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Abstract

Nearshore environments, characterized by complex obstacle distributions and dynamic
disturbances, pose significant challenges to global path planning for unmanned underwater
vehicles (UUVs). To address these challenges, this paper proposes an improved artificial
potential field-guided RRT* (IAPF-RRT*) method for efficient and robust path planning in
coastal environments. The proposed approach integrates an improved artificial potential
field into the sampling and node expansion processes to enhance goal-directed exploration
and obstacle avoidance capability. In addition, a target-biased sampling strategy and an
adaptive attraction mechanism are introduced to accelerate convergence, while a NURBS-
based refinement scheme is employed to improve trajectory continuity and smoothness.
Extensive simulations in representative scenarios demonstrate that the proposed method
significantly improves planning efficiency, reducing planning time by up to 80% compared
with conventional RRT-based methods, while substantially decreasing redundant node
expansion and improving trajectory smoothness. A consistently high success rate is main-
tained across all scenarios. Field experiments in nearshore environments further validate
the robustness and practical applicability of the proposed method. These results indicate
that the proposed IAPF-RRT* method achieves a favorable balance between efficiency, ro-
bustness, and path quality, making it well-suited for real-world UUV operations in complex
nearshore environments.

Keywords: unmanned underwater vehicles (UUVs); global path planning; nearshore
environments; RRT*; artificial potential field; autonomous navigation

1. Introduction

With the increasing demand for marine resource exploitation and sustainable ocean
management, activities such as coastal exploration [1], environmental monitoring [2],
seabed mapping [3], and military reconnaissance [4] have become increasingly important.
These tasks are typically conducted in nearshore and shallow-water environments, which
are characterized by complex and highly heterogeneous conditions. In such environments,
autonomous navigation is particularly challenging due to dense obstacle distributions,
limited maneuvering space, and dynamic disturbances induced by ocean currents and
tidal effects. Unmanned Underwater Vehicles (UUVs), capable of autonomous operation
in complex underwater environments, have gradually become indispensable tools for
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scientific investigation and environmental monitoring in coastal regions. Equipped with
task-specific sensing systems, UUVs can perform real-time measurements of key environ-
mental parameters, including temperature, salinity, turbidity, and dissolved oxygen [5],
while autonomous navigation significantly improves operational efficiency, safety, and
mission reliability.

Path planning plays a central role in UUV autonomous navigation. It aims to generate
a safe, feasible, and collision-free trajectory from the start point to a target location while
optimizing performance metrics such as path length, energy consumption, and travel
time [6]. However, nearshore environments introduce significant challenges due to irregular
seabed topography, dense static obstacles, and dynamic disturbances. For example, in
aquaculture scenarios, UUVs must avoid fixed structures such as cages and reefs while
responding to moving objects such as vessels and marine organisms. These factors make
it difficult for conventional planning methods to simultaneously achieve high efficiency,
robustness, and solution optimality.

Existing path-planning approaches can generally be categorized into global and local
methods [6,7]. From a methodological perspective, they can be further divided into graph
search-based, artificial potential field (APF)-based, bio-inspired optimization, and sampling-
based approaches. Graph search methods, such as A* and Dijkstra algorithms [8-10],
guarantee completeness and can obtain optimal solutions in discretized environments.
Their computational complexity increases significantly with the size and resolution of the
environment, which limits their applicability in large-scale and continuous underwater
scenarios. APF-based methods have been widely applied in AUV /UUYV path-planning due
to their high computational efficiency and intuitive physical interpretation. The classical
formulation proposed by Khatib [11] enables real-time obstacle avoidance through artificial
attractive and repulsive forces. Subsequent studies have extended this framework to under-
water environments, including improved APF formulations for AUV path planning [12],
multisource data-assisted potential field modeling [13], dynamic velocity-based potential
field methods for multi-AUV coordination [14], and grid-based APF fusion strategies for
handling complex obstacle distributions [15]. Despite these improvements, APF-based
methods still suffer from inherent limitations, such as local minima, oscillatory behavior,
and target non-reachability, which restrict their reliability in complex environments. To
further address these limitations, recent studies have explored advanced APF-based ap-
proaches by incorporating bio-inspired and learning-based mechanisms. For example,
membrane evolutionary artificial potential field methods introduce evolutionary strategies
to enhance global search capability and alleviate local minima issues [16]. In addition,
QAPEF-based learning approaches integrate adaptive learning mechanisms to improve path
planning performance in both known and unknown environments [17]. However, these
methods still primarily rely on potential-field formulations and lack an effective global
exploration capability. As a result, their performance remains limited in complex environ-
ments with highly constrained spaces or dynamic obstacles. Bio-inspired optimization
methods, such as ant colony optimization and genetic algorithms, have also been explored
for underwater path planning. For instance, improved ant colony algorithms have been
used to generate smooth AUV trajectories [18,19], while adaptive genetic algorithms have
been applied to dynamic 3D path planning [20]. In addition, recent studies have incorpo-
rated environmental factors such as ocean currents [21] and hydrodynamic effects through
CFD-assisted optimization frameworks [22], further enhancing path feasibility. These
methods provide strong global search capability and flexibility. They typically involve
high computational cost and iterative optimization processes, making real-time imple-
mentation challenging in dynamic underwater environments. Sampling-based methods,
particularly RRT and its variants, have attracted increasing attention due to their proba-
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bilistic completeness and ability to efficiently explore high-dimensional spaces. Compared
with graph search and optimization-based approaches, these methods exhibit better adapt-
ability to complex and continuous environments. However, their reliance on stochastic
sampling often leads to slow convergence and redundant node expansion, especially in
cluttered scenarios. While each category offers distinct advantages, none of them can
simultaneously achieve efficient global exploration and reliable local guidance in complex
underwater environments, which motivates the development of more effective hybrid
planning frameworks.

Among sampling-based approaches, the Rapidly exploring Random Tree (RRT) [23]
algorithm has been widely applied to underwater navigation problems due to its proba-
bilistic completeness and wide application in underwater applications [24,25]. To address
its lack of optimality, Karaman and Frazzoli [26] introduced the RRT* algorithm, which
achieves asymptotic optimality through a rewiring mechanism based on random geometric
graphs. As the number of iterations approaches infinity, RRT* is guaranteed to converge
to the optimal solution. This property makes RRT* more suitable for long-duration and
energy-constrained UUV missions [6,27]. To improve the sampling efficiency of RRT*,
Gammell et al. [28] proposed the Informed-RRT* algorithm. This method first obtains an
initial feasible solution using RRT*, and then restricts subsequent sampling to an ellipsoidal
subset of the state space defined by the start, goal, and current path cost. As the solution
is iteratively refined, the sampling region progressively shrinks, thereby accelerating con-
vergence toward the optimal solution [29]. Despite its asymptotic optimality, RRT* often
suffers from slow convergence due to its single-tree exploration mechanism. To address
this limitation, bidirectional search strategies have been introduced. The bidirectional RRT*
(Bi-RRT*) [30] algorithm accelerates convergence by simultaneously growing two trees from
the start and goal states, thereby reducing redundant exploration and improving search
efficiency. This strategy has also been applied in underwater path planning scenarios [31].
More recently, RRT*-based approaches have been further developed for long-horizon and
cost-aware path planning to improve trajectory efficiency in extended missions [32], as well
as curvature-constrained trajectory generation using B-spline representations to ensure
smoothness and kinematic feasibility [33].

In recent years, state-of-the-art (SOTA) path-planning methods have increasingly
focused on enhancing RRT*-based frameworks through heuristic guidance and structural
optimization. Representative approaches include Informed-RRT*, bidirectional RRT*-based
methods, and hybrid APF-guided RRT* frameworks, which introduce directional guidance
into the sampling and node-expansion processes to improve convergence efficiency and
path quality. To further improve search efficiency, heuristic guidance mechanisms have
been introduced to bias sampling toward target regions, improving goal-oriented search
behavior [34]. Building on this idea, artificial potential field (APF)-based guidance has
been incorporated into RRT frameworks to further enhance exploration efficiency [35].
Hybrid APF-RRT and APF-RRT* methods have been proposed to improve exploration
efficiency [36-38], where potential field guidance is incorporated into the sampling and
node expansion processes. Moreover, adaptive potential functions and enhanced sampling
strategies have been proposed to further improve robustness and planning efficiency [39].

Despite these advances, most existing SOTA methods rely on heuristic-level integra-
tion, where guidance strategies are applied as external bias terms without modifying the
underlying tree-growth mechanism. As a result, the interaction between global exploration
and local guidance remains loosely coupled, limiting their ability to effectively resolve
issues such as local minima, target non-reachability, and dynamic adaptability in complex
environments. To provide a clear understanding of the characteristics of existing methods, a
comparative summary of representative path-planning approaches is presented in Table 1.
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Table 1. Functional capability comparison of representative path-planning methods.
Aleorithm Global Directed Fast Local Minima Goal Dynamic Obstacle Path

8 Exploration Guidance Convergence Avoidance Reachability Handling Smoothness
APF X v v X X A A
RRT v X A v v X X
RRT* v X X 4 v X A
Bi-RRT* 4 X 4 4 v X A
Informed-RRT* v A A v v X A
APF-RRT* v 4 A X X A A
Bi-APF-RRT* v 4 v X X A A
Our IAPF-RRT* v v v v v v v

v indicates the feature is supported, x indicates the feature is not supported, /A denotes partially supported.

