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Rapid and Hierarchical UAV Exploration via Adaptive Regional
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Xiaolu Zhang, Jiangjian Xiao, and Zhigiang Li

Abstract—UAVs exploring large-scale environments rapidly
and autonomously face significant challenges. Exploration effi-
ciency is mainly limited by two factors: excessive long-distance
back-tracking and frequent low-speed flight. To address the two
issues, we propose a spatially hierarchical exploration method
with fast regional viewpoint generation. The exploration area is
partitioned online into subregions using an hgrid-based spatial
decomposition, and the exploration sequence of these subregions
is determined by solving a non-closed traveling salesman prob-
lem. Within each subregion, viewpoints are selected by optimizing
a global frontier-related loss, yielding a set of globally consistent
targets. This hierarchical partitioning and global path opti-
mization reduce back-tracking distance. Meanwhile, the chosen
viewpoints encourage smaller turns, facilitate obstacle avoidance,
and improve coverage, which further decreases low-velocity
motion and unnecessary revisits. In addition, we introduce a
velocity-loss constraint to refine local trajectories and promote
high-speed flight. We validate the proposed approach in both
simulation and real-world experiments, where it consistently
improves exploration efficiency over several state-of-the-art meth-
ods, especially in large-scale environments.

Index Terms—Aerial Systems: Applications; Aerial Systems:
Perception and Autonomy; Field Robots.

[. INTRODUCTION

HE autonomous exploration of unmanned aerial vehicles
(UAVs) is crucial for various applications, including
inspection [1], 3D reconstruction [2], search [3], and res-
cue [4]. UAVs are capable of autonomously navigating and
mapping unfamiliar environments, even in the presence of
electromagnetic interference, without communication signals
or posing risks to humans. Therefore, it is critical to create
an effective and safe path planning algorithm to enable swift
exploration in these environments.
Various exploration algorithms [5], [6] have been developed
to tackle the task of autonomous exploration. Sampling-based
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Fig. 1. (a) The quadrotor platform for exploration. (b) Visualized point cloud
generated during exploration.

methods [7] choose the viewpoint that offers the greatest
information gain as the next point for exploration, whereas
frontier-based methods [8] focus on frontiers that reduce
traversal costs. However, many of these sampling and frontier-
based techniques tend to get stuck in local optima and display
greedy tendencies, leading to UAVs needing to backtrack.
In large-scale environments, long-distance back-trackings can
significantly hinder exploration efficiency.

Although certain strategies [9], [10] utilize global optimiza-
tion to minimize direction changes and address the back-
tracking issue, they typically face high computational expenses
and infrequent updates. This results in reduced flight-velocity
and inconsistent motion planning. As a result, UAVs often
operate at slower velocity, which adversely affects exploration
efficiency, particularly in large-scale environments.

To tackle the issues of back-tracking and low velocity,
we propose a spatial hierarchical exploration method, which
optimizes the generation of regional viewpoints. This approach
consists of three main steps: 1) Global planning: The explo-
ration space is divided into several subregions using an online
hgrid spatial decomposition, and the sequence for exploring
these subregions is organized based on a non-closed traveling
salesman problem with boundary constraints. This step aims
to globally optimize the exploration route, minimizing UAV
back-tracking and enhancing exploration efficiency. 2) Rapid
regional viewpoint generation: Initially, numerous high-quality
candidate viewpoints are quickly created by locating safe
spaces near the exploration frontier within each subregion.
The optimal viewpoints are then chosen from these candidates
using a global loss function that maximizes both coverage
and the UAV’s velocity at the frontiers. 3) Local trajectory
optimization: The trajectories are further refined by applying
a velocity loss constrain to enable high-velocity flight.
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The proposed method has been validated through simula-
tions and real-world experiments. The experimental results in-
dicate that it surpasses some current leading methods regarding
flight velocity and exploration duration. Additionally, it also
demonstrates resilience of our method in dynamic and intricate
environments, highlighting its efficiency in various situations.

