii) we extract
and cluster frontiers into view-consistent candidate regions,
(iii)) we generate dynamically feasible global trajectories to
a reduced set of high-utility candidates, (iv) we estimate
the energy required to execute each candidate trajectory via
offline power evaluation, and (v) we execute the selected goal
using a local reactive planner for safety.

A key design choice is to separate decision-time energy
reasoning from execution-time reactivity. Rather than ap-
proximating energy using distance or time, EAAE predicts
the trajectory-level execution cost for each candidate using
an offline simulation loop, and selects the next goal by
minimising predicted energy among feasible high-information
candidates. At runtime, the UAV executes the selected goal
with a dual-layer planning architecture: a global kinodynamic
planner provides dynamically feasible candidate trajectories
for evaluation, while a local reactive planner handles obstacle
avoidance and map changes during flight. The remainder of
this section details the different components of our pipeline.

A. UAV Perception and Environment Mapping

We maintain a probabilistic 3D occupancy map of the
environment using an OctoMap-style voxel grid [23]. The
workspace is discretised into cubic voxels of resolution 7,
which sets the trade-off between geometric detail and mem-
ory/computation. The UAV observes the scene with a forward-
facing depth camera, producing point clouds that are integrated
online to update voxel occupancy probabilities. Each voxel is
classified as free, occupied, or unknown, yielding the partition:

V;olal = ‘/free u %ccupied U %nknown- (1)



Perception and Mapping

Exploration Algorithm (Main Contribution)

Point Cloud Occupancy Map

Frontier detection
and clustering

Energy-aware
module

Final target
selection

£

Candiates

Energy consumption Goal Waypoint

UAV

Control and simulation e
Planning module

Global Planner &
Energy Estimator

Reactive
local planner

|
|
Agiros pilot : |
|
|

Final trajectory

Fig. 2. We introduce EAAE, a frontier-based exploration framework that enables energy-aware goal selection by predicting the energy of candidate trajectories.
Our pipeline fuses UAV depth data into an OctoMap (Sec. 1II-A), clusters frontiers into goals (Sec. III-B), estimates energy offline (Sec. III-C), and executes
the chosen goal with reactive local planning (Sec. III-D). By integrating energy awareness into planning, EAAE favours informative frontiers that are cheaper

to reach.

During exploration, Vinknown monotonically decreases. This
representation supports efficient spatial queries for both motion
planning and frontier extraction, and it provides a consis-
tent basis for tracking exploration progress. We consider
exploration complete when the remaining unknown volume
is limited to residual regions that are not observable due to
sensor visibility constraints, e.g. occlusions.

B. Frontier Detection and Clustering

Based on the Octomap, a frontier voxel f € F is defined
as a free voxel that has at least one neighboring unknown
voxel [4]. Frontier voxels are therefore reachable through
known free space while bordering unexplored regions, making
them natural candidates for informative exploration goals. In
EAAE, we iterate over map voxels and use OctoMap utilities
to test whether a voxel is free and whether at least one of its
neighbours is unknown. Voxels satisfying both conditions are
added to the frontier set.

At practical map resolutions, the complete frontier set
can become large, making direct evaluation of all frontier
voxels computationally inefficient. To reduce the number of
candidate exploration targets while preserving the information
content of the frontier structure, EAAE applies divisive k-
means clustering to the detected frontier set. Unlike standard
k-means, this top-down clustering strategy avoids specifying
the final number of clusters a priori, which is advantageous
in exploration problems where the environment size and the
number of frontiers are unknown. Starting from the full
frontier set, the method recursively splits each set into two sub-
clusters based on Euclidean distance until all clusters satisfy
a maximum size requirement.

We define this stopping criterion through a field of view
(FoV) constraint:

F or
P < tan (OVQh) e, ®)

where 7.« denotes the maximum Euclidean distance between
any frontier point and the centroid of its cluster, FoVy, is
the horizontal FoV of the depth camera, and d,,x is the
maximum camera sensing range. This constraint ensures that
the full spatial extent of a cluster can be observed from
a single viewpoint, which reduces redundant repositioning

and supports efficient sensing. The corresponding geometric
interpretation is illustrated in Fig. 3.
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Fig. 3. Divisive k-means cutoff geometry used to enforce view-consistent
frontier clusters.