As shown in Table 1, different methods exhibit complementary strengths but also
inherent limitations. APF-based methods provide efficient local guidance and strong
directionality, but they lack global exploration capability and are prone to local minima and
target non-reachability. In contrast, RRT-based methods ensure reliable global exploration
and asymptotic optimality, but suffer from low convergence efficiency and redundant node
expansion due to their inherent randomness. Hybrid APF-RRT* approaches attempt to
combine these advantages, but their performance remains constrained in complex and
dynamic environments. SOTA path-planning methods primarily focus on improving
sampling-based frameworks through enhanced exploration strategies, heuristic guidance,
and hybrid integrations, such as Informed-RRT*, bidirectional RRT*-based methods, and
APF-guided RRT* variants. Despite these advances, most existing methods rely on loosely
coupled integration strategies, where guidance mechanisms are introduced as external
heuristic biases without fundamentally modifying the underlying tree-growth process. As a
result, the coordination between global exploration and local guidance remains suboptimal,
limiting their ability to effectively address challenges such as local minima, target non-
reachability, and dynamic obstacle interactions. There is still a need for a more tightly
integrated planning framework that can simultaneously enhance exploration efficiency
and guidance reliability. This motivates the development of the proposed method.

To address these limitations, this paper proposes an Improved Artificial Potential Field-
guided RRT* (IAPF-RRT*) framework for global path planning in nearshore environments.
Unlike conventional approaches, the proposed method introduces a mechanism-level
integration of the potential field into the tree expansion process. Specifically, the IAPF is
designed to explicitly mitigate local minima, ensure target reachability, and incorporate
dynamic obstacle interactions. Furthermore, the potential field is embedded into both
the sampling and node-expansion stages, enabling a tightly coupled interaction between
stochastic exploration and directional guidance. This results in improved convergence
efficiency, enhanced path quality, and stronger robustness in complex environments.

The primary contributions of this paper are summarized as follows:

1.  Animproved artificial potential field-guided RRT* (IAPF-RRT*) framework is pro-
posed, in which the potential field is tightly integrated into the sampling and node ex-
pansion processes. This mechanism-level integration enhances the coupling between
stochastic exploration and directional guidance, thereby improving goal-directed
search and obstacle avoidance capability.

2. A target-biased sampling strategy and a weight-adaptive attraction mechanism are
developed to balance global exploration and local exploitation. These strategies
accelerate convergence and effectively reduce redundant node expansion, leading to
improved planning efficiency.
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3. A NURBS-based path refinement scheme is introduced to improve trajectory continu-
ity and curvature smoothness. This post-processing approach generates higher-quality
and dynamically feasible paths for UUV operations.

4.  Extensive simulations and real-world field experiments in representative nearshore en-
vironments are conducted to validate the proposed method. The results demonstrate
significant improvements in planning efficiency, path quality, and robustness com-
pared with state-of-the-art RRT-based methods, confirming the practical applicability
of the framework.

The remainder of this paper is organized as follows: Section 2 introduces the problem
formulation and the necessary background. Section 3 presents the proposed IAPF-RRT*
framework. Section 4 reports the results from both simulation and field experiments and
provides a comprehensive discussion. Section 5 concludes the paper.

2. Mathematical Representation

This section briefly reviews the RRT* algorithm and the APF method, followed by a
discussion of their limitations to motivate the proposed approach.

2.1. Problem Formulation

In this study, the global path planning problem for a UUV operating in nearshore
environments is formulated in a continuous configuration space. Let gq;,,;; and goal denote
the initial and target states, respectively. The objective is to generate a collision-free and
dynamically feasible trajectory that connects the start and goal while optimizing path
quality metrics such as length, smoothness, and safety.

The environment consists of both static and dynamic obstacles. Static obstacles repre-
sent seabed structures such as reefs and aquaculture facilities, whereas dynamic obstacles
include moving vessels and marine organisms. The path-planning algorithm must therefore
ensure collision avoidance under both geometric and kinematic constraints.

2.2. RRT* Algorithm

The RRT* algorithm is a sampling-based motion planning method that incrementally
constructs a tree in the collision-free configuration space to explore feasible paths while
optimizing path quality. As shown in Figure 1, starting from the initial state g;,;;, the
algorithm iteratively samples random states g,,,s from the free space and identifies the
nearest node §uearest in the current tree according to a distance metric. A new node gpew
is then generated by steering from guearest toward g,,,5 with a predefined step size Ad,
provided that the motion is collision-free. Unlike the standard RRT algorithm, RRT*
introduces an optimization mechanism through a neighborhood search and rewiring
process. Specifically, a set of neighboring nodes Q¢ within a certain radius around gyeq
is identified. Among these candidates, the node that yields the minimum cost from the
start state to g,y is selected as its parent. Subsequently, the algorithm evaluates whether
the newly added node gy can serve as a better parent for nearby nodes. If a lower-cost
path is found, the tree structure is updated accordingly. This process of sampling, node
expansion, and local rewiring is repeated until the tree reaches the goal region or satisfies
a predefined termination condition. Finally, the optimal path is obtained by tracing back
from the goal node to the initial state along the parent links in the tree.
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qnearest

Figure 1. RRT* sampling illustration.

2.3. APF Algorithm

The APF method models the UUV as a particle moving under the combined influence
of attractive and repulsive potential fields. The attractive potential is generated by the
target, while repulsive potentials are induced by surrounding obstacles [11]. The motion of
the UUV is governed by the resultant force derived from the gradient of the total potential
field, as illustrated in Figure 2.

y
* goal
obstacle 2

® Fau

obstacle 1

o b

Figure 2. The combined force analysis of UUV.

Figure 2 shows that the UUV is subject to an attractive force F, from the goal as well
as repulsive components Fy.;1, Frep2 generated by nearby obstacles. The resultant force F
acting on the UUV is obtained through vector superposition. The UUYV trajectory follows
the direction of the steepest descent of the potential field, which is governed by the negative
gradient of the total potential.

Attractive potential field. Let q(x,y,z) denote the UUV position and g4 (xg, yg, z¢)
denote the target position. The attractive potential field U,y is defined as follows:

1
Uart = Ekattpz(q/ qs) 1)

where kg is the proportional gain coefficient parameter, while p(g, q,) is the Euclidean
distance between the UUV and the target.

q, ‘7gH = \/(x - xg)Z + (v - yg)2 (2)

The corresponding attractive force Fy(g) is the negative gradient of the potential field

0(q,q5) = |

Ut (q). It always points from the UUV toward the target, and its magnitude increases
with distance.

1
Fart(q) = =VUan(q) = —V(Ekuttpz(ﬂl, qg)) = —kartp(q,qg) 3)

Repulsive potential field. The repulsive potential field Uy, (q) generated by an envi-
ronmental obstacle is defined as follows:
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Soep Gy~ 30) 0= P00) <o
ur@P(Q) = {2 p(p(qr%) Pu) o\q,9 Y (4)

0 0(q,90) > po

where kyp is the proportional gain coefficient, g, denotes the obstacle position, and
p(4, 40) represents the Euclidean distance between the obstacle and the UUV. The parameter
Po is the maximum influence range. The distance p(qg,q,) is expressed as follows:

o(8,0) = 13,900l = /(x — %2 + (v — y0)? 5)

within the obstacle influence region, the repulsive force Fy¢y(q) is obtained as the negative
gradient of Uyp(q).

Frep(ﬂ) = {krep(p(‘;%) B plO)Pz(ql'%)vp(q’ qo) 0< p(qr %) < po ©)

0 0(9,90) > po

where the unit direction vector Vp(g, 4,) from the obstacle to the UUV is expressed as follows:

VM%%%:;:Z| (7)

The repulsive force increases rapidly as the UUV approaches the obstacle, ensuring
collision avoidance.

Total potential field. The total artificial potential field U(q) is obtained by superimpos-
ing the attractive potential field Uqt(q) and the repulsive potential fields Uy, i(q)-

n

U(q) = Uart(q) + Z ure‘p,i(q) 8)
i=1
Here, n denotes the number of obstacles.
The resultant force F(g) acting on the UUV is defined as the negative gradient of the
total potential field.

n

F(q) = —VU(q) = Fant(q) + Z; Frep,i(q> )
i=

Under the action of the total potential field, the UUV moves from regions of higher
potential toward lower potential, gradually approaching the target while maintaining
safe distances from obstacles. This process corresponds to a gradient-descent-based path
generation mechanism in the configuration space.

In addition to sampling-based methods, optimization-based approaches such as
CHOMP and TrajOpt have demonstrated strong performance in structured environments
by directly optimizing trajectory smoothness and feasibility. Meanwhile, learning-based
approaches, including reinforcement learning and deep neural networks, have shown
promising adaptability in complex and dynamic scenarios.

However, the application of these methods in nearshore UUV environments re-
mains challenging due to environmental uncertainty, limited prior information, and
high computational requirements. In contrast, sampling-based methods provide a fa-
vorable balance between computational efficiency, robustness, and real-time applicability.
Therefore, this work focuses on improving sampling-based planning through adaptive
guidance mechanisms.
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3. IAPF-RRT*-Based Path-Planning Framework

In this section, the proposed IAPF-RRT* algorithm is presented to address the limita-
tions of conventional RRT*-based methods, where IAPF is incorporated to guide sampling
and improve exploration efficiency.

3.1. Overview

The proposed IAPE-RRT* integrates the complementary advantages of the IAPF and
RRT* methods, where the potential-field forces generated by the IAPF are embedded
into the random-sampling and node-expansion processes to provide dynamic guidance
during tree growth. Figure 3 illustrates the overall structure of the proposed method. First,
an IAPF-based guidance strategy is incorporated into the sampling and node-expansion
processes, enabling the random tree to grow toward promising regions while improving
goal-directed exploration. Second, a sampling-bias mechanism is introduced to steer the
sampling process toward the target region, thereby enhancing convergence efficiency
and reducing unnecessary exploration. Third, a weight-adaptive attraction guidance
mechanism is designed to regulate node expansion, effectively suppressing redundant
branch growth while maintaining efficient tree extension toward the goal. Finally, a path
refinement module is employed to improve trajectory quality. Redundant nodes are
removed through post-processing, and NURBS-based interpolation is applied to enhance
path smoothness and curvature continuity, thereby improving maneuverability in confined
coastal environments. The detailed implementation of these components is presented in
the following subsections.