The primary contributions are summarized as follows:

o We introduce RUSH, a swift UAV exploration method
designed for large-scale environments. It utilizes global
optimization to avoid local optima and greedy.

e We design a regional viewpoint generation strategy,
which fully utilizes the information of boundaries, the
sensor coverage and the obstacle location to generate
optimal viewpoints.

o We employ a velocity loss constrain that optimizes local
paths for rapid flight while minimizing computational
demands, thereby improving exploration efficiency.

« The proposed method integrates exploration frontier with
regional partitioning to enable efficient global planning.
It alleviates the long-distance back-tracking and the low-
velocity flight of the UAV.

II. RELATED WORK

The main components of autonomous exploration include
modeling the environment, generating and selecting view-
points, and planning motion. Of these, the generation and
selection of viewpoints serve as the most straightforward mea-
sure of exploration autonomy [11], significantly impacting the
overall efficiency of the exploration process. If the capabilities
for generating and selecting viewpoints are lacking, quadrotor
UAVs might end up revisiting the same areas during their
exploration.

Frontier-based approaches [8] generally utilize a greedy
method to choose the closest frontier to the UAV, allowing for
quick access to the frontier. However, this direct use of the
frontier as a viewpoint often overlooks safety issues. To im-
prove UAV’s exploration efficiency, researchers have proposed
to select the frontier areas with safety constraints, which helps
reduce velocity varying and supports sustained high-velocity
flight [12]. Nonetheless, these approaches focus solely on the
frontier’s location and fail to consider a broader plan, making
it challenging to meet more complex task demands.

Sampling-based viewpoint selection approaches [7] enhance
the adaptability of exploration by integrating different gain
functions into the viewpoint selection process, which enables
more effective exploration. For example, trajectory length has
been included as a component of the gain function [13], and
information gain serves as a metric for assessing exploration
advantages [14]. Nevertheless, these approaches still encounter
spatial limitations and do not capture the relationships among
multiple viewpoints, leading to considerable trajectory over-
laps during global planning.

To address the aforementioned issues, recent studies have
demonstrated that simple heuristic methods, such as FAEP
[15], which combines boundary baselines [15] and heuristic
viewpoint sampling [16], can significantly improve exploration
performance. Also, some studies have modeled the viewpoint

selection problem as a Traveling Salesman Problem (TSP) to
optimize global paths [8]. They perform well in small-scale
exploration scenarios. However, in larger-scale environments,
it lacks larger-scale constraints, leading to long-distance back-
tracking.

The global planners [9], [10] can significantly improve
exploration efficiency. The overall framework of such meth-
ods includes both local and global planners, which work
synergistically to fully explore the space. The local planner
samples candidate viewpoints from the explored frontiers and
selects the exploration position with the highest information
gain, while the global planner performs global position ex-
pansion and path generation, or trajectory re-planning [13].
For example, a combination of greedy strategies and global
optimization strategies can improve exploration efficiency and
reduce computational time [17]. Compared to frontier-based
methods, these methods require fewer computational resources
and explores unknown space more quickly than sampling-
based methods. However, they have a relatively low planning
update frequency, which leads to slower flight velocity or
inconsistent motion planning.

To address this issue, [18] employ a region decomposition
method to divide the exploration space into some subregions
and use the traversal sequence of these subregions as the
global path, thus solving the problem of high computational
resource consumption during large-area exploration. However,
this method only considers the distance between viewpoints
for obtaining traversal sequence, which may lead to traversing
already explored subregions when switching between sug-
regions. To overcome this, we propose a region-based view-
point selection strategy that utilizes the directionality of the
global path to select the optimal viewpoint in one subregion
closer to the next subregion, thereby enabling UAVs fly at a
constant velocity as high as possible. Additionally, we have
improved the viewpoint generation scheme to rapidly produce
safe and diverse candidate viewpoints, enhancing the quality
of the optimal viewpoints.