The clustering procedure has two practical benefits. First,
the divisive strategy removes the need to predefine the number
of clusters. Second, it reduces the number of candidate way-
points while retaining exploration-relevant information, since
the representation preserves both the cluster centroid and the
cluster size, i.e. number of frontier voxels in the cluster.

After clustering, we filter candidate clusters for feasibility.
Specifically, we check reachability around each cluster cen-
troid by examining neighbouring voxels and rejecting can-
didates whose surrounding space contains known occupied
voxels. This avoids selecting goals that are infeasible or
likely to produce collision-prone trajectories. To support the
subsequent global planning module, we then sample multiple
candidate viewpoints around each feasible cluster centroid and
retain only those located in free space. For every sampled
viewpoint, we compute a target yaw angle such that the UAV is
oriented toward the corresponding cluster centroid. As a result,
when the UAV reaches the selected viewpoint, its onboard
sensor is aligned to observe the associated frontier region.

Because each remaining candidate requires trajectory gen-
eration for subsequent energy evaluation, we perform an
additional candidate reduction step to limit the computational
burden of the global planner. We approximate the exploration
utility of each cluster by its information gain:

IG(c;) = COUNT(f € ¢;), 3)



TABLE I
ENERGY-ESTIMATION STRATEGY COMPARISON RELATIVE TO THE PROPOSED OFFLINE EXECUTION APPROACH IN EAAE.

Method | Advantages

Disadvantages

Empirical flight-state-

based estimation [19] dynamically feasible trajectory

Fast; simple to implement; does not require a full

Requires empirical data and trajectory segmenta-
tion; platform-dependent; limited accuracy

Velocity-based estima-

tion [13] generalizable than empirical fitting

Relatively lightweight; easy to implement; more

Uses indirect assumptions on achievable flight
speed; less suitable in cluttered environments
where velocity profiles are constrained by obstacles

Distance-based estima-
tion [20]

Very simple; low computational cost; broadly applicable

Ignores UAV dynamics; assumes energy scales
mainly with path length; cannot distinguish aggres-
sive from smooth maneuvers

Offline execution (this
work)

Evaluates actual planned trajectory; accounts for UAV
dynamics and controller response; avoids approximation

Higher computational cost; requires offline trajec-
tory generation for all candidates

where COUNT(f € ¢;) is the number of frontier voxels con-
tained in frontier cluster c;. This simple proxy favours larger
frontier regions expected to reveal more unknown space, while
discarding smaller clusters with limited exploration value.
Finally, only feasible clusters with the highest information gain
are forwarded to the energy-aware planning stage.

The overall process of map construction, frontier extraction,
and frontier clustering is illustrated in Fig. 4. The first image
shows the OctoMap-based 3D occupancy representation, while
the second image visualises the detected frontier voxels and
the resulting frontier clusters.

Fig. 4. Frontier extraction and clustering from the map representation. Left:
OctoMap occupancy visualisation. Right: frontier detection and clustering,
where yellow voxels denote frontier voxels and pink points denote frontier
cluster centroids.

C. Energy-awareness Module

After frontier candidates have been detected, clustered, and
filtered, the exploration cycle enters the energy-awareness
stage. EAAE adopts a two-layer planning architecture con-
sisting of a global planner and a local planner. The global
planner is used to generate full candidate trajectories for
target evaluation, while the local planner is used during
execution for reactive collision avoidance. Specifically, the
global planner employs risk-aware kino-dynamic planning to
compute dynamically feasible trajectories toward candidate
frontier clusters [24], whereas the local planner uses EGO-
planner to adapt online to local obstacles and environmental
changes during flight [25].

For each remaining candidate cluster, a global trajectory is
generated using the offline planner, which computes a com-
plete trajectory from the current UAV state to the candidate
target before execution. The resulting candidate trajectories are
then evaluated using the Agilicious framework [26] to estimate
the energy required to reach each candidate.