3.2. Improved Artificial Potential Field (IAPF) Strategy

Although RRT* alleviates local-minimum stagnation through stochastic exploration,
an IAPF is still required to enhance local robustness, address target non-reachability, and
ensure safe navigation in dynamic environments. To overcome the target non-reachability
issue in conventional APF, a distance-adjusted repulsive potential is introduced to guaran-
tee that the goal remains the global minimum of the potential field. To resolve local minima,
a virtual sub-goal escape strategy is designed to break the force equilibrium between the
target attraction and obstacle repulsion. Furthermore, to handle dynamic obstacles, a
relative-velocity-based avoidance mechanism is incorporated to enable adaptive path ad-
justment in the presence of moving objects. These improvements significantly enhance the
robustness and adaptability of UUV path planning in highly dynamic coastal environments.
The workflow of the proposed IAPF process is illustrated in Figure 4.

3.2.1. Goal Non-Reachability Mitigation Strategy

To overcome the goal non-reachability problem, the proposed IAPF method introduces
a distance-adjusted repulsive potential formulation. The repulsive potential field function
Uy,, is modified by introducing the distance p(q, 45) between the UUV and the target point,
together with a repulsive correction factor n. This function adaptively adjusts the repulsive
potential field strength according to the UUV target distance, thereby ensuring that the
repulsive potential decays as the goal is approached. As a result, the target consistently
remains the global minimum of the potential field.

In accordance with the practical requirements of UUV path planning, the mathematical
expression of Uy, (q) can be formulated as follows:

2
ue () = | G —a) 0" @ae) 0<p(9.9.) < oo 10)
TEP q
0 0(4,40) > po
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In contrast to the conventional repulsive potential in Equation (4), the modified
formulation in Equation (10) adjusts the repulsive field strength based on the distance
0(4,90) and the repulsive correction factor 1, thereby preserving the target as the global
minimum of the potential landscape. Furthermore, the repulsive component becomes zero
when the UUV-obstacle distance exceeds the maximum influence range of the repulsive

field (i.e., p(q,90) > po)-

Initialize the random tree 7, parameters of improved artificial
potential field algorithm, start point, goal point and step size

v

Generate random sampling point q,,,,

A

v

Find the nearest node 9,cuess 10 4,0 » and

apply IAPF force Fapf t0 NOdE G, e
Equation (31)

Sampling bias probability p
< bias threshold py

!

Compute the attraction force F., Generate random sampling point ¢, in the

exerted by 9w ON G eures
Equation (32)

convergence region of the target point

’

Weight-Adaptive gravitational guidance strategy
Equation (29)

Goal point

i Path smoothing strategy

Modified new node 4., generation function ¢
Equation (33) Global path generation

End

Figure 3. IAPF-RRT algorithm flowchart.

As the vehicle moves closer to the goal, the magnitude of the corrected repulsive
potential field gradually diminishes in proportion to the remaining distance between the
UUYV and the target. The repulsion correction factor n serves to regulate the decay rate of
the repulsive potential field. When n = 0, the corrected repulsive potential field U, (q) is
identical to the original repulsive potential field Uy.,(q), and no modification is applied.
When 7 is a positive constant, the repulsive force decays to zero as the UUV approaches the
goal. The selection of the parameter 7 is critical: an excessively large value can compromise
obstacle avoidance. Consequently, n should be initialized with a small value and increased
gradually to achieve effective regulation of the repulsive potential field.
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v Yes

Initialize UUV position

\ 4

goal point

v

IAPF algorithm <«—— No

v v

U, (v) introduce relative U, (v) introduce repulsive
distance p(¢.9,) correction factor »
Virtual sub-goal escape strategy | v |
¢ Modify repulsive potential field
Escape from local minimum region ¢
¢ Approach the target
» Adaptive dynamic obstacle avoidance [«

¢ End

Introduce velocity-based
repulsive potentia U, (v)

Figure 4. Flowchart of the IAPF Algorithm.

When the UUV enters the influence range of the corrected repulsive potential field,

the corrected repulsive force F,,(q) is defined as the negative gradient of the corrected

repulsive potential field function Uy, (q).

. . F: . (q) + F 0<p(q,9) <
Fop(a) = ~ Vil (g) = | Lo @ +Fraald) 0= p@do) po gy,
0 P(4,40) > po
The corrected repulsive force consists of two components, F;, ; (¢) and F;, ,(q), whose
mathematical expressions are provided in Equations (12) and (13), respectively.
1 (8) = rep o = )V p(g,40)p" (4, 4) (12)
repl “Po(q,90) 0o’ 02 (q,90) TS
n 1 1.2
* - "k S n—1 , \V4 , 13
rep2(4) = =3 krep (s = 5-) 07 (4,45) Vela 4g) (13)

The component Fy, ,; (7) is determined by Vp(q, 7¢) and is directed from the obstacle

toward the UUV, while the component Fj, ,

the UUV toward the target. In the IAPF algorithm, the corrected repulsive field is analyzed

() is determined by Vp(q, g¢) and points from

vectorially, as illustrated in Figure 5. The corrected repulsive force depends not only on
the distance between the UUV and the obstacle but also gradually weakens as the UUV
approaches the target, with the decay rate regulated by the correction factor n. When the
UUV approaches the goal region, the repulsive effect becomes much weaker, which enables
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the resultant force F* to better align with the desired direction and ultimately eliminates
the target non-reachability issue.

obstacle

F;‘ep

Figure 5. Vector analysis diagram of IAPF correction repulsive potential field.

When n = 0, the corrected force component F:;EPZ

repulsive force F},(q) degenerates into the original repulsive force Frp(q). Under this

(q) becomes zero, and the corrected

condition, the repulsive field formulation reduces to the conventional artificial potential

field, and the corrective mechanism is no longer active.
When 7 > 0, the corrected repulsive force component £, ,,

adjusted according to the relative distance between the UUV and the target. Depending on

(q) becomes active and is

the value of 1, three representative cases can be identified.

1. For0 < n <1, the corrected repulsive force F}, (q) becomes non-differentiable at the
target point x = xg. When the relative distance satisfies p(q,40) < po, the corrected
repulsive force function is expressed as:

1 1. 1
< (g) =k 2 "(q, (14)
@) =k G ™ v P )t @)
n 1 1.2 1

rzpz(Q) = *Ekrep(i - (15)

(4, 90) po) p="(q,95)

As the UUV moves closer to the target and p(q,4,) — 0, the corrected repul-
sive force component Fr*ep1
Fr*epz(q) — 00. The resultant force acting on the UUV remains positive and directed

from the UUV toward the target, ensuring that the UUV can smoothly converge to

(9) — 0, while the corrected repulsive force component

its destination.

2. When n = 1, the separation between the UUV and the obstacle meets the condition
0(4,90) < po, the corrected repulsive force can be expressed as:

1 1 1
y = kre - ’ 16
repl(q) P(p<q/q0) po)pz(qlqo)p(q Qg) (16)
1 1 1.2
« (7)) = —2kpep(——— — — 17
repZ(EI) 2 p(P<q/qo) Pg) ( )

As the UUV gradually approaches the target point and p(g,q) — 0, the corrected

. *
repulsive force component Flom

converges to a constant value. In this case, the overall corrected repulsive force F;,(q)

asymptotically approaches Fr*epz(Q)- As a result, the combined force always directs the

(q) tends toward zero, while the component Fr*epz(q)

vehicle toward the destination, allowing it to maintain forward motion and ultimately
arrive at the goal.
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3. Forn > 1, the corrected repulsive force I} ,(¢) is differentiable at the target point
x = xg. As the UUV moves closer to the goal and the relative distance p(g,qg)
gradually decreases, the magnitude of the corrected repulsive force F},(q) smoothly
attenuates toward zero, allowing the resultant potential field to guide the UUV steadily

toward the target.

3.2.2. Local Minimum Avoidance Strategy

To address the local minimum problem, a virtual sub-goal escape strategy is intro-
duced. When the UUV becomes trapped in a local minimum region, the global target is
temporarily replaced by a virtual sub-goal generated on the boundary of the obstacle’s
repulsive potential field. By reconfiguring the attractive potential field, the virtual sub-goal
produces an escape force that disrupts the equilibrium between attractive and repulsive
forces, guiding the UUV out of the local minimum region. Once the UUV reaches the
virtual sub-goal, it is immediately deactivated, and the path-planning process resumes
with the original global goal.

In the proposed IAPF algorithm, a circular region is constructed with the obstacle
position as the center and the obstacle’s repulsive influence range p, as the radius. Tangent
lines are drawn from both the current UUV position and the global goal position to this
circle, yielding two tangent points. The virtual sub-goal is then defined as the midpoint of
the circular arc between these two tangent points, as illustrated in Figure 6.

goal

yvA
,r"(xg, Vo)
Ry EEREN /
P N /
/ D i
’ N
' v
1 vy
1 ¥
Il I
\ o
\ 7 (x2,2)
\ X
AN _/,'3 virtual sub-goal

"’ 1 {
""_.‘—"’ (x1,y1) (x'g, ¥'e)

0 —>

X

Figure 6. Build virtual sub-target points.