III. THE PROPOSED METHOD

This work presents a hierarchical exploration strategy that
presents multi-level planning with a velocity-aware design.
We couple globally optimized subregion ordering with local
viewpoint planning and introduce a novel sampling method
that accounts for velocity. To further enhance performance,
a velocity-aware loss function is proposed, which further
integrates velocity, acceleration, and jerk constraints to make
fast and feasible flight. The whole system configuration and
pipeline is illustrated in Fig. 2. Our work can be divided into
three units, including hierarchical exploration strategy, optimal
viewpoint generation, and flight velocity optimization. In the
hierarchical exploration, we divide the entire exploration space
into some subregions by an online hgrid spatial decomposition,
and determine the optimal traversal order between these subre-
gions by solving a non-closed traveling salesman problem. In
the optimal viewpoint generation, the optimal viewpoints with
maximum coverage and suitable for fast fight are selected from
candidate viewpoints by a global loss function. In the flight
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Fig. 2. The framework consists of three main components: hierarchical exploration strategy, optimal viewpoint generation, and flight velocity optimization.
The system begins by decomposing the space into subregions using an online hgrid method and determining their traversal order via a non-closed traveling
salesman formulation. Next, optimal viewpoints are selected based on global coverage and velocity-aware criteria. Finally, a velocity-aware loss function is
introduced to produce fast and feasible trajectories. The entire pipeline is executed and updated continuously until exploration completes.

velocity optimization, a velocity loss constrain is designed
to incorporate velocity, acceleration, and jerk constraints for
enhancing flight velocity.

A. Hierarchical Exploration Strategy

Most existing global guidance methods only visit the fron-
tier areas and overlook unknown areas beyond, resulting in
frequent long-distance back-tracking [19]. To address this
problem, we propose a hierarchical exploration strategy, which
adopts global planning over the entire exploration space for
reducing the frequency of the long-distance back-tracking.
It consists of three steps.Firstly, we use a hierarchical grid-
based decomposition [20] to divide the entire exploration space
into multiple subregions with different resolutions. These
subregions are represented by {A;, As,..., Ax}. Then, we
determine the traversal order of these subregions by solving a
Traveling Salesman Problem (TSP) [21] under the constraints
of reducing back-tracking. Finally, within each subregion, we
employ the FUEL method [8] to perform greedy and rapid
exploration using incremental frontier structures.

1) Subregion Construction and Maintenance: We construct
an iterative decomposition strategy that partitions the envi-
ronment into multiple subregions. Specifically, we propose a
longest-side-first splitting policy: each subregion is recursively
generated by dividing its exploration space along the longest
axis. The division process is constrained by a predefined
decomposition depth of balancing computational efficiency
and memory usage. If a subregion is square, we default to
splitting along the x-axis. Compared to uniform-size partition-
ing [18], it adapts to spatial irregularities, avoids generating
excessively elongated regions, facilitates the construction of
coherent and efficient flight trajectories, and yields a more
balanced structure which simplifies subsequent maintenance
and state tracking.

Each subregion is assigned a unique identifier and organized
within a hierarchical tree structure, which encodes spatial con-
tainment relationships. To further support global path planning

based on the Traveling Salesman Problem (TSP), we maintain
the visiting order of all subregions using a linked list. The
order of nodes in the list corresponds to the planned traversal
sequence, allowing efficient dynamic insertion, deletion, and
reordering operations. This design ensures both consistency
and flexibility in region management.

The system continuously identifies and marks the subregion
currently occupied by the UAV as “active”. Subregions that
have been fully explored are marked as “completed” and
removed from the list, reducing redundant computation and
planning overhead.

