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Abstract

The autonomous exploration capability of Autonomous Underwater Vehicles (AUVs) in
complex underwater structures is fundamentally constrained by the coupling between
sensing and motion execution. Unlike ground and aerial robots, limited underwater
communication makes it difficult for AUVs to rely on external computing resources for
perception and motion computation, imposing higher requirements on algorithmic effi-
ciency. Meanwhile, motion constraints require arc-shaped course adjustments rather than
in-place turns, thereby increasing navigation costs. This paper focuses on fixed-depth
two-dimensional exploration represented by an occupancy grid and assumes deterministic
sonar observations in order to isolate the effect of sensing-motion coupling. This sensing—
motion coupling makes conventional frontier-based exploration strategies inefficient for
underwater environments. To address this issue, this paper proposes a motion-aware au-
tonomous exploration framework for AUVs that jointly considers information acquisition
and motion cost during exploration decision-making and path execution. The proposed
framework constructs adaptive local viewpoint sampling regions directly from the real-
time sonar detection coverage and introduces a weighted sampling strategy to improve
viewpoint generation efficiency in structured underwater environments. A motion-aware
viewpoint utility function is further designed by integrating frontier information gain,
path cost, and heading deviation, enabling the exploration strategy to favor viewpoints
with lower execution cost. To balance exploration efficiency and coverage completeness, a
local-priority and global-backtracking target assignment mechanism is developed. In addi-
tion, motion-constrained path execution is achieved through Douglas—-Peucker keypoint
extraction, cubic Bezier path smoothing, and dynamic window approach (DWA)-based
local trajectory tracking. Experiments on a high-fidelity Unreal Engine-ROS simulation
platform show consistent reductions in exploration path length and mapping time rela-
tive to a classical frontier-based baseline, with average improvements of about 11-15%
in the tested scenarios. In corridor scenarios, the adaptive viewpoint generation strategy
improves local viewpoint generation efficiency by 58.5% compared with a sliding-window
RRT baseline. The results demonstrate that the proposed framework can effectively im-
prove exploration efficiency and motion consistency for AUV autonomous exploration in
complex underwater structures.

Keywords: autonomous underwater vehicle; autonomous exploration; viewpoint
generation; viewpoint evaluation; path planning; motion constraint
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1. Introduction

Autonomous underwater vehicles (AUVs) play an important role in marine resource
exploration, environmental monitoring, and submarine pipeline inspection [1-3]. In these
tasks, an AUV is often required to autonomously explore unknown underwater environ-
ments while simultaneously constructing an environmental map without prior information.
This capability, commonly referred to as autonomous exploration, is fundamental for im-
proving operational autonomy and reducing dependence on teleoperation in complex
marine environments [4-6].

Autonomous exploration has been extensively studied in mobile robotics. Frontier-
based exploration methods represent one of the most widely used paradigms, where
robots continuously move toward the boundary between known and unknown regions to
gradually expand the explored map [7-10]. The existing exploration methods developed for
ground or aerial robots are usually based on two implicit assumptions: Firstly, ground or
aerial robots can often enhance the computational efficiency of various algorithms and data
processing through external computing units, enabling them to have a higher tolerance for
the complexity of autonomous exploration algorithms. Secondly, the motion cost resulting
from course adjustment can be negligible, allowing the robots to be approximated as point
masses during the exploration planning process. For most ground or aerial robots, these
assumptions are largely valid.

However, when such exploration strategies are directly applied to AUVs, the above
assumptions no longer hold. Unlike ground or aerial robots, AUVs often rely solely on their
onboard computing units for algorithm execution due to the challenges of underwater com-
munication. This results in limited computational resources, leading to poor performance
when running complex algorithms. More importantly, due to fluid dynamics constraints
and propulsion characteristics, AUVs cannot rotate in place; course adjustments require
curved trajectories, which incur significant time and energy costs. Therefore, research on
underwater autonomous exploration with AUVs necessitates careful design of exploration
algorithms in terms of complexity, as well as planning and execution that account for the
unique motion characteristics of AUVs.

The inconsistency between underwater autonomous exploration and traditional au-
tonomous exploration assumptions spreads throughout the entire autonomous exploration
process, including exploration viewpoint generation, viewpoint evaluation, and path exe-
cution. Traditional RRT-based viewpoint planners usually sample candidate viewpoints
within fixed geometric windows, which are not aligned with the actual sonar-observable
region and may generate many invalid samples in narrow passages or obstacle-dense envi-
ronments. The existing viewpoint evaluation methods mainly focus on information gain
and Euclidean distance while ignoring the turning cost required to align the AUV heading
with the target viewpoint, potentially leading to exploration decisions with high execution
cost. In addition, global paths generated by grid-based planners such as A* typically
contain dense piecewise-linear turns that make it difficult to directly satisfy the continuous-
curvature motion constraints of AUVs, thereby increasing local tracking difficulty and
reducing execution smoothness.

To address the above issues, this paper proposes a motion-aware autonomous explo-
ration framework for AUVs in complex underwater structures. The problem is formulated
in a fixed-depth two-dimensional setting using a 360° scanning sonar model with deter-
ministic range measurements. Sonar sensing constraints and AUV motion constraints are
jointly incorporated throughout exploration decision-making and path execution. Specifi-
cally, an adaptive viewpoint generation method is designed based on the real-time sonar
detection region to improve valid viewpoint generation efficiency in structured underwater
environments. A motion-aware viewpoint utility function integrating frontier information
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gain, path cost, and heading deviation is further developed to reduce unnecessary turning
motions during exploration. To balance exploration efficiency and coverage complete-
ness, a local-priority and global-backtracking target assignment mechanism is introduced.
In addition, motion-constrained path execution is achieved through Douglas—Peucker
keypoint extraction, cubic Bezier path smoothing, and DWA-based local trajectory tracking.
The effectiveness of the proposed framework is systematically verified on a high-fidelity
Unreal Engine-ROS simulation platform.