Let the current UUV position be denoted by (x, y), the obstacle center by (x,,1,), and
the goal position by (x¢, y¢). The tangency point between the UUV and the constructed
circle is denoted by (x1,y1), and the tangency point associated with the goal is denoted
by (x2,y2). According to the geometric relationship, the tangency point (x1,y1) can be
expressed as:

_ Y=Y o cin_ P ) 2_ 2

X =x+ cos(arctanx _—— arcsmp(q/ 70 )\ p(q,90) — p? (18)
. . Y=Y . Po ) 2 -

n=y+ sm(arctanx - arcsmp(q’ 70 )\ p(q,90) — p? (19)

The coordinates of the tangency point (x2, ) between the goal position and the circle
can be expressed as:

o . xg — Xo . Y > )
Xp = X, + sin(arctan — arcsin————) - , — (20)
2 = Xg + sin Ve — o (G q0)) VP o)” = 5
Xo — Xo . Y 5
= — cos(arctan 3 — arcsin————) - , _ 2 (21)
Y2 =Yg ( Yo — Yo ol qo)) p(qg,90)" — P
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The position coordinates of the virtual sub-goal are denoted by (xé, y(ﬁ),), which can be
determined as:

= (22)
+
vy =122 (23)

3.2.3. Adaptive Dynamic Obstacle Avoidance Strategy

To address dynamic obstacle avoidance in complex environments, this paper pro-
poses an adaptive obstacle avoidance strategy based on relative velocity analysis. The
strategy builds upon the improved repulsive potential field model for solving the goal non-
reachability problem and further incorporates obstacle velocity to construct a secondary
corrected repulsive potential field Uy,,. By analyzing the relative velocity between the
UUV and dynamic obstacles along their line of sight, the proposed method determines
whether the UUV is moving toward the obstacle. If the UUV is moving away from the
dynamic obstacle, no avoidance action is required; if the UUV is moving toward the obsta-
cle, the strategy is triggered to update the trajectory online, guaranteeing safe and reliable
obstacle avoidance.

The mathematical expression of the secondary corrected repulsive potential field
Uy, (q,v) is defined as follows:

Usep(q) + Urep(v) 0 < p(q,q0) < po and v, = 0
Urep(q,0) = § Usp(q) 0 < p(q,90) < poand v, <0 (24)
0 else
The formulation of the repulsive potential component associated with relative velocity
Upep(v) is given by
(v—vp)e v,

v =ky—= 25
(4, 90) (4, 90) )

In this formula, Uy, ,(q) represents the corrected repulsive potential field defined in

Upep(v) =k

Equation (10), and Uy, (v) denotes the velocity-based repulsive potential field of dynamic
obstacles. The parameter k, is the gain factor of the velocity repulsive potential field, v is
the current velocity of the UUV, and v, represents the velocity associated with the obstacle.
The term v, denotes the relative velocity of the UUV with respect to the obstacle, projected
along the line connecting them, while e is the unit direction vector along this line. When
v, > 0, the UUV is moving toward the obstacle; when v, < 0, the UUV is moving away
from it.

By taking the negative gradient of the secondary corrected repulsive potential field
Uy, (q,v), the velocity-aware secondary corrected repulsive force Fy (g, v) is obtained and

rep
can be expressed as follows:

Fep(9) + Frep(v) 0 < p(q,90) < poand v, >0
Frop(q,0) = Uz (9,0) =  Fip(9) 0<p(q,90) <poandv, <0  (26)

0 else

The velocity repulsive force Fy.;(v) is expressed as

(v—1p)e v,
Ee. = VU, = —ky——— = —ky € 27
p(©) r(©) 0(q,q0) 0(q,q0) @7

https://doi.org/10.3390/jmse14090851


https://doi.org/10.3390/jmse14090851

J. Mar. Sci. Eng. 2026, 14, 851 14 of 41

Fr;p(q) represents the corrected repulsive force defined in Equation (11), whereas
Frep(v) denotes the velocity-based repulsive force induced by dynamic obstacles. When the
UUV moves toward an obstacle, Frep (v) acts in the opposite direction, steering the vehicle

away from the collision region. The vector analysis is illustrated in Figure 7a.

Dynamic obstacle

dynamic obstacle

dynamic obstacle

(a) (b) (©)

Figure 7. UUV and dynamic obstacle motion state: (a) repulsive potential field vector analysis;
(b) v, > 0; (c) v, < 0.

The secondary corrected repulsive potential is further augmented by incorporating a
velocity-dependent repulsive component associated with dynamic obstacles. This extension
enhances the adaptability of the UUV in complex and time-varying environments, thereby
improving navigation safety. By incorporating the relative motion information between the
UUV and surrounding dynamic obstacles, a velocity vector v, is introduced to characterize
their relative motion state. This formulation enables the planner to distinguish between
converging and diverging motion patterns, effectively preventing unnecessary or blind
collision-avoidance maneuvers.

Figure 7b,c illustrate the relative motion configurations between the UUV and sur-
rounding moving obstacles. In these illustrations, /1 represents the line of sight between the
UUYV and the obstacle, with [, aligned along and I3 orthogonal to it. In Figure 7b, when the
UUV is heading toward the target (v, > 0), a dynamic obstacle avoidance maneuver needs
to be executed. By contrast, in Figure 7c, when the UUV travels away from the obstacle
(v, < 0), the relative motion itself increases the distance between them, so collision risk
does not arise, and the velocity-based repulsive field does not need to intervene.

3.3. Target-Biased Sampling Strateqy

Due to the inherent randomness of the sampling process, conventional RRT* may
generate branches that deviate from the target region, leading to slow convergence. To
address this issue, a target-biased sampling strategy is incorporated into the proposed
IAPF-RRT* framework. A target convergence domain is defined based on the minimum
distance Rg between the target q,,, and all obstacles. Specifically, the minimum distance
Ry is used as the convergence radius to construct a circular collision-free region centered at
the goal, as illustrated in Figure 8. This region represents a safe and effective convergence
area for guiding tree expansion.

Ginic l ‘

Figure 8. Target-Biased Sampling Strategy.
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When the random tree enters the convergence region, a sampling bias mechanism
is activated to steer the growth toward the goal. The rule generates a bias probability p
to determine how sampling points are selected: if p is smaller than the preset threshold
po, a random point is generated within the convergence region as the sampling point;
otherwise, it is sampled from the global configuration space. By adjusting the probability
of sampling within the target region, the proposed strategy effectively enhances goal-
directed exploration and accelerates convergence. The sampling bias function is expressed
in Equation (28).

Goal Area < po
Qrand = () P P , (28)
Sample() otherwise

where GoalArea() generates samples within the convergence domain, and Sample() de-
notes global sampling, py denotes the preset threshold, and g,,,,; represents the randomly
generated sampling point.

3.4. Weight-Adaptive Attraction Strategy

To further enhance goal-directed tree expansion and suppress redundant node genera-
tion, a weight-adaptive attraction strategy is introduced into the IAPF-RRT* framework.
When the nearest node gyeqrest lies within the artificial potential field formed by the target
and surrounding obstacles, the IAPF generates an artificial potential force F;;f acting on
Gnearest- This force is incorporated into the node expansion process to guide the generation
of a new node gy,¢p. The expansion direction of gy is determined by a weighted combina-
tion of the attraction from the sampling point gq,,,4 and the IAPF potential field, where the
adaptive weights dynamically balance randomness and goal orientation. In this way, the
tree grows in a more directed and efficient manner. The generation process of new nodes

under this strategy is illustrated in Figure 9.

Ginit

Figure 9. Weight adaptive gravity guidance strategy.

As shown in Figure 9, g,y and qg,, denote the start and target points, respectively,
while q,,,4 represents the randomly sampled point and gearest is the node nearest to q,4,4.
F;*e’;, and Fy represent repulsive and attractive forces acting on geqrest under the improved
potential field, whose resultant force is F;;‘f. Meanwhile, F, indicates the attractive compo-
nent from the sampled point on gyearest- Frora1 denotes the combined force applied to the
node Guearest under the attraction-guidance strategy, where « is the included angle between
F;;‘f and F,, with w € [0, 77].

The mathematical expression of the resultant force F;y,; is given by

Fiotal (Qneurest) =M F;;f(Qnearest) + A F (QHearest) (29)

where A; denotes the weight of the IAPF force and A, denotes the weight of the sampling
point attraction; both A; and A; are defined as functions of the included angle « and satisfy
AM+A=1.
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A =sin®a

Ay = cosw (30)

The weights A; and A; are dynamically adjusted based on the angle & between Fu*];‘ Y and

F.. When the forces are nearly perpendicular (« — 77/2), the weight A; approaches 1 and

A approaches 0, promoting obstacle avoidance. Conversely, when they are nearly parallel

(a — 0), the weight A, approaches 1 and A4 approaches 0, reinforcing goal-directed expansion.

The resultant potential field force F;‘p* g acting on §ueqrest under the influence of the
artificial potential field is defined as follows:

F;;f (‘hleurest) = F:;;; (‘]neurest) + Faut (Qnearest) (31)

Fr’;} (Gnearest) is given in Equation (26) and Fyt (Gnearest) is defined in Equation (3). The
attractive force generated at the sampling point gyeares: is defined as follows:

Qrand — Ynearest Er) (32)
||‘7rund — nearest ||

Fr(ﬁlnearest) =E&-

¢ denotes the random sampling gain factor, and e represents the unit vector from the
nearest node to the sampling point. Considering the influence of the IAPF potential field
on node generation, the IAPF-RRT* algorithm updates the position equation of the newly
generated node gyearest. The updated node generation formula is expressed as follows:

mnd*ﬂnearﬁst‘ F;; (Qnearest

Onearest + (7%“'1‘17‘]"””’“ ) x Ad F;;f(Qnearest) =0

qund —nearest H

—neares E (Guearest)
nearest + <|Zm"d e+ T ) X Ad - Eyr(qnearest) # 0

(33)

Inew =

3.5. Path Refinement Strategy

To reduce path length and suppress excessive turning, a path refinement strategy is
introduced. First, redundant nodes in the sampled path are removed through an iterative
loop-pruning process, thereby simplifying the path structure and improving computational
efficiency. Subsequently, Non-Uniform Rational B-Spline (NURBS) interpolation is applied
to the pruned path to generate a smooth trajectory with continuous curvature. This ensures
a more natural and dynamically feasible path for UUV navigation.