2) Subregion Traversal Path Planning: To effectively plan
the traversal paths among subregions, we construct a com-
prehensive cost matrix Cy, that encodes the travel costs
between every pair of subregions. Formally, the cost matrix
Cisp € R™*™ is defined as:

0 Cip2 Cin
0271 0 CQ,n
C(tsp = . . ) : (D
Cn,l Cn,? N 0

where C; ; represent the visit cost between subregion A; and
subregion A;. Note that in non-closed TSP, the path does not
require returning to the starting point, so the diagonal elements
of the matrix are zero. C; ; is defined as:

C' o )\'Cpath(AhAj)"_B'C’uel(AiaAj) le#J
“ 00 ifi=
(2)

where A and [ are weight coefficients for adjustment,
and Cpain(Ai, Aj) and Cye(As, Aj) are the path cost and
velocity-related cost between subregion A; and subregion A;,
respectively. Cpqen(Ai, A;) is defined as:

Cpatn(A;i, A;j) = AstarPathLength(A;, A;) 3)
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which represents the length of the path between two subregion
centers, and is calculated by A* algorithm [22]. C,,; is defined

as:
G(sz Aj)sum
R(Ai, Aj)

where Ogm(Ai, Aj) represent the sum of the absolute
values of all turning angles along the path. The larger the
turning angle, the lower the flight velocity of the UAV is
usually. The curvature radius of a path describes the degree of
its bending, and R(A;, A;) represents the minimum curvature
radius of a path. The smaller the curvature radius, the lower
the flight velocity of the UAV is.

Finally, we employ a Traveling Salesman Problem (TSP) to
determine the ordering of traveling subregions. Specifically,
each subregion A; is associated with an exploration state
variable e; € {0, 1}, indicating whether it still needs to be
visited.

L
€; =
0,

The objective function is to minimize the total path cost,
represented as:

n n
Minimize E E Cij i

i=1 j=1
J#i

s.t. Z zij <e, Vie{l,...,n}
J=1j#1 (6)

n

Z zy; <ej, Vje{l,...,n}
i=1,i#j
Uu; —u; +nri; <n—1,

Vi, i,j€q{2,...,n}

Where x;; € {0,1} represent binary decision variable,
2;; = 1 denotes that the robot travels directly from subregion
A; to Aj, and Cj; is the associated travel cost.We adopt the
Miller-Tucker—Zemlin (MTZ) subtour elimination constraints
[23] to ensure that each subregion is visited once. Specifically,
we introduce integer auxiliary variables u; € [2, n] to represent
the relative position of subregion A; in the visiting.

Cuer(Ai; Aj) = @)

if subregion A; needs to be explored
if subregion A; has been fully explored

B. Fast Viewpoint Generation

The overview of generating viewpoints is briefly described
as follows. First, we construct an active voxel grid map in
the subregion. Each voxel can be in one of three states: free,
occupied, or unknown. We then identify free voxels that are
directly adjacent to unknown voxels (yellow grids in Fig. 3)
as frontier voxels. When a group of connected frontier voxels
exceeds a threshold, we cluster them and define the cluster
region as a frontier C;. Next, a safe sphere is constructed. It’s
diameter is the maximum length of the frontier and there is no
obstacles in the sphere. The candidate viewpoints are sampled
in the sphere by a polar-coordinate Gaussian distribution.
Each candidate viewpoint is quantitatively evaluated along
three dimensions: its frontier coverage including the number
of observable frontier voxels and the estimated amount of
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Fig. 3. This figure shows the process of generating safe spheres. When the
diameter of the sphere is smaller than the sensor’s detection distance and there
are no obstacles in the sphere, it corresponds to the scenario (a). When the
diameter of the sphere exceeds the sensor’s detection distance, it is divided
into two spheres, as shown in (b). When there are obstacles inside the sphere,
it is also divided into two spheres, as shown in (c).

unknown space it can obtain; its spatial relationship to the
current UAV position including both distance and direction;
and its consistency with the UAV’s current yaw orientation.
Finally, a heuristic function is used to select the optimal
viewpoint for each frontier, and only the optimal viewpoint
is used for the trajectory planning. The details are as follows:

1) Safe sphere Construction: Inspired by the bubble-based
exploration strategy [17], we develop a simple yet effective
method for generating safe spheres around frontiers. The
procedure is illustrated in Fig. 3.