Offline planning differs from online planning in that the
full trajectory is computed prior to execution, without feed-
back or replanning during flight. In contrast, online planning
generates motion incrementally based on sensor measurements
and environmental changes, as done by the local reactive
planner in EAAE. The key advantage of offline planning in
the present context is that it enables trajectory-level reasoning
before execution. Since the full state and input evolution are
available, candidate trajectories can be compared not only
geometrically but also in terms of their expected energy
demand. As discussed by Shiller [27], offline planners can
explicitly account for system dynamics and actuator limits
through numerical optimisation, making them well suited for
evaluating dynamically feasible motion plans.

To motivate this design choice, Tab. I compares our pro-
posed offline execution strategy with common alternatives
for energy-aware UAV planning. Existing methods typically
estimate energy indirectly, e.g. from empirical flight states,
velocity-related metrics, or geometric distance. While com-
putationally efficient, these approaches rely on simplified as-
sumptions that may not hold in cluttered exploration scenarios.

The comparison highlights the trade-off between computa-
tional efficiency and estimation fidelity. Empirical flight-state-
based methods [19] are simple and fast, but their dependence
on platform-specific data reduces transferability and limits
accuracy. Velocity-based methods [13] provide a lightweight
alternative, yet they assume that energy can be inferred from
favourable speed profiles, which may not hold when the
UAV must manoeuvre in constrained spaces. Distance-based
methods [20] are even simpler, but they reduce the problem
to a purely geometric one and fail to capture the effects of
acceleration, deceleration, and turning. For this reason, we
adopt offline trajectory execution for energy estimation. Rather
than relying on a proxy metric, we evaluate the candidate tra-
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Fig. 5. Frontier exploration cycle in EAAE. We: (a) detect frontier voxels from the occupancy map, (b) cluster frontiers via divisive k-means into view-
consistent regions, (c) filter clusters for feasibility, (d) sample collision-free viewpoints with yaw aligned toward each cluster, and (e) generate candidate global

trajectories for offline energy evaluation.

jectory produced by the planner, making the estimate sensitive
to the full motion profile. The offline trajectory generation is
visualised in Fig. 5.

After generating candidate trajectories, we pass them to
the energy estimation module. Each trajectory is executed
offline in the Agisim physics simulator of the Agilicious
framework [26]. At each setpoint along the trajectory, the
geometric controller computes the control command, which
is applied at fixed time steps to propagate the UAV state. We
record rotor speeds during execution and use them to compute
instantaneous power and total trajectory energy.

The total predicted energy consumption is computed as:

Ezi/a(t)dt,

where n is the number of rotors and P;(t) is the instantaneous
power of rotor ¢. Following [7], we model rotor power as:

Pi(t) =6.088 x 107 3w;(t) + 1.875 x 10~ 8w ()
+ 7.700 x 10720w8 (1),

“4)

®)

with w;(¢) the angular velocity of rotor 7. This yields a
physically grounded estimate of the true execution cost for
each candidate without requiring real-world trial flights.
Finally, we select the next exploration goal by combining
the frontier and energy-awareness stages. We first retain only
feasible candidates among the high-information frontier clus-
ters. Among these, we select the candidate with minimum
predicted energy as the next goal. In this way, EAAE favours
frontier regions that are both informative and energy-efficient
to reach. During execution, the local planner then tracks
the selected global plan while reacting to local obstacles
and environmental changes. This separation enables energy-
informed target selection together with robust online adapta-
tion, although it may introduce some mismatch between the
estimated offline trajectory and the ultimately executed motion.

IV. EXPERIMENTAL RESULTS

To evaluate the impact of trajectory-level energy-aware
frontier selection, we implement EAAE in a full exploration
pipeline and benchmark it against representative frontier base-
lines that do not model energy during decision-making. We
design experiments to directly test our core claims: (i) EAAE

reduces total mission energy by selecting informative frontiers
that require less energy to execute, and (ii) this energy expense
does not come at the expense of exploration performance. In
addition, we report module-level runtime to quantify the com-
putational overhead introduced by offline energy evaluation
within the exploration loop.