The NURBS curve is employed to interpolate the remaining path nodes, thereby
achieving smooth path optimization. The mathematical expression of the NURBS curve is
given as follows:

T N;,(u)w;P;
C(u) = 221710 Ii]p(dl)c;l
i=0*Vi,p i

C(u) denotes the coordinates of a point on the NURBS curve, N; ,(#) denotes the i-th
B-spline basis function of degree p in the parameter domain, w; is the weight factor, P; is the

(34)

control point. The end-point weights wg and w;, are positive, while the remaining weights
w; satisfy the non-negative condition (w; > 0). To avoid singularities or degeneration of

the curve, it is required that any continuous weight factors cannot simultaneously be zero.
The zero-degree basis function (p = 0) is defined as follows:

1 w,<u<uy;
N: _ (A s SR ! 35
io() { 0 Others (35)

For higher-order basis functions (p > 0), the recursive definition is expressed
as follows:
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U — u; Uitp+1 — U

N, (u) = N;p-1(u) +

Lo P Nt pon () (36)
Uity — U Uipp+1 — Uit e

The set of points is used as interpolation reference points. By performing inverse com-
putation to determine the corresponding NURBS control points, the generated curve can
maintain overall consistency with the UUV’s actual trajectory. This approach ensures a con-
tinuous and smooth interpolation of the planned path, satisfying the UUV’s requirements

for smoothness, stability, and safety.

3.6. Algorithm Description of IAPF-RRT*

In the proposed IAPF-RRT* framework, the improved artificial potential field (IAPF) is
not employed as an external heuristic bias, but is embedded directly into the tree expansion
mechanism of RRT*, as presented in Algorithm 1. The influence of IAPF on the key
operations of RRT* can be summarized as follows:

Sampling. The sampling process remains probabilistically complete and is not directly
biased toward the minima of the potential field. Instead, a target-biased sampling strategy is
adopted to improve convergence efficiency. Therefore, the IAPF does not replace stochastic
sampling, but indirectly facilitates convergence by shaping the effective search region.

Node Expansion. The IAPF plays a dominant role in node expansion. At each iteration,
the expansion direction is explicitly guided by the IAPF force evaluated at the nearest node.
By combining the potential-field gradient with the attraction toward the sampled point,
the proposed method achieves a balance between global exploration and local guidance.
This represents a fundamental departure from conventional APF-guided RRT* approaches,
where the potential field is typically used only as a heuristic bias.

Edge Validation. Edge validity is determined using standard geometric collision
checking. The IAPF does not replace collision detection; instead, it acts as a pre-
guidancemechanism that reduces the likelihood of generating infeasible or unsafe edges.

Rewiring. The rewiring process follows the standard RRT* cost-based optimization
framework. In the current implementation, the IAPF is not explicitly re-evaluated during
rewiring. Its influence is implicitly reflected in the spatial distribution of nodes, which has
already been shaped by the IAPF-guided expansion process. This preserves the asymptotic
optimality of RRT* while improving convergence efficiency.

3.7. Theoretical Discussion

The proposed IAPF-RRT* framework introduces potential-field-based guidance into
the sampling and node expansion processes of RRT*, which may influence its theoretical
properties. In this subsection, a qualitative analysis is provided to clarify its impact on
probabilistic completeness, asymptotic optimality, and computational complexity.

Probabilistic completeness. The proposed method preserves global random sampling
with a nonzero probability. Specifically, the target-biased sampling probability p satisfies
0 < p <1, ensuring that uniform random sampling over the free space is retained with
probability 1 — p. Therefore, the probability of eventually sampling any region in the
feasible space remains nonzero. Under this condition, the proposed method inherits the
probabilistic completeness property of RRT-based planners.

Asymptotic optimality. The asymptotic optimality of RRT* relies on specific conditions,
including uniform sampling over the free space and the use of a shrinking neighborhood
radius for rewiring. In the proposed method, the introduction of IAPF guidance modifies
the effective sampling distribution and node expansion direction. As a result, the strict
theoretical assumptions required for asymptotic optimality may no longer be fully satisfied.
Since uniform random sampling is still preserved with nonzero probability, the method
maintains a certain level of exploration capability. From a practical perspective, the IAPF
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guidance improves convergence speed and solution quality in finite-time scenarios, even

though strict asymptotic optimality is not formally guaranteed. Therefore, the proposed

method can be interpreted as a guided variant of RRT*, where optimality is approached

empirically rather than theoretically ensured.

Algorithm 1 IAPF-RRT* Path-Planning Algorithm

Input: start point g;,;¢, goal point 40,1, Obstacle set X,,s, maximum iterations N, step

size Ad, base sampling bias py, sampling bias range p € [pin, Pmax], APF parameters

Katt, krep, 0o, n, weighting factors A1, Ao, neighborhood radius upper bound 7, rewiring

constant yrrr*, local minimum threshold ¢
Output: final path P

1:
2:
3:

O NG

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:

V ¢ Winithi E <25 G  (V, E)
foriter =1to N do
Generate a random number & ~ U(0, 1);
Piter < UpdateBias(pg, X,ps, iter)
if £ < Piter then
Jrand — SampleGoalRegion(qgar)
else
Grand < SampleFreeSpace()
end if
Guearest < Nearest(V, qana);
Fay < EvaluateAttractiveForce (Guearest, ngul)} — Equation (3)
Frep < EvaluateCorrectedRepulsiveForce(quearest, Xops, Lo, 1); — Equation (11)
if dynamic obstacle exists then
Frep < EvaluateVelocityAwareRepulsiveForce(qnearest, Xobs); — Equation (26)
end if
if HFutt + Frng < ¢ then
Gsub < GenerateVirtualSubGoal(qnearest, Ggoal, Xobs); — Equations (18)~(23)
Futt < EvaluateAttractiveForce(Guearest, Gsub);

end if
Fiotar < M (Fatt + Frep) + A2F; ; — Equations (29)(32)
Gnew < Steer (Qnearest s Frotar, Ad); — Equation (33)

if CollisionFree(qnearest, Gnew) then
Ryear + min[ygrr+ (log(card(V))/card(V))'/4, 5];
Quear < Near(V, Anew, Riear);
Gparent <— ChooseBestParent(Qnear, Guew);
V«Vu {Qnew 5
E<EU {(qurent s Gnew)};

Rewire(G, Gunew, Qnear);
end if
end for
P < ExtractPath(G, qqoa1);
P < LoopPruning(P);
P < NURBSSmoothing(P);
Return P

Computational complexity. The computational complexity of the proposed method

remains comparable to that of RRT*, which is typically expressed as O(nlogn), where

n denotes the number of nodes in the tree. The additional computational cost arises

from the evaluation of the artificial potential field during node expansion. Since the
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potential field computation is local and depends only on nearby obstacles, its cost can be
regarded as O(1) per expansion under typical assumptions of bounded obstacle density.
The overall complexity remains O(nlogn), with a moderate constant-factor increase due to
guidance evaluation.

The proposed IAPF-RRT* framework preserves probabilistic completeness and main-
tains comparable computational complexity to RRT*. While the strict theoretical guarantees
of asymptotic optimality may be affected by the guided sampling mechanism, the method
achieves improved convergence efficiency and trajectory quality in practical finite-time
applications. This reflects a trade-off between strict theoretical optimality and practical
solution quality.

4, Results and Discussion: Simulation and Field Validation

This section presents the simulation and field experimental results of the proposed
IAPF-RRT* method. The performance of the algorithm is evaluated under various represen-
tative scenarios, and the results are further discussed in comparison with existing methods
to highlight its effectiveness, robustness, and practical applicability.

4.1. Parameter Settings

All simulations were conducted in MATLAB R2023b on a 64-bit Windows 10 platform
equipped with an Intel(R) Core (TM) i5-8300H CPU, using a single-threaded implementa-
tion. The main parameters are summarized in Table 2.

Table 2. Experimental parameter setting.

Parameter Symbol Value
Attractive potential gain coefficient kot 0.6
Repulsive potential gain coefficient krep 18
Maximum obstacle influence distance/m Oo 20
Repulsion correction factor n 1.5
Step size/m Ad 1.8

Base sampling bias Po 0.025

Sampling bias probability range p [0.025, 0.4]
Maximum number of iterations N 10,000

The parameter values were selected based on the physical constraints of the UUV
platform and commonly adopted settings in related studies, and were further fine-tuned
to balance convergence efficiency, obstacle avoidance, and path smoothness. To ensure a
fair comparison, all algorithms were evaluated under identical experimental conditions,
including the same environment models, collision checking procedures, maximum iteration
limits, and termination criteria. Key parameters were consistently applied across all meth-
ods where applicable. Random seeds were fixed to ensure reproducibility. The reported
planning time includes node expansion, collision checking, and rewiring. Unless otherwise
specified, all baseline methods were implemented following their original formulations
without modification.

The reported smoothness values are computed based on the postprocessed trajectories.
Specifically, a NURBS-based path refinement method is applied to the raw planner output
to improve trajectory continuity and curvature smoothness. The postprocessing step is
consistently applied to all compared methods to ensure a fair evaluation. The reported
planning time includes both the planning process and the postprocessing stage. For
completeness, it should be noted that the relative performance trends remain consistent
between raw and postprocessed trajectories, indicating that the improvements mainly stem
from the proposed planning strategy rather than the smoothing procedure.
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To ensure clarity and reproducibility, the evaluation metrics used in this study are

formally defined as follows.

1.

Success Rate. The success rate is defined as the ratio of successful runs to the total
number of trials:

SR = Nsuccess 100% (37)
Ntotal

where Ngyccess is the number of successful path planning trials, and Ny, is the total
number of runs.