Then, we generate a safe sphere around each frontier.
Specifically, the center p. of the sphere is defined as the
geometric center of the axis-aligned bounding box (AABB)
[8] enclosing the frontier. The radius R of the sphere is set
to half of the maximum distance between any two frontier
voxels within the cluster, which can be formulated as:

. . Length(C;)
Ry = min (z_rll’llIl’N llpi — chQ T o

7Ls) (7

If the sphere encounters the following situations, the frontier
needs to be split: 1) the diameter of the sphere exceeds the
sensor’s detection distance Lg, or 2) there are obstacles p; €
R3 in the sphere. The splitting process is as follows: split the
frontier into two frontiers with the same length, and generate
two spheres. This process is repeated until all spheres don’t
meet the conditions 1) and 2). Additionally, stop splitting when
the radius of the sphere is less than 2 meters, even if there are
still obstacles inside. There is no need to split the sphere into
smaller ones, as the UAV can quickly observe both sides of
the obstacles.

2) Candidate Viewpoint Generation: As shown in Fig. 4,
we generate candidate viewpoints on a sphere by polar coor-
dinates with Gaussian sampling. A candidate viewpoint v; is
defined as:

sin(¢ + ¢y) cos(0 + 0)
sin(¢ + ¢y) sin(6 + 0y)
cos(¢ + o) ®)

ds NN(%7U%)79 ~ N(O7U§)>¢ ~ N(O7U§)

Vi:pc+ds'

Where p. is the center of the sphere, d, denote the distance
from the viewpoint to the center, 6 is the azimuth angle , and
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¢ is elevation angle. 0 and ¢ are the azimuth and elevation
angles pointing to the frontier F', ensuring the candidate
viewpoints are directed toward potentially unexplored regions.
Unlike traditional methods that require heuristic safety eval-
uations, our approach samples directly from a “safe sphere”
centered at the current position. As a result, the candidate
viewpoints V are rapidly generated, as illustrated in Fig. 4.

3) Optimal Viewpoint Selection: The optimal viewpoints
can be determined by two criteria: 1) maximizing the coverage
C' of the frontier and 2) facilitating high-velocity flight of the
UAV.

The frontier coverage is computed by counting unknown
voxels hit by truncated rays from the viewpoint within the
sensor’s FoV. For the second criterion, we proposed a velocity
cost C,,, which is defined as:

Cy =Xy - (1 —cos(f)) +e Do 9

where A, and A4 are two balancing factors, and D, is the dis-
tance from the viewpoint to the nearest obstacle. Empirically,
we set Ay and A\g to 1. The first term of the equation is to
minimize the turning angle of the UAV during flight, while the
second term ensures the turning radius is as large as possible.
Finally, the overall cost for each viewpoint is calculated as:
C(‘/;)i):)\cv'cv—")\cf'cf (10)
The viewpoint with the lowest cost are chosen as the best
observation point, effectively improving the overall efficiency.
Additionally, the cost function combines the distance D,
from the viewpoint to the nearest obstacle, reducing collision
risks for high-velocity flight. Furthermore, by dynamically
adjusting viewpoints in real-time based on the flight status and
environmental information, the UAV can maintain navigation
performance in the challenge environment.

4) Traversal Order Of The Viewpoints: After generating the
viewpoints, we utilize the subregion visitation order obtained
in SecIIl-A to determine the direction from the current
subregion to the next one. Along this direction, we construct
a gradient-based loss function and use the TSP solver to
determine the optimal traversal order of the viewpoints. The
distance from the viewpoint to the boundary of the region
in the opposite direction along this path is denoted as d,,, as
illustrated in Fig. 5. A differentiable potential cost function is
formulated along this direction. The position of the viewpoint
within the subregion contributes to a reverse gradient loss,
denoted as:

Y

After obtaining the visiting order, we can determine the
direction from the current subregion to the next subregion.
Along this direction, we establish a gradient-guided loss within
single subregion, namely:

Ca = ACe + NG, (12)

where A\, and ), are adjustment factors. C}, denotes the path
length between viewpoints calculated by the A* algorithm
[22], aiming to minimize the overall cost. As shown in Fig.
5, along the direction from the current subregion to the next
subregion, the guided loss gradually decreases.