2. Related Work

Classical autonomous exploration methods are mainly based on frontier-driven ex-
ploration strategies, where robots continuously expand the explored region by navigating
toward the boundary between known and unknown space [7-10]. Early studies mainly
focused on improving frontier detection efficiency and frontier-point selection. Keidar et al.
proposed efficient frontier detectors to reduce repeated full-map processing during explo-
ration [11]. Sun et al. further improved frontier detection efficiency by combining submap
alignment information and selectively updating frontier regions with large pose changes [8].
Li et al. combined frontier extraction with global topological graphs to generate safe and
reachable frontier points [12]. Wang et al. introduced an incremental roadmap construction
framework to improve exploration target selection and path planning efficiency [13]. Re-
cent hierarchical exploration frameworks further improve global-local coordination and
exploration efficiency in complex environments [9,10,14].

Although these methods perform well on ground or aerial robots, they are mostly
based on two implicit assumptions: the carried computing units can run complex algo-
rithms well and the robots have low-cost steering adjustment capabilities. For ground or
aerial robots, these assumptions are generally valid; however, they no longer apply in the
AUV exploration scenario. The boundary-based algorithms need to perform calculations
across the entire exploration map each time they detect the boundary area, which involves
a large amount of computation and is often difficult to achieve with AUVs due to limited
computing resources. Additionally, due to the constraints of fluid mechanics and propul-
sion characteristics, the steering adjustment of AUVs requires arc-shaped movements rather
than rotational movements on the spot, which will introduce significant time and energy
costs during the exploration process. Therefore, the traditional exploration strategy based
on boundary detection may not be effective for underwater autonomous exploration.

To reduce the separation between exploration decision-making and path execution,
viewpoint-based exploration methods have been extensively studied. The next-best-view
(NBV) strategy selects candidate viewpoints with high information value as exploration
targets [15]. Since rapidly exploring random trees (RRTs) naturally tend to expand to-
ward unexplored regions, they have gradually become widely used tools for viewpoint
generation [16]. Bircher et al. proposed a receding-horizon NBV planner that evaluates accu-
mulated information gain along RRT branches for online exploration decision-making [17].
Zhu et al. proposed the DSVP framework, which restricts viewpoint sampling within a
fixed sliding window while combining global topological information to avoid missing
potential viewpoints [18]. However, most existing viewpoint generation methods still
rely on predefined geometric sampling regions that are decoupled from the actual sensor-
observable space. In narrow passages or obstacle-dense environments, this inconsistency
may generate a large number of invalid samples and reduce viewpoint generation efficiency.

In the field of underwater autonomous exploration, recent research has begun to
incorporate the characteristics of AUVs into perspective planning. Palomeras et al. pro-
posed probabilistic next-best-view planning methods for autonomous mapping of complex
underwater structures [4,19]. Vidal et al. combined frontier detection and viewpoint gener-
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ation for online underwater exploration in both two-dimensional and three-dimensional
environments [5,20]. Zacchini et al. proposed an RRT-based viewpoint planning framework
for forward-looking sonar and employed RRT* for path generation between the current
position and the target viewpoint [6,21]. Although these methods have achieved important
progress in underwater exploration, the coupling between exploration decision-making and
motion-constrained execution is still insufficiently modeled. The existing methods mainly
focus on viewpoint information gain while paying limited attention to the turning cost
induced by heading adjustment. In addition, global paths are often represented as polylines
or simple interpolations, which make it difficult to directly satisfy the continuous-curvature
motion constraints of AUVs and may increase local tracking difficulty during execution.

Overall, the existing work still lacks unified modeling of sonar sensing constraints
and AUV motion constraints throughout the exploration pipeline. Viewpoint generation is
often inconsistent with the actual sonar-observable region, viewpoint evaluation usually
ignores heading-related execution cost, and path planning is commonly decoupled from
motion-constrained trajectory execution.

In contrast, the framework proposed in this paper focuses on the coupling among
viewpoint generation, viewpoint evaluation, and path execution during AUV autonomous
exploration. The local sampling region is constructed from real-time sonar detection cov-
erage so that candidate viewpoints are generated in closer agreement with the currently
observable space. The viewpoint utility function further combines information gain, Eu-
clidean distance, and heading deviation, allowing the selected viewpoint to account for
both exploration benefit and turning-related execution cost. For path execution, the grid-
based path is simplified and converted into curvature-continuous Bezier trajectories for
dynamic window tracking, improving the continuity between global planning and local
motion execution. Through sonar-aware sampling, heading-aware viewpoint evaluation,
and motion-constrained trajectory execution, the proposed framework provides an inte-
grated treatment of sensing and motion coupling throughout autonomous exploration.

3. Motion-Constrained Autonomous Exploration Framework
3.1. Task Analysis and Framework Overview

The autonomous exploration task of the AUV consists of three tightly coupled com-
ponents: real-time environment mapping, exploration decision-making, and motion-
constrained navigation control, as shown in Figure 1. The mapping module continuously
updates the local occupancy grid map around the AUV using sonar observations. Based on
the updated map, the exploration module generates candidate viewpoints, evaluates their
utility, and selects the next exploration target. The navigation module then plans and tracks
a feasible path toward the assigned target. After the target is reached, the environmental
map is updated and a new exploration cycle begins. The exploration process terminates
when no valid frontier remains in the task region. The present formulation assumes a
fixed-depth two-dimensional workspace, a regular occupancy grid with free, occupied,
and unknown cells, and a scanning sonar model, represented by uniformly distributed
azimuthal rays that provide deterministic range measurements over the full field of view.

Unlike conventional frontier-based exploration methods that approximately treat the
robot as a point mass with omnidirectional perception, the proposed framework explicitly
considers the coupling between sonar sensing and AUV motion execution throughout the
exploration pipeline. Specifically, the framework addresses three key inconsistencies in
underwater exploration:

* The mismatch between fixed geometric sampling regions and the actual sonar-
observable space;
*  The inconsistency between exploration utility evaluation and heading-related motion cost;
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¢ The decoupling between global path planning and motion-constrained local
trajectory execution.