Planning Time. The planning time is defined as the total computation time required
to generate a feasible path, including node expansion, collision checking, rewiring,
and postprocessing:

T= tplanning =+ tpost (38)

where f,15,ning denotes the path planning time, and tpost denotes the postprocess-
ing time.

Smoothness. The Smoothness is calculated as the average angular variation between
consecutive path segments, defined as

1 = < (pi — pic1) - (Pix1 — pi) )
S=—— arccos (39)
N-23= lpi = piall - lpiva — pill

where p; denotes the path waypoint.

Smoothness Normalization. To enable fair comparison across different scenarios, the
smoothness values are normalized with respect to the maximum observed curva-
ture variation:

S
S norm — 57 (40)

max

Number of sharp turning points. A sharp turning point is defined as a waypoint
where the turning angle exceeds a predefined threshold 6;;,. The number of sharp

turns is computed as
N-1
Nturn - Z II<91' > eth) (41)
i=2

where II(-) is the indicator function, and 8y, is set to 30° as the turning angle threshold.

Energy consumption. The energy consumption is estimated based on the trajectory
length and motion smoothness:

N-1
E=aL+B) |6 (42)
=2

where L is the path length, 6; is the turning angle, and «, § are weighting coefficients
reflecting propulsion and maneuvering energy costs.

4.2. Performance Analysis of the Proposed IAPF Strategy

This experiment aims to isolate and validate the effectiveness of the proposed IAPF

enhancements by addressing three critical limitations of conventional APF methods, namely

target non-reachability, susceptibility to local minima, and inadequate performance in

dynamic obstacle environments. Comparative simulations are conducted between APF and

IAPF under representative challenging scenarios to quantitatively assess improvements

in robustness and local adaptability. The simulations were conducted using a grid-based
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map as the virtual environment. Obstacle regions were expanded through grid inflation
to emulate the safety distance constraints required for UUV operation in real navigation
scenarios, thereby ensuring both the feasibility and safety of the planned paths.

In this study, dynamic obstacles are modeled using a constant-velocity motion model,
where each obstacle moves with a predefined velocity vector within the workspace. The
motion direction and speed are assumed to be piecewise constant over short time intervals,
which is consistent with common assumptions in marine environments. To account for
environmental uncertainty and dynamic interactions, a reactive re-planning strategy is
adopted. The planner operates in a receding-horizon manner, where the path is updated at
a fixed frequency of 2 Hz. At each planning cycle, the latest obstacle states are incorporated,
and the path is re-generated based on the current environment. The proposed IAPF-RRT*
framework incorporates obstacle motion implicitly through velocity-aware potential field
modeling. Specifically, the repulsive potential is adjusted according to the relative velocity
between the UUV and dynamic obstacles, enabling adaptive avoidance behavior during
node expansion. It should be noted that time-parameterized planning is not explicitly
considered in this work. Instead, the focus is on efficient spatial re-planning under dynamic
conditions, which is more suitable for real-time UUV applications.

Figures 10-13 depict the path-planning outcomes in diverse environmental scenarios,
showing the comparative performance of the APF and IAPF algorithms. Figure 10a illus-
trates a scenario in which the APF algorithm faces a target unreachability problem due to
an obstacle obstructing the direct path to the target point. In contrast, Figure 10b demon-
strates the successful resolution of this problem using the IAPF algorithm. By dynamically
adjusting the repulsive force intensity, the repulsive effects generated by obstacles and
the attractive force toward the target are synchronously attenuated to zero as the UUV
approaches the goal, thereby ensuring that the UUV can successfully reach the target point.
Three representative local minimum trap environments were first constructed, namely
single obstacle, symmetric obstacles, and U-shaped obstacles, as illustrated in Figure 11.
In Figure 11a—c, the APF algorithm traps a local minimum, causing the path-planning
process to abruptly halt. In Figure 11d-{, the IAPF algorithm achieves effective path plan-
ning in scenarios involving single obstacles, symmetric obstacles, and U-shaped obstacles,
successfully resolving the issue of the UUV being trapped in local minima. Figure 12a
shows a dynamic obstacle avoidance scenario, which is susceptible to collisions when using
the APF algorithm. Figure 12b illustrates efficient and safe path planning performance
achieved by the IAPF algorithm. By computing the relative velocity between the UUV and
dynamic obstacles, the IAPF triggers an adaptive obstacle-avoidance strategy, thereby en-
hancing the adaptability of the UUV in complex dynamic environments. The comparative
path planning experiment in a complex environment is shown in Figure 13. As shown
in Figure 13a, the conventional APF method fails to effectively avoid dynamic obstacles
during path planning. Moreover, due to the repulsive force generated by obstacles near the
target exceeding the attractive force toward the goal, the UUV exhibits oscillatory behavior
in the vicinity of the target, resulting in a target non-reachability problem. As illustrated
in Figure 13b, the IAPF algorithm enables adaptive avoidance of dynamic obstacles and
successfully guides the UUV to reach the target point.

Each algorithm was independently executed 30 times in a complex environment to
evaluate its stability and robustness. The results are reported as mean =+ standard deviation.
Key performance metrics, including path length, planning time, number of path points,
number of sharp turning points, and navigation energy consumption, were recorded. The
statistical results are presented in Table 3.
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Figure 11. Comparison of the local minimum problem: (a) single obstacle scenario (APF); (b) symmet-
ric obstacles (APF); (c) U-shaped obstacles (APF); (d) single obstacle scenario (IAPF); (e) symmetric
obstacles (IAPF); (f) U-shaped obstacles (IAPF).
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Figure 12. Comparison of dynamic obstacle avoidance: (a) APF; (b) IAPF.
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Figure 13. Comparative experiment between APF and IAPF in complex environment: (a) APF;
(b) IAPE.

Table 3. Comparison of experimental data.

Aleorithm Path Length Planning Time Number of Number of Sharp Energy
& (m) (s) Path Points Turning Points Consumption
APF 86.9 + 3.8 58+ 0.6 17+3 4+1 83.5+52
IAPF 739+29 24+03 1242 0 528 £3.4

The quantitative results in Table 3 demonstrate that the proposed IAPF algorithm
consistently outperforms the conventional APF method. All experiments were repeated
30 times under identical conditions, and the results are reported as mean + standard
deviation. It can be observed that the IAPF algorithm achieves a shorter average path
length (73.9 £ 2.9 m) compared with APF (86.9 &+ 3.8 m), corresponding to a reduc-
tion of approximately 15.0%. Meanwhile, the planning time is significantly reduced
from 5.8 £ 0.6 sto 2.4 £ 0.3 5, indicating an improvement in computational efficiency
of approximately 58.6%. In addition, the average number of path points is reduced
from 17 &+ 3 to 12 + 2, reflecting a more concise trajectory representation. Notably, sharp
turning points are completely eliminated (0 £ 0), demonstrating that the proposed method
effectively suppresses abrupt directional changes and improves trajectory smoothness. The
energy consumption is reduced from 83.5 + 5.2 to 52.8 & 3.4, corresponding to a reduc-
tion of approximately 36.8%, which indicates improved energy efficiency and operational
endurance. These results demonstrate that the IAPF algorithm enhances convergence
efficiency, path smoothness, and energy efficiency, making it more suitable for dynamic
path planning in complex environments.

4.3. Simulation-Based Evaluation of the IAPF-RRT* Algorithm

This subsection evaluates the performance of the proposed IAPF-RRT* algorithm
as a global path-planning framework. A series of simulation scenarios with increasing
complexity was designed to assess the method in terms of planning efficiency, path quality,
and robustness. Considering that UUVs primarily operate in two-dimensional planes while
occasionally performing three-dimensional maneuvers, both 2D and 3D environments were
constructed. To ensure a comprehensive and fair evaluation, six representative state-of-the-
art (SOTA) baseline algorithms were selected, including classical sampling-based methods
(RRT [23], RRT* [26]), structure-enhanced variants (Bi-RRT* [31], Informed-RRT* [28]), and
guided sampling approaches (APF-RRT* [38], Bi-APF-RRT* [40]). All baseline methods
were implemented according to their standard formulations. For hybrid approaches, the
potential field was incorporated as a heuristic guidance term during node expansion, fol-
lowing common practices in the literature. All methods were evaluated under identical
experimental conditions, including the same environment settings, collision checking proce-
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dures, maximum iteration limits, and termination criteria, without additional modifications
or parameter tuning. This setup ensures a rigorous and unbiased comparison with existing
SOTA algorithms.

4.3.1. 2D Simulation Scenarios

The two-dimensional simulation environments were designed to reflect represen-
tative navigation conditions encountered by UUVs in nearshore regions. Four typical
scenarios were constructed, including sparse obstacle, dense obstacle, narrow passage,
and complex mixed environments, as shown in Figure 14. The workspace was defined
as a 100 m x 100 m planar area, where dark regions denote obstacles and blank regions
represent free space. The UUV’s start and target points were set to (0, 0) and (100, 100),
respectively. To ensure statistical reliability, each algorithm was independently executed
30 times under identical experimental conditions.

‘
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Figure 14. Simulation environments: (a) sparse obstacle environment; (b) dense obstacle environ-
ment; (c) narrow passage environment; (d) complex mixed environment. The grey shading shapes
represent obstacles.

1.  Sparse Obstacle Environment

In this scenario, only a limited number of obstacles were distributed within the
workspace, resulting in relatively open navigation conditions. This setting is primarily
used to evaluate the baseline performance of each algorithm in terms of convergence
efficiency and path feasibility. The simulation results are shown in Figure 15, and the red
line represents the path track of the UUV planned by the algorithms.