Once obtaining the gradient-guided cost of each viewpoint,
the traveling order of viewpoints can be optimized by solving
a Traveling Salesman Problem (TSP) [24].

C. Path Optimization by a Velocity Loss Constraint

After determining the visiting order of viewpoints, we
compute a UAV trajectory that supports high average speed.
The trajectory generation follows the unified two-stage frame-
work in [25], consisting of path searching and subsequent
optimization.

In the searching stage, we employ the hybrid-state A*
algorithm [25] to generate an initial dynamically feasible
trajectory. The optimization stage formulates the trajectory
as a uniform B-spline, defined by its degree pp, a set of
control points {Q1,Q2,...,Qx} C R3, and a knot vector
{t1,t2,...,tar} C R with M = N + p,. For computational
efficiency, the knots are uniformly spaced with constant in-
terval At = ¢,,,41 — t,,. The objective function is defined as
follows:

N-1
i J:)\U 07 max — ‘/z 2
min J = 3 (ma O, omas — V)
N-—-1

+Ar Y (max (0, Vil — vmax))?

N-—-2

FAr Y (max (0, | Ai]| = amax))”

=1

N-3
X > Il (13)
=1

where \,, Af, and \; are weighting coefficients, and vmax,
Gmax denote the maximum allowable velocity and acceleration,
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TABLE I
COMPARATIVE ANALYSIS OF VIEWPOINT GENERATION PERFORMANCE

Methods Time (ms) Coverage Valid Viewpoints

Proposed 0.412 370.09 23.97
RACER 0.848 315.80 21.12
FAEP 0.826 265.36 23.27
FUEL 0.874 319.83 24.27

respectively. The velocity V;, acceleration A;, and jerk J; are
defined as follows:
Vv, = Qit1 — Qi’

Vig1 — Vi J = Aip1 — Ay
At v

Ai = 3
At At

(14)

The objective function comprises three components: a ve-

locity incentive term that encourages high-speed flight, a

feasibility term that penalizes violations of velocity and ac-

celeration limits, and a smoothness term that minimizes jerk
to ensure dynamic consistency and trajectory continuity.

IV. EXPERIMENTAL RESULTS
A. Comparison of Candidate Viewpoint Sampling Strategies

To validate the effectiveness of our viewpoint sampling
strategy, we conducted a comparative experiment in a typical
structured indoor environment which is multi-room connectiv-
ity and has dynamic obstacle distribution for comparing three
viewpoint sampling strategies: A comparison is conducted
between our proposed strategy and the implementations of the
RACER, FAEP, and FUEL frameworks. The structured indoor
environment used for evaluation, as depicted in Fig. 9(a), has
a volume of approximately 900 m?.

Experimental results demonstrate that the proposed method
significantly improves computational efficiency. As shown
in Fig. 6(a) and Table I, the average time of generating a
viewpoint is only 48.6% of that of RACER, 49.8% of FAEP,
and 47.1% of FUEL.

As shown in Fig. 6(b) and Table I, it also outperforms
RACER, FAEP, and FUEL in coverage by 17.2%, 39.4%, and
15.7%, respectively, demonstrating its superior observation
capability.

B. Ablation Study on the Viewpoint Cost Function

We conducted an ablation study on the proposed viewpoint
selection cost function (Eq. 10). In the experiments, the
parameter A,y was fixed at 1, while A\;, was varied from 0
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Fig. 7. The impact on the average flight velocity with different weight values
in the proposed cost function. The impact of different weights in the proposed
cost function on (a) the average flight velocity and (b) the corresponding
average minimum distance to obstacles along the entire trajectory. The shaded
areas represent the variation range across multiple trials.
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Fig. 8. The impact of different values of the velocity incentive weight A, on
the average flight velocity. The shaded area is the standard deviation across
multiple trials.

to 50. When A, = 0, viewpoint selection relies solely on the
number of observable frontiers, consistent with the strategies
employed by RACER, FAEP, and FUEL. As )., increases,
the effect of our proposed cost function becomes increasingly
apparent.