Exploration Strategy

Viewpoint or |Evaluation
Frontier Point | Function
»

Optimal Target

Generation Point y
Navigation|Point
Map A 4
Information AUV Path
Planning
Real-time Map
Construction & Data AUV Motion
Acquisition T control

Figure 1. Framework of the AUV autonomous exploration task. The loop starts from sonar-based
occupancy-grid update, proceeds through candidate viewpoint generation and evaluation, and termi-
nates only when no valid local or global frontier viewpoint remains.

To address these issues, a motion-aware exploration framework is developed.
The framework consists of sonar-aware viewpoint generation, motion-aware viewpoint
evaluation, local-global exploration coordination, and motion-constrained path execution.

3.2. Sonar-Aware Viewpoint Generation

Conventional RRT-based exploration methods usually perform random sampling
within global maps or fixed sliding windows [16,18]. Although restricting the sampling
region can improve exploration efficiency, fixed geometric windows are independent of
the actual sonar-observable region and therefore may generate a large number of invalid
samples in narrow passages or obstacle-dense environments.

To improve viewpoint generation consistency with underwater sensing characteristics,
the proposed method directly constructs the local sampling region from the real-time sonar
detection coverage. Two RRT-based viewpoint generators are employed cooperatively: a
local viewpoint generator for rapid nearby exploration and a global viewpoint generator
for long-range exploration recovery.

The local viewpoint generator uses the current AUV position as the root node and
performs random-tree expansion only within the sonar-observable region. Since the local
sampling space is restricted to the actual detectable region, the generated viewpoints are
more consistent with feasible sensing directions. The global viewpoint generator uses the
initial exploration position as the root node and continuously grows over the explored
map without reset, enabling the system to maintain exploration completeness when nearby
valid viewpoints no longer exist.

Considering that sonar coverage changes dynamically due to obstacle occlusion, the ac-
tual sonar detection region is directly used as the local sampling space. The environment
is represented by a regular occupancy grid; sonar rays update cells along each beam as
free until the measured return or the maximum range is reached, while cells at obstacle
returns are marked as occupied and unobserved cells remain unknown. Let the number
of sonar beams be N and the maximum sonar detection range be dmax. For beams with
valid returns, the measured detection distance is stored directly. For beams without returns,
the detection distance is set to dmax. The detection distances in all beam directions are
denoted as dq,d>,...,dy.

A two-stage weighted sampling strategy is adopted to bias random-tree growth toward
directions with larger observable space. In the first stage, beam directions are sampled
according to the normalized detection distance

di

N a
Yj=14j

pi = i=12,...,N (1)
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where p; denotes the probability of selecting the i-th beam direction.
After a beam direction is selected, a distance ds € [0, d;] is uniformly sampled along
the beam to generate the random sample

cos(p + 6;)

sin(p +6;) @

Xrand = Pauv T ds

where payv denotes the current AUV position, i denotes the current heading angle, and 6;
denotes the relative angle of the selected sonar beam.

Compared with fixed-window random sampling, the proposed sampling strategy
aligns the random-tree expansion direction with the actual sonar-observable space and
therefore reduces invalid viewpoint generation in structured underwater environments.

After viewpoint sampling, standard RRT extension is performed to generate new
candidate viewpoints. Collision-free nodes generated during random-tree growth are
treated as candidate viewpoints, and the number of observable frontier cells within the
corresponding detection region is calculated and stored for subsequent utility evaluation.
The local viewpoint generation process is shown in Figure 2, and an example of local
random-tree growth is shown in Figure 3.

Parameter Initialization

v

Sonar Data Acquisition

v

Set Sampling Range
& Weights

v

Two-stage Sampling to
Confirm Sampling Point

Find Nearest Node
in the RRT Tree

v

Generate Viewpoints
via RRT Expansion

v

Compute & Store Boundary
Information Around Viewpoints

Figure 2. Flowchart of local viewpoint generation. First, the actual coverage area of the sonar detec-
tion is determined based on the double-layer sampling mechanism; then, collision-free viewpoints
are generated through RRT expansion, and the viewpoints within the detection area that contain
boundary units are stored as candidate viewpoints.
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Figure 3. RRT growth of the local viewpoint generator. Red dots are random samples, blue dots
are viewpoints, green lines are tree edges, blue squares are viewpoint boundary-detection regions,
and the black arrow indicates the current AUV pose and heading.

The global viewpoint generator follows the same random-tree expansion mechanism
but continuously maintains candidate viewpoints throughout the exploration process.
When the local region no longer contains valid viewpoints, the global generator provides
backtracking targets for exploration recovery. The growth result of the global viewpoint
generator is shown in Figure 4.

—
.

Figure 4. RRT growth of the global viewpoint generator. The global tree is maintained over the
explored free space and provides reachable backtracking candidates when the local sonar-observable
region no longer contains valid frontier viewpoints.The arrows indicate the AUV poses, the black
dots indicate the starting points of the exploration task. The areas colored by grey are unexplored
spaces.

https://doi.org/10.3390/robotics15070137


https://doi.org/10.3390/robotics15070137

Robotics 2026, 15, 137

8 of 26

3.3. Motion-Aware Viewpoint Evaluation

The proposed local-global viewpoint generators produce multiple candidate view-
points with different exploration values and motion costs. Conventional viewpoint evalua-
tion methods mainly focus on information gain and Euclidean distance while ignoring the
additional execution cost caused by heading adjustment. However, for AUVs operating
under hydrodynamic constraints, large heading deviations may introduce considerable
turning cost and ineffective travel.

To jointly evaluate exploration benefit and motion cost, the proposed method evaluates
candidate viewpoints from three aspects: information gain, path cost, and heading deviation.

Assume that the current AUV position is (xauv, yauv) and the current heading angle
is ayy. For the i-th candidate viewpoint (x;, y;), the path cost is approximated using the
Euclidean distance:

di = \/(xi —xauv)? + (Vi — yauv)? (3)

The information gain of the viewpoint is represented by the number of observable
frontier cells within the corresponding boundary detection region and is denoted by I;.