(d)

Figure 15. Path planning results in sparse obstacle environment: (a) RRT; (b) RRT*; (c) Bi-RRT*;
(d) Informed-RRT*; (e) APF-RRT*; (f) Bi-APF-RRT*; (g) our IAPF-RRT*.In each subfigure, the red line
denotes the final path generated by the corresponding algorithm, the green “S” marks the starting
position, the red “G” indicates the goal location, and the grey shading shapes represent obstacles.
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The performance was evaluated using multiple metrics, including path length, plan-
ning time, node count, trajectory smoothness, success rate, and the average number of
iterations. The results for different scenarios are summarized in Table 4, providing a com-
prehensive comparison under varying environmental conditions. All results are reported
as mean =+ standard deviation over multiple independent runs. The mean reflects the
overall performance of each algorithm, while the standard deviation indicates its stability
and robustness. Lower mean values and smaller standard deviations correspond to better
performance and higher consistency in path planning. A comprehensive summary of the
corresponding performance indicators is provided in the following subsection.

Table 4. Performance comparison under different scenarios (mean =+ std over 30 runs).

Scenario Algorithm Path Length Planning Time RI:rllchlI:)lr):-rT:e Smoothness ! Succesos Rate ! Averfxge
(m) (s) % Iterations
Nodes
RRT 166.75 + 4.86 0.79 +0.11 230 + 28 35+0.29 100.00 230 + 32
RRT* 141.94 +2.12 6.61 + 0.74 354 + 33 2.6+0.18 100.00 358 =+ 45
Bi-RRT* 14251 + 1.68 0.75 4+ 0.10 76 £9 24+0.15 100.00 37+6
Sparse obstacle 1004 RRT* 14145 + 1.94 12.84 + 1.63 1950 =+ 150 2.8+ 0.21 100.00 1982 + 24
environment APF-RRT* 14240 + 1.27 0.78 & 0.09 102 + 11 1.9+ 0.10 100.00 100 + 14
Bi-APF-RRT* 143.39 + 1.11 0.67 +0.08 70 + 8 2.1+0.12 100.00 34+5
Our IAPF-RRT* 143.14 + 0.88 0.89 & 0.07 95+9 1.8 +0.07 100.00 126 +£15
RRT 160.58 + 5.42 0.85 + 0.13 220 + 31 424036 93.33 243 + 36
RRT* 14951 + 3.06 6.31 + 0.68 250 + 27 324024 96.67 302 + 38
Bi-RRT* 142.95 + 2.10 2.25 4+ 0.31 119 £ 15 29 +0.19 100.00 85+ 11
Dense obstacle ¢/ d RRT* 142.83 + 2.45 14.51 + 1.92 1720 + 214 3.5+ 0.28 93.33 1975 + 31
environment APE-RRT* 14250 + 1.56 1.02 £ 0.11 72 +11 24 +0.15 100.00 124 +17
Bi-APF-RRT* 141.00 + 1.21 1.10 £ 0.13 73 +8 25+0.16 100.00 36 +6
Our IAPF-RRT* 142.78 + 0.97 0.98 4 0.09 96 + 10 2.2 + 0.09 100.00 116 + 14
RRT 219.12 + 8.95 1.16 +0.18 350 + 44 5.5+ 0.48 80.00 561 =+ 72
RRT* 149.14 + 3.42 2.04 4+ 0.27 193 + 24 3.8+0.26 90.00 248 + 34
Narrow Bi-RRT* 175.47 + 6.38 1.82 +0.24 161 £ 22 354024 96.67 144 + 21
passage Informed-RRT* 147.82 +3.18 9.93 + 1.41 1430 =+ 188 3.6 £0.27 86.67 1988 + 22
environment APF-RRT* 149.67 + 2.76 1.27 £0.16 182 £ 21 2.8+0.18 93.33 232 + 30
Bi-APF-RRT* 147.05 + 1.84 0.74 + 0.09 88 + 11 3.0 £0.22 96.67 60 +9
Our IAPF-RRT* 146.90 + 1.12 1.01 £ 0.11 130 + 14 254011 96.67 198 + 24
RRT 159.86 + 6.11 1.43 +0.19 388 + 46 4.8+ 041 86.67 515 =+ 68
RRT* 153.53 + 4.08 10.78 +1.27 302 + 35 35+ 0.27 93.33 461 + 55
Complex Bi-RRT* 146.60 + 2.44 1.62 + 0.20 92 +12 314021 96.67 66 + 10
mixed Informed-RRT* 143.21 +2.87 13.88 + 1.75 1647 + 205 334026 90.00 1986 + 27
environment APF-RRT* 148.79 + 2.96 252 4+ 0.31 155 + 18 24+0.16 93.33 216 =+ 28
Bi-APF-RRT* 14256 + 1.63 1.27 +0.14 78 +9 2.6+0.18 96.67 48 +7
Our IAPF-RRT* 147.88 + 1.42 1.35 £ 0.12 135 + 15 2.3 + 0.09 100.00 237 + 26

1 Success rate was calculated from 30 trials.

Figure 15 presents a qualitative comparison between the proposed method and several
representative state-of-the-art (SOTA) algorithms. The RRT algorithm generates highly
random trajectories with numerous inflection points, resulting in long and non-smooth
paths. As shown in Figure 15b, RRT* improves path optimality but still produces redun-
dant branches. The Bi-RRT* algorithm in Figure 15¢ enhances convergence speed and
reduces node redundancy, but the generated paths still lack smoothness. In Figure 15d,
Informed-RRT* improves search efficiency by constraining the sampling region, but redun-
dant expansions around obstacles remain. The APF-RRT* algorithm in Figure 15e enhances
obstacle avoidance, while Bi-APF-RRT* in Figure 15f further reduces redundant branches
and improves efficiency, although minor irregularities persist. In contrast, the proposed
IAPF-RRT* algorithm in Figure 15g generates smoother and more stable paths with signifi-
cantly fewer branches, demonstrating stronger directionality and robustness. To ensure
statistical reliability, all experiments were independently repeated 30 times under identical
conditions, and the results are reported as mean =+ standard deviation in Table 4. Under
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the sparse obstacle environment, the proposed IAPE-RRT* achieves the lowest average
smoothness (1.8 £ 0.07), which is reduced by approximately 14.3% and 5.3% compared
with Bi-APF-RRT* (2.1 = 0.12) and APF-RRT* (1.9 &£ 0.10), respectively. In terms of compu-
tational efficiency, the proposed method significantly reduces the planning time compared
with RRT* (6.61 £ 0.74 s) and Informed-RRT* (12.84 + 1.63 s), while also effectively sup-
pressing redundant node expansion. Although the path length is slightly higher than that
of Bi-APF-RRT* (approximately 0.2% difference on average), the proposed method achieves
a better balance among path smoothness, computational efficiency, and stability.

2. Dense Obstacle Environment

To evaluate the performance of the proposed algorithm in cluttered environments,
multiple obstacles were randomly distributed to form a densely populated workspace. In
this scenario, the straight-line path between the start and goal positions is significantly
obstructed, requiring efficient global exploration and effective obstacle avoidance. The
trajectories planned by the seven algorithms are shown in Figure 16.

Ideamad BRT

(b) (c) (d)

BI-APF-RRT*

Figure 16. Path planning comparison in dense obstacle environment: (a) RRT; (b) RRT*; (c) Bi-RRT*;
(d) Informed-RRT*; (e) APE-RRT*; (f) Bi-APF-RRT*; (g) our IAPF-RRT*. In each subfigure, the red line
denotes the final path generated by the corresponding algorithm, the green “S” marks the starting
position, the red “G” indicates the goal location, and the grey shading shapes represent obstacles.

As illustrated in Figure 16, in the dense obstacle environment, the RRT and RRT* algo-
rithms generate a large number of sampling nodes distributed across the entire workspace
in order to obtain a feasible path, resulting in significant redundancy and reduced search
efficiency. In contrast, the Bi-RRT* and Informed-RRT* algorithms improve convergence
speed by adopting bidirectional expansion and constrained sampling strategies, respec-
tively. However, although Informed-RRT* effectively limits the sampling region, it still
produces excessive redundant nodes around obstacles due to the lack of obstacle-aware
guidance. The APF-RRT* algorithm introduces artificial potential field guidance, which
enhances obstacle avoidance capability and improves the rationality of the planned path.
Nevertheless, local oscillations and redundant branches can still be observed in cluttered
regions. Compared with APF-RRT*, the Bi-APF-RRT* algorithm further accelerates path
generation by combining bidirectional expansion with potential field guidance, leading
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to fewer sampling nodes and a more efficient search process. As shown in Figure 16g,
the proposed IAPF-RRT* algorithm significantly reduces the number of redundant nodes
while maintaining strong goal-directed exploration. By integrating an improved goal-bias
strategy with enhanced potential field guidance, the algorithm achieves faster convergence
and generates a smoother and more natural path. In addition, the resulting trajectory
exhibits better adaptability to densely distributed obstacles, making it more suitable for
practical path planning tasks in complex environments.

The quantitative results in Table 4 demonstrate that the proposed method consistently
outperforms representative state-of-the-art (SOTA) algorithms in dense environments. To
ensure statistical reliability, all experiments were independently repeated 30 times under
identical conditions, and the results are reported as mean =+ standard deviation. It can
be observed that the proposed IAPF-RRT* algorithm achieves significantly improved
computational efficiency, with a lower average planning time (0.98 = 0.09 s) compared
with RRT* (6.31 = 0.68 s) and Informed-RRT* (14.51 &+ 1.92 s). Meanwhile, the average
number of nodes is substantially reduced (96 + 10), indicating effective suppression of
redundant exploration compared with RRT*-based methods. In addition, the proposed
method achieves improved trajectory smoothness (2.2 £ 0.09) compared with APF-based
methods, such as APF-RRT* (2.4 & 0.15) and Bi-APF-RRT* (2.5 & 0.16), while maintaining
a 100.00% success rate. The proposed method demonstrates more efficient, stable, and
consistent path planning performance in dense and cluttered environments.