A. Experimental Setup

We conduct our experiments in ROS Noetic with the Gazebo
simulator and Agilicious [26]. Two environments are used:
Simple (20mx20mx2.5m) and Pillars (22 mx22mx2.5m),
shown in Fig. 6. The UAV is equipped with a forward-
facing depth sensor and and we build an online OctoMap
with fixed resolution for frontier extraction and clustering.The
main platform, sensing, mapping, and simulation parameters
are summarised in Tab. IL

(b) Pillars

(a) Simple

Fig. 6. Simulation environments used for evaluation, visualised top-down:
(a) Simple, an open room, and (b) Pillars, a cluttered room with obstacles.

TABLE I
MAIN SIMULATION PARAMETERS.

Value

4/0.752kg
5.0m/s, 4.0m/s?
0.5—5.0m/ 1.0rad

Parameter

Rotor count / mass
Max velocity / acceleration
Depth range / horizontal FoV

Depth frame rate 30Hz
Octomap resolution 0.1m
Control frequency 300 Hz
Energy integration step 0.02s

Hardware Intel i7-13700H, 16 GB RAM
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Fig. 7. Total exploration energy over five runs per method. EAAE achieves
the lowest median energy in both environments, demonstrating the benefit of
trajectory-level energy-aware frontier selection.

For benchmarking, we compare EAAE against represen-
tative frontier-selection strategies while keeping the rest of
the exploration pipeline identical. All methods share the same
perception stack, OctoMap, frontier detection and clustering,
viewpoint sampling, global trajectory generation, and local
reactive execution. The only difference lies in the frontier
selection rule, ensuring a fair ablation of the proposed energy-
aware decision layer.

We consider two baselines. (i) Nearest Frontier selects the
candidate whose centroid is closest in Euclidean distance to
the current UAV position, representing the standard greedy
frontier heuristic [4]. (ii) Classic Frontier selects the cluster
with the highest frontier count, favoring large frontier regions
expected to reveal more unknown space. In contrast, EAAE
selects among the same feasible, high-utility candidates using
the minimum predicted execution energy obtained from offline
trajectory evaluation, making the decision explicitly sensitive
to the full motion profile rather than to distance or time alone.

Each method is evaluated with five independent runs per
environment from the initial pose (0,0, 1) m. Our evaluation
metrics include exploration completion time, total mission
energy, map entropy (bits/cell), mean power, and module-level
computation time.

B. Energy Consumption and Power

We first evaluate whether EAAE reduces the energy required
to explore an unknown environment. Fig. 7 shows the total
energy consumption across repeated runs, while Tab. III re-
ports the corresponding average power consumption. Together,
these results indicate not only how much energy each method
consumes overall, but also whether the observed differences
arise from longer flight duration, higher instantaneous power,
or both.

EAAE is the most energy-efficient method in both environ-
ments, consuming 21.2kJ in Simple and 45.0kJ in Pillars,

TABLE III
AVERAGE POWER CONSUMPTION BY METHOD.

Method Simple (W)  Pillars (W)
EAAE (ours) 139.24 133.70
Nearest 167.23 168.36
Classic Frontier 136.33 134.80

demonstrated in Fig. 7. The advantage is particularly pro-
nounced in the more cluttered Pillars scene, where EAAE
reduces total energy by 12.5% relative to Classic Frontier and
by 21.1% relative to Nearest. This supports the hypothesis
that trajectory-level energy-aware target selection becomes in-
creasingly beneficial in environments where obstacle-induced
detours and aggressive maneuvers make simple information
gain- or geometric-based proxies less reliable.

The power measurements help explain the observed time—
energy trade-off, shown in Tab. III. In particular, Nearest often
completes exploration relatively quickly in cluttered scenes,
but does so at substantially higher average power. By con-
trast, EAAE consistently maintains lower power consumption,
especially in Pillars, indicating that its selected trajectories
are less demanding to execute. In Simple, Classic Frontier
achieves slightly lower average power than EAAE, but still
consumes more total energy overall due to its longer comple-
tion time. This suggests that the energy savings of EAAE do
not stem solely from reduced instantaneous power, but from a
combination of lower-cost trajectories and competitive mission
duration.