To model turning-related execution cost, the heading deviation between the current
AUV heading and the direction toward the target viewpoint is defined as

AY; = |atan2(y; — yauv, Xi — Xauv) — Pauv| (4)

For n candidate viewpoints, the three evaluation terms are normalized as

I; d; Ay,
I'=—*1_ d=—"t_ Ap=_——TL_
1 ;:1=1 I', dl ;-/l:ld‘, 11[’71 7=1 Alp] (5)
The final viewpoint utility is defined as
Ji = alj — pd; = yAy; ©)

where «, B, and 7y are weighting coefficients.

In Equation (6), « controls the preference for frontier information gain, § penalizes
travel distance, and -y penalizes heading deviation. The three terms are normalized before
weighting, so the coefficients are selected according to their relative priority; in this study,
information gain is kept dominant while the distance and heading penalties are tuned
to suppress unnecessary long-distance motion and large turns. The weight coefficients
were selected according to a clear priority principle. Since all three terms in Equation (6)
are normalized to the same scale, the coefficients directly reflect their relative importance
rather than absolute magnitudes. In our implementation, « (information gain) is set as the
dominant term to ensure exploration progress, while § (distance penalty) and v (heading
penalty) are assigned smaller values to suppress unnecessary long-distance travel and
excessive turning motions. For DWA evaluation in Equation (15), 8 (obstacle clearance)
is prioritized for safety, followed by « (heading alignment) and <y (forward velocity) for
smooth tracking. The same coefficient set is used across all experiments without scenario-
specific tuning, which demonstrates that the framework is not overly sensitive to fine-
grained weight variations as long as the priority order is maintained.

The optimal viewpoint is selected according to

v’ = argmax]; @)

Vi

Compared with conventional information-driven viewpoint evaluation, the pro-
posed utility function explicitly incorporates heading-related motion cost into exploration
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decision-making and therefore improves the consistency between viewpoint selection and
actual motion execution.

3.4. Local-Global Exploration Coordination

To balance exploration efficiency and exploration completeness, a local-priority and
global-backtracking exploration strategy is adopted.

After each local viewpoint-generation cycle, all local candidate viewpoints are evalu-
ated using (6). If valid local viewpoints exist, the viewpoint with the maximum utility is
selected as the next exploration target. This local-priority mechanism encourages the AUV
to continuously explore nearby unknown regions with lower execution cost.

When no valid local viewpoint remains, the framework switches to the global view-
point generator. Stored global viewpoints are updated and re-evaluated, and the best
reachable global viewpoint is selected as the next navigation target. After the target is
reached, the system returns to local exploration around the updated AUV position. When
neither local nor global valid viewpoints exist, the exploration task is considered complete.
Thus, the decision sequence in Figure 5 should be interpreted as follows: first evaluate all
local candidates and then select the local maximume-utility viewpoint if at least one valid
frontier-containing candidate exists; otherwise, re-evaluate reachable global candidates
for backtracking; finally, stop only when both candidate sets are empty. The overall target
assignment mechanism is shown in Figure 5.

| Map Data Acquisition |
]

Local Viewpoint Global Viewpoint
Generator Generator

Evaluate &
Select Optimal
Local Target

Yes

Viewpoints Exist?

Update Marked Valid
Global Viewpoints

Viewpoints Exist?

Y
Evaluate & Select Optimal Viewpoint
Optimal Global Target Evaluation

Navigate AUV to |
Target Point

Figure 5. Target assignment mechanism.

3.5. Motion-Constrained Path Planning and Tracking

After a target viewpoint is selected, a safe and smooth path is generated on the current
occupancy grid map. Since raw grid-based paths usually contain dense piecewise-linear
turns that make it difficult to directly satisfy AUV continuous-curvature motion constraints,
a motion-constrained path execution framework is developed by combining global path
planning, path simplification, smooth trajectory generation, and local trajectory tracking.
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An A*-based global planner is first employed to generate a collision-free path

f(n) = g(n) +h(n) ®)

where ¢(n) denotes the accumulated path cost and /(7)) denotes the heuristic distance to
the target node. In the grid map used here, 1i(n) is the Euclidean distance from node n to
the target node, which provides an admissible heuristic for the eight-connected occupancy-
grid search.

The raw A* path usually contains redundant intermediate points and dense turning
segments. Therefore, the Douglas—Peucker algorithm is employed to extract representative
keypoints while preserving the overall path geometry [22]. The corresponding process is
illustrated in Figure 6.

D D

() ()

Figure 6. Illustration of Douglas—Peucker keypoint extraction. The black lines represent the original
paths, capital letters represent the path points, the red lines are the connections between the first and
last path points of the paths, the dashed line represents the distance from the farthest path point
to the first and last path points, and the blue lines represent the paths formed by the path points
obtained after the down-sampling process.

After keypoint extraction, cubic Bezier curves are employed to generate curvature-
continuous trajectories suitable for AUV motion execution. The general form of the Bezier
curve is

n . . .
B(t) = Y. PiBiu(t),  Byu(t) = Chti(1— 1) ©)
i=0
To balance smoothness and numerical stability, cubic Bezier curves are adopted:

B(t) = (1—t)°Py +3(1 — t)tP;

(10
+3(1 —t)t*Py + 2P, t € [0,1] )

For adjacent keypoints P; (x1,y1,¥1) and Po(x2, y2, §2), additional control points are
constructed as
Xc, = X1 +1pp,cOsP1, Yo, = Y1 +1pp, singy,

. (11)
Xc, = X2 —1p;p, COSYP2, Y, = Y2 —1pp, SINP2
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where

npp, = vdpp,  dpp, = \/(Xz —x1)2+ (2 —y1)? (12)

Here, the  in (12) denotes the Bezier control-point offset coefficient, which is different
from the heading-deviation weight in (6) and the velocity weight in (15). A larger value
increases the control-point distance and produces smoother but more outward curves.