The results, illustrated in Fig. 7, demonstrate the effective-
ness of the heuristic term. Specifically, increasing A, leads
to noticeable improvements in both the average flight velocity
and the mean distance to obstacles along the trajectory, with
the optimal performance within the range of A., = 15 to 25.

C. Ablation Study on the Velocity Loss Constraint

We conducted an ablation study on the velocity loss term
in the trajectory optimization objective (Eq. (14)). In this
experiment, the weights of the feasibility term (A = 5)
and the smoothness term (A\; = 10) were fixed to match the
settings used in the FUEL paper, while the velocity incentive
weight A, was varied from O to 1.5. As illustrated in Fig. 8§,
increasing A\, significantly boosts the UAV’s average flight
speed, indicating the effectiveness of the velocity incentive
in enhancing high-speed flight. However, when )\, exceeds
0.5, the performance begins to decline gradually, meaning the
existence of an optimal range for this parameter.

D. Comparative Experiments in Simulated Environments

In this section, we provide a comprehensive comparison of
our method, RACER [18], FUEL [8] and FAEP [15] in three
simulated environments including a classic maze scenario [8],
an outdoor forest scenario [17], and a large maze scenario.
These scenarios are illustrated in Fig. 9. All methods were
evaluated on a high-performance computer equipped with an
Intel Core 19-12900K@5.20GHz processor operating.
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Fig. 9. Simulation comparison on different scenarios. (a), (b), and (c) correspond to the maze, outdoor scenes and large maze, respectively. The red, yellow,
blue, and green trajectories represent the flight paths of our method,RACER, FAEP, and FUEL, respectively. (d), (e), and (f) show the exploration volume
over time. (g), (h), and (i) show the specific distribution of flight time, trajectory length, and flight velocity.

PERFORMANCE COMPARISON OF DIFFERENT METHODS

TABLE I

Exploration Time (s)

Trajectory Length (m)

Exploration Velocity (m/s)

Scene Method Ave Max Min Ave Max Min~ Ave Max Min
Proposed 104.79 111.24 99.04 162.38 168.93 15440 1.55 1.58 1.52

Maze RACER 11444 12281 110.06 170.78 188.18 15948 1.50 1.56 1.42
FAEP 13382 14544 11676 165.01 181.04 14247 123 1.28 1.19

FUEL 167.50 17890 163.72 210.12 215.81 207.03 1.26 128 1.21

Proposed 285.93 305.76 262.82 438.07 469.21 41290 153 1.62 1.47

Outdoor Forest RACER 332,74 34827 31820 507.71 53572 47694 152 1.59 1.48
FAEP  381.57 40232 35091 534.15 57587 48477 140 143 1.37

FUEL 42046 437.70 407.19 54839 578.38 53829 1.30 132 1.26

Proposed 337.76 353.31 312.65 572.67 599.64 52659 1.69 1.76 1.60

Large Maze ~ RACER 37834 383.87 37323 619.89 63538 60046 1.64 1.68 1.61
FAEP  464.76 481.79 451.79 59526 626.64 57621 1.28 1.33 1.26

FUEL  496.89 507.68 486.80 628.34 637.96 611.14 1.27 130 1.25
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Fig. 9(a)-(c) shows the flight trajectories of different meth-
ods under various scenario. In Fig. 9(d)-(f), semi-transparent
shaded regions delineate the upper and lower bounds from
repeated trials, while solid trajectories represent the mean
values. Fig. 9(g)-(i) statistically presents the distribution char-
acteristics of flight time, trajectory length, and flight velocity
in these scenarios. It is evident that the FUEL method performs
poorly, with the longest flight time and longest trajectory
length, and significant fluctuations in velocity, failing to avoid
long-distance back-tracking flights. The FAEP method often
segments the interior into multiple regions, leading to frequent
round trips. Although the RACER method outperforms both
FAEP and FUEL, its performance is still inferior to our
method.