C. Exploration Rate

We next evaluate whether energy-aware frontier selection
affects exploration efficiency. Fig. 8 reports the explored area
percentage over time for all methods, measuring how quickly
each policy converts unknown space into explored space.

In Simple, EAAE achieves the fastest completion time
(160.0s), outperforming Classic (178.3s) and Nearest
(182.8 s). In Pillars, Nearest completes fastest (321.7s),
while EAAE remains competitive (353.0s) and improves over
Classic (366.6s). Overall, these results show that introducing
trajectory-level energy prediction into the selection loop does
not slow down exploration and can match or exceed proxy-
based baselines in coverage rate.

D. Map Entropy and Computational Efficiency

Finally, we show that introducing energy awareness into
the exploration loop does not degrade map quality. Tab. V
reports map entropy, where lower values indicate higher
mapping certainty. In Simple, Classic Frontier achieves the
lowest entropy (0.719bits/cell), while EAAE remains close
(0.725 bits/cell). In Pillars, EAAE achieves the lowest entropy
(0.754 bits/cell), outperforming both Nearest and Classic Fron-
tier. Overall, EAAE maintains competitive mapping certainty
and can improve map confidence in cluttered environments.

We further quantify the computational overhead of the
proposed energy-aware decision layer. Tab. IV summarises
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TABLE V

PERFORMANCE STATISTICS (MEAN OVER FIVE RUNS).

Scene  Method Explore Time (s) Energy (kJ) Entropy
EAAE (ours) 160.0 21.2 0.725

Simple Nearest 182.8 30.3 0.735
Classic Frontier 178.3 22.2 0.719
EAAE (ours) 353.0 45.0 0.754

Pillars Nearest 321.7 57.0 0.784
Classic Frontier 366.6 51.4 0.767
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Fig. 8. Exploration progress over time. Solid lines show the means over five
runs. The shaded area indicates the 10 range. EAAE maintains competitive
exploration rate while reducing total energy.

the runtime per exploration cycle. Global candidate trajectory
generation dominates runtime, requiring 3331.6 ms in Simple
and 1887.0 ms in Pillars. In contrast, frontier clustering and
offline energy estimation remain lightweight, on the order of
tens of milliseconds. This indicates that the main bottleneck
is generating dynamically feasible trajectories for multiple
candidates, while the additional cost of energy evaluation itself
is comparatively small.

Overall, these findings complement the earlier results on
energy consumption and exploration progress. EAAE achieves
the lowest total energy, remains competitive in exploration
time, and preserves map confidence. The additional overhead
of energy evaluation is modest relative to the candidate
trajectory generation already required for global planning.
This supports the practical feasibility of EAAE and points
to trajectory generation as the main target for future runtime
optimisation.

TABLE IV
AVERAGE COMPUTATION TIME PER EAAE MODULE (MS).

Scene Clustering ~ Trajectory Gen.  Energy Est.
Simple 17.8 3331.6 45.2
Pillars 10.0 1887.0 34.4

V. CONCLUSIONS AND FUTURE WORK

This paper presented Energy-Aware Autonomous Explo-
ration (EAAE), a modular frontier-based framework that
makes energy an explicit decision variable during autonomous
3D exploration with battery-limited multirotor UAVs. Our
approach augments a standard exploration pipeline with a
lightweight decision layer that (i) clusters frontiers into view-
consistent regions, (ii) generates dynamically feasible candi-
date trajectories, and (iii) predicts their execution energy using
an offline power-estimation loop to guide target selection. This
design preserves the practicality of frontier exploration while
directly accounting for the cost of the executed motion. We
implemented EAAE in a complete exploration stack and evalu-
ated it using a rotor-speed-based power model across 3D envi-
ronments of increasing complexity. Results show that EAAE
consistently reduces total energy consumption compared to
representative distance- and information gain-based frontier
baselines, while maintaining competitive exploration time and
comparable map quality. Future work will focus on validating
EAAE in real-world flight experiments, including in larger
and dynamic environments, and extending the framework to
handle wind disturbances, dynamic constraints under payload
changes, and multi-UAV exploration.
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