The generated Bezier trajectory is subsequently tracked using the dynamic window
approach (DWA). Considering actuator limits, acceleration constraints, and obstacle safety
constraints, the admissible dynamic window is defined as

V, = VN V,NV, (13)

For each sampled velocity pair (u,r), the predicted AUV trajectory is updated accord-
ing to

Xt41 Xt Ut COS Pt
Y1 | = | Yt + | ussin lpt T (14)
Pri1 P Tt

The trajectory evaluation function jointly considers heading alignment, obstacle clear-
ance, and motion efficiency

G(u,r) = aheading(u,r) + Bobsdist(u,r) (15)
+ yovelocity(u,r)

where &, B, and 7 denote the weighting coefficients. In (15), these coefficients, respec-
tively, weight heading alignment, obstacle clearance, and forward velocity after normal-
ization. The values are chosen to prioritize safe path following while maintaining smooth
forward motion.

Through the combination of global path smoothing and motion-constrained local
trajectory optimization, the proposed framework improves the consistency between explo-
ration planning and feasible AUV motion execution.

4. Experiments and Analysis
4.1. Experimental Platform and Evaluation Setup

The proposed method is evaluated on a high-fidelity AUV autonomous exploration
simulation platform jointly developed using Unreal Engine (version 4.27, Epic Games, Inc.,
Cary, NC, USA) and Robot Operating System (ROS, version 1 Melodic, Open Robotics,
Mountain View, CA, USA), as shown in Figure 7. The simulation platform integrates under-
water environment rendering, scanning sonar simulation, AUV motion control, mapping,
exploration planning, and path tracking. The IMU and scanning sonar in Unreal Engine
provide vehicle state information and environmental observations. The sonar point cloud
and AUV pose are transmitted to ROS topics, and GMapping is used to construct a two-
dimensional occupancy grid map. Based on the constructed map, the proposed exploration
framework performs local-global viewpoint generation, viewpoint evaluation, target as-
signment, and motion-constrained path execution. The platform is an in-house integration
built from standard Unreal Engine visualization, ROS communication, GMapping-based
mapping, and the exploration and control modules; the key interfaces and experimen-
tal parameters needed to reproduce the reported pipeline are summarized in Figure 7
and Table 1.
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Figure 7. Simulation framework for AUV autonomous exploration in an unknown
underwater environment.

Recent underwater simulation environments and datasets have shown that high-
fidelity simulation platforms are effective tools for evaluating underwater navigation,
inspection, and autonomous decision-making algorithms [23-26].

Two representative underwater exploration scenarios are constructed to evaluate the
proposed method. Scenario 1 is an open environment with relatively sparse obstacles,
while Scenario 2 contains surrounding obstacles and corridor-like structures with stronger
geometric constraints. Both scenarios have dimensions of 60 m x 60 m, as shown in Figure 8.
In the top-view experiments, the scanning sonar field of view is centered at the current AUV
position; therefore, the observable region used by the local viewpoint generator changes
with both vehicle pose and obstacle occlusion.

(c) Oblique view of Scenario 1

(d) Oblique view of Scenario 2

Figure 8. Experimental scenarios based on the AUV simulation platform. Panels (a,b) show the
top-view layouts, while panels (c,d) show the corresponding three-dimensional visual scenes.

The exploration task is considered complete when the unknown region inside the task
area has been explored and neither the local nor the global viewpoint generator produces
a valid viewpoint containing frontier information. Exploration path length and mapping
time are used as the primary evaluation metrics.

All the simulations are conducted on a computer equipped with an Intel Core i9-
13980HX CPU and 32 GB RAM. Unreal Engine and Simulink (version R2023a, MathWorks,
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Inc., Natick, MA, USA)run on Windows 11, while ROS runs on Ubuntu 18.04 under WSL2.
The common experimental parameters are listed in Table 1. The maximum surge command
of 0.5 m/s corresponds to a conservative low-speed inspection setting near underwater
structures, where sensing stability and collision avoidance are prioritized over long-range
transit speed.

Table 1. Experimental parameter configuration.

Parameter Value
Max surge command 0.5m/s
Max yaw-rate command lrad/s
Operation depth 10 m
RRT step length 2m
Sonar beams 720
Max sonar range 15m
Sonar sector angle 360°
Sonar update rate 20 Hz

4.2. Validation of Sonar-Aware Local Viewpoint Generation

To verify the effectiveness of the proposed sonar-aware local viewpoint generation
strategy, experiments are conducted in a corridor environment. The corridor size is
30m x 5m, the AUV is initialized at the center, the maximum sonar range is 15 m, the RRT
step length is 1 m, and the iteration number is set to 200 for both methods.

The proposed adaptive local viewpoint generator is compared with a conventional
sliding-window RRT viewpoint generator. The comparison results are shown in Figure 9
and Table 2.

Figure 9. Comparison of local viewpoint generation efficiency. The black arrows indicate the
current poses of the AUV, red dots indicate random sampling points, the blue dots are the nodes
on the generated random tree, which can also be called viewpoints, the green line segments are the
connections of nodes on the random tree.
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Table 2. Experimental results of local viewpoint generation efficiency.

Algorithm Trial Viewpoints = Type-IInvalid Type-II Invalid
Proposed 1 63 4 133
Proposed 2 68 11 121
Proposed 3 59 7 134
Proposed 4 66 12 122
Proposed 5 71 13 116
Proposed Average 65 - -

Sliding window 1 46 139 15
Sliding window 2 39 152 9
Sliding window 3 37 147 16
Sliding window 4 43 136 21
Sliding window 5 42 140 18
Sliding window Average 41 - -

The proposed method generates significantly more valid viewpoints in the corridor
environment. The average number of generated viewpoints increases from 41 to 65, corre-
sponding to a 58.5% improvement over the sliding-window method. The sliding-window
strategy produces a large number of Type-I invalid samples because the rectangular sam-
pling region is inconsistent with the actual sonar-detectable area. In contrast, the proposed
method aligns the sampling space with the real sonar coverage and therefore guides the
RRT expansion more effectively toward reachable exploration regions.