Table II presents the exploration performance of all meth-
ods. Overall, our method has higher exploration efficiency
across all scenes. Specifically, the proposed method not only
has a shorter exploration time than those of the RACER, FAEP
and FUEL methods, but also maintains a higher velocity and
relatively shorter trajectory length.

E. Experiments in Real-world Environments

We also conducted experiments in real-world scenarios
including a forest, an underground parking garage, and an
indoor warehouse, representing outdoor cluttered, indoor struc-
tured, and semi-open environments, respectively. The UAV

Fig. 10. The real-world experiments are made in (a), (d) and (g), correspond-
ing to the forest, underground parking and warehouse scenes, respectively.
(b) , (e) and (h) display the flight trajectory. (c) , (f) and (i) illustrate the
exploration performance in these two scenarios.

TABLE III
RUNTIME OF THE PROPOSED METHOD

Scene Hierarchical Exploration Viewpoint

Garage 49ms 65ms

Forest 48ms 52ms
‘Warehouse 43ms 35ms

was required to autonomously localize and map using onboard
LiDAR and IMU data without external positioning systems
(such as GPS), and to explore all unknown environments. Our
hardware platform, shown in Fig. 1, uses PX4 as the low-level
control system, an NVIDIA NX onboard computing platform,
and a five-inch propeller-powered system. MID360 is used
as the perception sensor for the real-world experiments. The
UAV’s maximum flight velocity was set to 2.0m/s, and the
maximum acceleration to 2.0 m/s>.

The underground parking garage is approximately 30 X 26 x
2m3, with walls and numerous stone pillars, along with a
large number of water pipes, lights, and electrical wires on the
ceiling. The UAV with our method finished the exploration in
102.03 seconds. The trajectory length was 148.42 meters, and
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the average flight velocity was 1.45 m/s.

The complex forest is approximately 40 x 13 x 2m3, with
high vegetation density and uneven terrain. Obstacles include
trees of various heights, shrubs, and randomly distributed
rocks. The UAV completed the exploration task in 70.31
seconds. The flight path length was 101.1 meters, with an
average speed of 1.44 m/s. Fig. 10 presents the detailed results.

The indoor warehouse consists of four connected rooms,
each approximately 20 x 20 x 3m?. The UAV completed the
exploration in this structured space with a trajectory length of
41.0 meters and an average speed of 0.8 m/s.

We analyzed the average running time in real experiments
as shown in Table III. Hierarchical Exploration refers to the
runtime of the Hierarchical Exploration Strategy (Sec. III-A),
including Subregion Construction and Maintenance and Sub-
region Traversal Path Planning, while Viewpoint denotes the
runtime of Fast Viewpoint Generation (Sec. III-B), covering
Viewpoint Generation and Traversal Order of the Viewpoints.

The results demonstrate that the proposed method avoids
redundant paths and has robust performance across diverse
environments.

V. CONCLUSION

This paper proposes a spatial hierarchical exploration
method that rapidly generates optimal viewpoints and op-
timizes flight velocity, aiming to enhance autonomous ex-
ploration efficiency in large-scale environments. It comprises
three key stpng: global planning, rapid regional viewpoint
generation and local trajectory optimization. The global plan-
ning divides the exploration space into subregions using an
online hgrid spatial decomposition, and determining the order
of exploration for these subregions by solving a non-closed
traveling salesman problem. The rapid regional viewpoint
generation chooses optimal viewpoints from these subregions
based on a global loss function related to frontiers. The path
optimization uses a velocity loss constrain to improve local
trajectory. Our method can reduce the UAV’s back-tracking
and enable UAVs to maintain maximum flight velocity during
exploration, minimize time spent in large-scale environments,
and improve exploration efficiency. Experiments conducted in
both simulated and real-world environments demonstrate the
effectiveness of our method.

In the future work, we will focus on the UAVs exploration
of dynamic scenarlos, including motion obstacles and struc-
tured environments. Hierarchical decomposition in structured
environments should be further improved by adding layout
constraints.
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