The results indicate that the proposed sonar-aware sampling strategy improves the
consistency between viewpoint generation and actual underwater sensing coverage, partic-
ularly in geometrically constrained environments.

4.3. Validation of Motion-Constrained Path Execution

To verify the effectiveness of the proposed motion-constrained path execution frame-
work, path planning and local tracking experiments are conducted in RVIZ and the under-
water simulation environment.

A known occupancy grid map with dimensions of 10m x 10m and a resolution of
0.1 m/cell is first constructed, as shown in Figure 10. White cells represent free space and
black cells represent occupied obstacles. To improve navigation safety, obstacle inflation is
performed before path planning.

I
— -
|
(a) Raw grid map (b) Inflated grid map

Figure 10. Experimental map for path planning.

Two path planning experiments with different obstacle layouts are conducted,
as shown in Figures 11 and 12. The start position is (—3.0,3.0) with an initial heading of 0°.
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In Experiment 1, the target pose is (2.5, —3.5, —30°), while, in Experiment 2, the target pose
is (3.5,1.0,0°).

The Douglas—-Peucker error threshold is set to 0.25 m, the maximum distance between
adjacent keypoints is 2 m, the Bezier interpolation step is 0.2 m, and the control-point offset
coefficient is 0.3. These values are implementation parameters of the path-processing and
DWA modules; they were selected to keep the smoothed path close to the A* route while
avoiding overly dense waypoints. In the figures, the black curve denotes the raw A* path,
the purple nodes denote the extracted keypoints, and the green curve denotes the final
Bezier-smoothed path.

The results show that the raw A* path contains dense turning points and discontinuous
heading variations that are not suitable for direct AUV tracking. After Douglas—Peucker
simplification, the extracted keypoints preserve the global path trend while reducing redun-
dant intermediate points. Cubic Bezier smoothing further improves trajectory continuity
and generates motion-consistent paths that are suitable for AUV execution.

The smoothed global paths are subsequently tracked using the DWA local planner
in the underwater simulation environment. The global path generated by the improved
planner is shown in Figure 13a, while the actual AUV tracking trajectory generated by
DWA is shown in Figure 13b.

The trajectory, heading angle, surge velocity, and yaw rate during autonomous
navigation are shown in Figure 14. The smooth heading evolution and stable motion-
state variations indicate that the proposed planning-and-tracking framework can sat-
isfy the continuous-motion constraints of the AUV while maintaining stable local
trajectory tracking.

Ll
\

(a) A* path (b) Keypoint extraction
—— —
—— ———
— —
—— —
(c) Bezier smoothing (d) Improved A* path

Figure 11. Path planning results in Experiment 1. The black paths represent the paths planned by the
original A* algorithm, purple points are path key points extracted by Douglas Peucker algorithm,
and green curves represent the path obtained after smoothing by the third-order Bezier curve.
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I L]
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I I
(a) A* path (b) Keypoint extraction
I I
L] |
I I
I L%
(c) Bezier smoothing (d) Improved A* path

Figure 12. Path planning results in Experiment 2. The black paths represent the paths planned by the
original A* algorithm, purple points are path key points extracted by Douglas Peucker algorithm,
and green curves represent the path obtained after smoothing by the third-order Bezier curve.

o o
@ | o

(a) Improved A* global path (b) DWA tracking trajectory

Figure 13. Experimental result of the DWA local planner. The black arrows indicate the real-time
pose of the AUV, green paths are the paths planned by the improved A* algorithm, and the red paths
indicate the actual routes of AUV. Panel (a) shows the smoothed global reference path, and panel (b)
shows the actual trajectory tracked by the AUV under DWA velocity commands.
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Figure 14. AUV motion-state data during autonomous exploration. Panels (a—d), respectively, report
the AUV trajectory, heading angle, surge velocity, and yaw rate, which are used to verify that the
smoothed path can be tracked with continuous heading and bounded velocity commands.

4.4. Overall Autonomous Exploration Performance

The proposed exploration framework is compared with the classical frontier-based
exploration method in both experimental scenarios to evaluate the overall exploration
efficiency under different underwater structural conditions. The frontier-based baseline
is selected as a controlled reference because it directly corresponds to target selection
without heading-dependent sensing. Therefore, the experimental comparison focuses on
the benefits of sonar-aware sampling and motion-aware execution under the same AUV
simulation, mapping, and control settings.

Figures 15 and 16 show the exploration process and the resulting exploration trajectory
of the proposed method in Scenario 1.

@) (b)
Figure 15. Cont.

https:/ /doi.org/10.3390/robotics15070137


https://doi.org/10.3390/robotics15070137

Robotics 2026, 15, 137

18 of 26

(8 (h)

Figure 15. AUV autonomous exploration process of the proposed method in Scenario 1. The red paths

mark actual navigation trajectories of AUV. Its starting position, current target point, and real-time
pose are indicated by the black dot, purple dot, and black arrows, respectively. For exploration
planning, the blue dots and green lines represent the viewpoints and edges of the local random tree,
while the brown dots and dark blue lines denote those of the global random tree.

During exploration, the local viewpoint generator continuously produces candidate
viewpoints near the current AUV position, allowing the system to preferentially explore
nearby unknown regions. When the local generator no longer produces valid viewpoints
containing frontier information, the target assignment module switches to the global
viewpoint generator and selects the globally optimal reachable viewpoint for backtracking
exploration, as shown in Figure 15d. This local-global coordination mechanism enables
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the AUV to maintain exploration continuity while avoiding unnecessary long-distance
traversal during local exploration.

(a) Actual scene (b) Grid map

Figure 16. Path comparison of the proposed method in the actual scene and grid map in Scenario 1.
The purple path represents the route of AUV in the simulation environment, and the red path
represents its route in the built 2D grid map.

The corresponding exploration result of the frontier-based method in Scenario 1 is
shown in Figure 17.

(a) Actual scene (b) Grid map

Figure 17. Path comparison of the frontier-based algorithm in the actual scene and grid map in
Scenario 1. The purple path represents the route of AUV in the simulation environment, and the red
path represents its route in the built 2D grid map.

Because the frontier-based strategy selects frontier targets mainly according to global
frontier information without explicitly considering heading-dependent sensing and turning
cost, the resulting exploration trajectory contains additional long-distance transitions and
repeated backtracking motions. In contrast, the proposed method incorporates sensing
coverage and motion cost into viewpoint generation and evaluation, thereby improving
exploration efficiency.

To further contextualize the performance of the proposed method, we provide a
qualitative comparison against two representative state-of-the-art exploration frameworks:
the DSVP [18] and TARE [10]. The DSVP restricts viewpoint sampling within a fixed sliding
window that is decoupled from the actual sensor field of view. The actual detection range of
the sonar will dynamically change according to the surrounding environment, resulting in
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some areas within the sliding window being inaccessible. This fixed-window strategy tends
to generate a large number of invalid samples outside the observable region, which is the
same issue we quantitatively analyzed in Section 4.2. TARE employs a hierarchical global-
local planning structure; however, its global planner does not explicitly account for the
AUV’s continuous-curvature constraints, and its local viewpoint generation still relies on a
predefined geometric space rather than real-time sonar coverage. In contrast, our method
constructs the sampling region directly from the instantaneous sonar detection sector
and incorporates heading deviation into the utility function, thereby avoiding these two
limitations. A full quantitative comparison against these methods on a unified simulation
platform is left as immediate future work. To quantitatively evaluate the exploration
performance, five repeated experiments are conducted in Scenario 1. The experimental
results are listed in Table 3.

As shown in Table 3, the proposed method achieves shorter exploration paths and
lower mapping time in all the trials. Compared with the frontier-based method, the average
exploration path length is reduced by 15.12%, while the average mapping time is reduced
by 13.83%. The results indicate that the proposed sensing—motion-aware exploration
framework can improve exploration efficiency in open underwater environments.

Table 3. Repeated experimental results in Scenario 1.

Trial Algorithm Path Length (m) Mapping Time (s)
1 Proposed 285.36 608.43
Frontier-Based 328.32 692.96
5 Proposed 290.14 614.97
Frontier-Based 331.47 696.33
3 Proposed 282.63 605.78
Frontier-Based 342.78 714.12
4 Proposed 279.05 593.72
Frontier-Based 325.89 690.17
5 Proposed 276.94 591.75
Frontier-Based 337.59 704.78
Average Proposed 282.82 602.93
& Frontier-Based 333.21 699.67

To further evaluate the exploration performance under stronger geometric constraints,
additional experiments are conducted in Scenario 2, which contains surrounding obstacles
and corridor-like structures. The exploration process and trajectory comparison are shown
in Figures 18 and 19.

Because the initial exploration area in Scenario 2 contains corridor-like structures,
the proposed sonar-aware local viewpoint generator tends to produce viewpoints dis-
tributed along reachable sensing regions. This characteristic allows the AUV to gradually
move toward the corridor exit while maintaining efficient local exploration. Furthermore,
the viewpoint evaluation function explicitly incorporates heading deviation cost, which
suppresses excessive turning motions during exploration. As a result, the AUV trajectory
remains smoother during surrounding exploration around obstacle-dense regions.

When the local viewpoint generator no longer contains valid frontier viewpoints,
the target assignment module switches to the global viewpoint generator and selects the best
reachable global viewpoint for exploration continuation, as shown in Figure 18f. This mech-
anism improves exploration completeness while reducing blind backtracking behavior.

The exploration result of the frontier-based method in Scenario 2 is shown in Figure 20.
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Because the frontier-based method mainly relies on global frontier information without
explicitly modeling motion constraints and heading-dependent sensing, the resulting
exploration trajectory still contains repeated surrounding motions and additional long-
distance transitions.

Five repeated experiments are conducted in Scenario 2, and the quantitative compari-
son results are listed in Table 4.

As shown in Table 4, the proposed method consistently outperforms the frontier-based
method in both exploration path length and mapping time. Compared with the frontier-
based method, the average exploration path length is reduced by 12.31%, while the average
mapping time is reduced by 11.41%.

Overall, the experimental results demonstrate that the proposed framework achieves
stable improvements in viewpoint generation efficiency, motion-consistent path execu-
tion, and overall exploration performance. By coupling sonar-aware viewpoint gener-
ation, motion-aware viewpoint evaluation, local-global target assignment, and motion-
constrained path execution into a unified framework, the proposed method improves ex-
ploration efficiency in both open and geometrically constrained underwater environments.

Table 4. Repeated experimental results in Scenario 2.

Trial Algorithm Path Length (m) Mapping Time (s)
1 Proposed 270.19 574.92
Frontier-Based 305.84 638.31
’ Proposed 264.47 564.83
Frontier-Based 313.93 665.09
3 Proposed 267.02 566.64
Frontier-Based 310.62 653.49
4 Proposed 272.86 577.76
Frontier-Based 298.35 625.57
5 Proposed 268.71 571.42
Frontier-Based 303.15 640.74
Average Proposed 268.65 571.11
8 Frontier-Based 306.38 644.64

(a) (b)
Figure 18. Cont.
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Figure 18. AUV autonomous exploration process of the proposed method in Scenario 2. The red paths
mark actual navigation trajectories of AUV. Its starting position, current target point, and real-time
pose are indicated by the black dot, purple dot, and black arrows, respectively. For exploration
planning, the blue dots and green lines represent the viewpoints and edges of the local random tree,
while the brown dots and dark blue lines denote those of the global random tree.
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(a) Actual scene (b) Grid map

Figure 19. Path comparison of the proposed method in the actual scene and grid map in Scenario 2.The
purple path represents the route of AUV in the simulation environment, and the red path represents
its route in the built 2D grid map.

(a) Actual scene (b) Grid map

= —

Figure 20. Path comparison of the frontier-based algorithm in the actual scene and grid map in
Scenario 2. The purple path represents the route of AUV in the simulation environment, and the red
path represents its route in the built 2D grid map.

It should be noted that the current study is conducted in a fixed-depth two-dimensional
exploration setting, and the sonar model is simplified relative to real underwater acoustic
sensing conditions. Furthermore, the current validation is limited to simulation experi-
ments. Future work will focus on extending the proposed framework to three-dimensional
underwater environments, integrating higher-fidelity sonar sensing models, and conduct-
ing real-world AUV experiments in marine environments.

4.5. Discussion

The experimental results indicate that the main challenge in AUV autonomous explo-
ration lies not merely in boundary search or path planning itself but rather in designing
exploration planning algorithms that are suitable for the AUV’s motion perception char-
acteristics and have appropriate complexity under its limited computational resources.
When designing such algorithms, it is essential to minimize computational complexity,
reduce unnecessary computational overhead, and incorporate the cost of AUV heading
adjustments into the evaluation criteria for various decision-making processes.

From this perspective, the effectiveness of the proposed framework mainly comes
from maintaining consistency between sensing coverage and motion execution during
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exploration. In local viewpoint generation, the sampling region is directly constrained by
the actual sonar detection coverage instead of a predefined geometric window. This mecha-
nism changes the spatial distribution of random-tree expansion and reduces invalid growth
toward unreachable or weakly observable regions. In viewpoint evaluation, introducing
heading deviation into the utility function suppresses exploration decisions that require
excessive turning. The experiments in surrounding-obstacle environments indicate that
this mechanism can reduce repeated heading adjustments and unnecessary backtracking
motions during exploration. In path execution, the combination of path smoothing and
motion-constrained local tracking further improves the continuity between global plan-
ning and AUV motion behavior, reducing the inconsistency between planned paths and
executable trajectories.

The comparison with the frontier-based method also reflects the influence of sensing—
motion coupling on exploration behavior. Frontier-based exploration tends to prioritize
regions with higher frontier information gain from a global perspective. However, when
directional sensing and turning costs are considered, the globally information-rich region
may not correspond to the motion-efficient exploration target. This mismatch becomes more
significant in corridor-like and surrounding-obstacle environments, where large heading
adjustments and repeated navigation transitions can substantially increase exploration cost.
The proposed framework alleviates this issue by incorporating sensing constraints and
motion characteristics into viewpoint generation, evaluation, and execution simultaneously
rather than treating them as isolated modules.

Several limitations still exist in the current study. The proposed framework is devel-
oped under a fixed-depth two-dimensional exploration assumption and therefore does not
fully capture the complexity of three-dimensional underwater motion and perception. This
2D setting is appropriate for applications such as fixed-depth inspection along pipelines,
walls, and planar structural sections, where the main decision difficulty is horizontal view-
point selection under directional sensing. In addition, the sonar sensing model used in
simulation is simplified relative to real underwater acoustic propagation and does not
explicitly model uncertainty caused by acoustic noise, multipath effects, water-current
disturbances, or dynamic environmental interference. Ocean currents may change effec-
tive turning cost, energy consumption, and tracking error; therefore, current-aware cost
terms and disturbance observers should be incorporated before deployment in strong-flow
environments. Furthermore, the current experiments are conducted in relatively static
environments, while real underwater exploration tasks may involve moving obstacles and
time-varying environmental conditions. These factors may influence viewpoint evaluation,
trajectory execution, and long-term exploration stability in practical deployments.

5. Conclusions

This paper proposed a motion-aware autonomous exploration framework for AUVs
operating in complex underwater environments. Unlike conventional exploration methods
that implicitly support high-complexity algorithms and low-cost turning, the proposed
framework has been designed with an effective sampling mechanism based on the actual
detection coverage area of the sonar for viewpoint generation and has also been designed
with corresponding planning and motion execution methods in combination with the move-
ment characteristics of the AUV. Meanwhile, the framework integrates sonar-aware local
viewpoint generation, motion-aware viewpoint evaluation, local-global target assignment,
and motion-constrained path execution into a unified autonomous exploration pipeline.

In the viewpoint-generation stage, the actual sonar detection coverage is used directly
as the local sampling region, ensuring that the random-tree expansion process remains con-
sistent with the AUV’s effective sensing region. A two-stage weighted sampling strategy
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further improves valid viewpoint generation efficiency in geometrically constrained envi-
ronments. In the viewpoint-evaluation stage, heading deviation cost is incorporated into the
utility function to suppress excessive turning motions during exploration. A local-priority
and global-backtracking target assignment strategy is then introduced to balance local
exploration efficiency and global exploration completeness. Finally, a motion-constrained
path execution framework that combines Douglas—Peucker keypoint extraction, cubic
Bezier smoothing, and DWA-based local tracking is designed to generate trajectories that
are consistent with AUV motion characteristics.

Extensive experiments are conducted on a high-fidelity underwater simulation plat-
form developed using Unreal Engine and ROS. The experimental results demonstrate
that, in corridor environments, the proposed adaptive sampling strategy increases valid
viewpoint generation by 58.5%. In open and obstacle-surrounded scenarios, it reduces
average exploration path length by 15.12% and 12.31% and mapping time by 13.83% and
11.41%, respectively. The results further verify that explicitly considering the coupling
between sensing coverage and motion cost can improve the overall efficiency and motion
consistency of AUV autonomous exploration.

The current study is conducted in a fixed-depth two-dimensional exploration setting
with a simplified sonar sensing model. Although the proposed framework demonstrates
stable performance improvements in simulation environments, several challenges remain
for practical underwater deployment. Future work will focus on extending the framework
to fully three-dimensional underwater exploration, integrating higher-fidelity acoustic
sensing and uncertainty modeling, and validating the proposed method on physical AUV
platforms in real marine environments. In addition, future research will investigate co-
operative multi-AUV exploration and learning-based adaptive exploration strategies for
large-scale unknown underwater environments.
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