3. Narrow Passage Environment

A narrow passage scenario was constructed to assess the sampling efficiency and
exploration capability of different algorithms in constrained spaces. In this environment,
the feasible path from the start to the goal is restricted to one or more narrow corridors,
which are difficult to discover through purely random sampling. The simulation path
diagram of each algorithm is shown in Figure 17.

10 20 30 40 50 6 70 8 9 100 4 50 6 70 8 9 100

(b) () (d)

BI-APF-RRT*

Our IAPF-RRT*

10 20 30 40 50 60

0 10 20 30 40 5 60 70 8 9 100

(f) (8

Figure 17. Path planning results in narrow passage environment: (a) RRT; (b) RRT*; (c) Bi-RRT*;
(d) Informed-RRT*; (e) APF-RRT*; (f) Bi-APF-RRT*; (g) our IAPF-RRT*. In each subfigure, the red line
denotes the final path generated by the corresponding algorithm, the green “S” marks the starting
position, the red “G” indicates the goal location, and the grey shading shapes represent obstacles.
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As illustrated in Figure 17, the narrow passage environment imposes strict constraints
on feasible paths. The classical RRT and RRT* algorithms exhibit strong randomness and
generate numerous redundant branches, making it difficult to efficiently traverse the con-
fined region. Structure-enhanced SOTA methods, including Bi-RRT* and Informed-RRT*,
improve convergence speed; however, inefficient exploration and excessive node expansion
near the passage entrance still occur. The APF-RRT* and Bi-APF-RRT* algorithms enhance
obstacle avoidance through potential field guidance, enabling improved navigation in
narrow regions, although local deviations and redundant branches remain. In contrast, the
proposed IAPF-RRT* algorithm demonstrates improved directionality and stability, effec-
tively guiding the search through constrained passages with fewer nodes and smoother
trajectories. To ensure statistical reliability, all experiments were independently repeated
30 times under identical conditions, and the results are reported as mean =+ standard devia-
tion in Table 4. Quantitatively, the proposed method achieves a lower average planning
time (1.01 £ 0.1 s) compared with RRT* (2.04 & 0.27 s) and Informed-RRT* (9.93 & 1.41 s).
The average number of nodes is also reduced (130 + 14), indicating more efficient ex-
ploration in comparison with RRT*-based methods. In addition, improved trajectory
smoothness (2.5 + 0.11) is achieved compared with APF-based approaches, such as APF-
RRT* (2.8 = 0.18) and Bi-APF-RRT* (3.0 £ 0.22). Moreover, the proposed method maintains
a high success rate (96.67%), demonstrating reliable performance in constrained environ-
ments. The results indicate that the proposed algorithm provides improved efficiency,
stability, and consistency for path planning in narrow passage scenarios, as supported by
statistical outcomes across multiple independent runs.

4. Complex Mixed Environment

To further approximate realistic coastal navigation conditions, a complex mixed en-
vironment was designed by combining irregular obstacle distributions with both open
and cluttered regions. This scenario aims to comprehensively evaluate the robustness and
adaptability of the proposed algorithm under heterogeneous spatial conditions. The path
planning results of different algorithms are shown in Figure 18. Based on the above experi-
mental results, a comprehensive comparison of the performance indicators is presented in
Figure 19.

For the complex mixed environment with heterogeneous obstacle distributions, the
advantages of the proposed method become more evident. As shown in Figure 18a-d,
classical one-way search methods such as RRT and RRT* can eventually find feasible paths;
however, they generate a large number of redundant nodes and exhibit low search efficiency.
The bidirectional Bi-RRT* algorithm improves convergence speed to some extent, but the
resulting paths still lack sufficient smoothness. The Informed-RRT* algorithm further accel-
erates convergence by constraining the sampling region; nevertheless, excessive sampling
and redundant expansions around obstacles are still observed. As illustrated in Figure 18ef,
APF-RRT* and Bi-APF-RRT* enhance obstacle avoidance through potential field guidance,
leading to improved path quality, although local deviations and unnecessary node expan-
sions remain in cluttered regions. In contrast, the proposed IAPF-RRT* algorithm, as shown
in Figure 18g, integrates improved goal-biased sampling with potential field guidance,
enabling more directed exploration in complex environments. This results in smoother
trajectories and fewer redundant nodes, thereby improving overall search efficiency. To
ensure statistical reliability, all experiments were independently repeated 30 times under
identical conditions, and the results are reported as mean =+ standard deviation in Table 4.
Quantitatively, the proposed method achieves a lower average planning time (1.35 & 0.12 s)
compared with RRT* (10.78 £ 1.27 s) and Informed-RRT* (13.88 & 1.75s). The average
number of nodes is also reduced (135 £ 15), indicating more efficient exploration relative
to RRT*-based methods. In addition, the proposed method provides improved trajec-
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tory smoothness (2.3 + 0.09) compared with APF-based approaches, such as APF-RRT*
(2.4 £ 0.16) and Bi-APF-RRT* (2.6 £ 0.18), while maintaining a high success rate (100.00%).
Although the average path length is slightly higher than that of Bi-APF-RRT*, the proposed
method achieves a better balance among path quality, computational efficiency, and robust-

ness. These results demonstrate that the proposed algorithm provides improved efficiency,

stability, and consistency for path planning in complex environments, as supported by

statistical outcomes across multiple independent runs.
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Figure 18. Path planning comparison in complex mixed environment: (a) RRT; (b) RRT*; (c) Bi-RRT*;
(d) Informed-RRT*; (e) APE-RRT*; (f) Bi-APF-RRT*; (g) our IAPF-RRT*. In each subfigure, the red line
denotes the final path generated by the corresponding algorithm, the green “S” marks the starting
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position, the red “G” indicates the goal location, and the grey shading shapes represent obstacles.
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Figure 19. Comparison of algorithm evaluation indicators across four typical scenarios.
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4.3.2. 3D Path Planning Simulation Experiment

To comprehensively evaluate the performance of the proposed method in realistic
nearshore environments, two representative three-dimensional simulation scenarios were
constructed within a cubic workspace of [—1000, 1000]°. The start and goal positions of the
UUV were set to (—1000, —1000, —1000) and (1000, 1000, 1000), respectively. Obstacles were
modeled using a combination of spherical, cuboid, and cylindrical primitives to emulate
natural reefs, aquaculture facilities, and supporting pile structures, thereby approximating
nearshore operational conditions around Phoenix Island.

The first scenario corresponds to a narrow passage environment with aquaculture
characteristics, where multiple cage-like structures and vertical piles are arranged to form
a confined spatial corridor in the central region. The available free space is significantly
restricted in all three dimensions, requiring the UUV to traverse a limited volumetric
passage to reach the target. This scenario is designed to evaluate the capability of the
algorithm in handling highly constrained environments and avoiding excessive branching
during passage traversal. The second scenario represents a complex coastal environment
with heterogeneous obstacle distributions. In this case, obstacles are irregularly distributed
across the workspace without forming a single dominant bottleneck. Instead, multiple
potential routes exist, and the UUV is required to perform continuous spatial adjustments
to avoid both natural and artificial obstacles. This scenario aims to assess the robust-
ness, adaptability, and global planning efficiency of the proposed method under realistic
nearshore conditions.

By jointly considering these two scenarios, the proposed method is evaluated in
terms of both constrained passage traversal and complex environment navigation, thereby
providing a comprehensive validation of its effectiveness in practical coastal applications.
The parameter settings in the 3D simulations are largely consistent with those in the
2D scenarios. The core algorithmic parameters (kutt, krep, po, 1) are kept unchanged. To
account for the larger search space in 3D environments, several parameters are slightly
adjusted. The step size is set to Ad = 2.0 m, and the maximum number of iterations to
N =20,000. These settings balance exploration efficiency and computational cost in 3D
scenarios. The experimental scenarios and the corresponding planning results are presented
in Figures 20 and 21. To ensure statistical reliability, each algorithm was independently
executed 30 times under identical conditions. The mean values of path length, node count,
planning time, success rate, and average iterations are summarized in Table 5. To facilitate a
more intuitive comparison, these results are summarized in the bar chart shown in Figure 22.
The chart visually contrasts the algorithms with respect to key metrics, including path
length, node count, search time, and success rate, providing an intuitive and comprehensive
basis for performance evaluation and analysis.

The simulation results in Figures 20 and 21, together with the quantitative comparisons
in Table 5 and the bar-chart analysis in Figure 22, demonstrate that the proposed IAPF-RRT*
algorithm consistently achieves superior performance in three-dimensional environments.
To ensure statistical reliability, all experiments were independently repeated 30 times under
identical conditions, and the results are reported as mean =+ standard deviation. In the
narrow passage scenario, classical RRT and RRT* algorithms exhibit significant randomness
and generate numerous redundant branches, leading to longer and less smooth paths.
Although Informed-RRT* improves sampling efficiency, excessive node expansion still
occurs due to insufficient obstacle guidance. In contrast, the proposed IAPF-RRT* algorithm
effectively guides the search through constrained regions, achieving a shorter average path
length (3567.13 4= 36.80 m) and improved trajectory smoothness (1.8 4= 0.06). Meanwhile,
the average planning time (0.24 & 0.02 s) and node count (63 + 7) are significantly reduced
compared with RRT*-based approaches, indicating effective suppression of redundant
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exploration. In the complex coastal environment, where obstacle distributions are more
irregular and spatial constraints are stronger, the advantages of the proposed method
become more pronounced. Although APF-based methods improve obstacle avoidance
capability, they still suffer from local oscillations. By integrating dynamic goal bias and
improved potential field guidance, the IAPF-RRT* algorithm produces smoother trajectories
(1.7 £ 0.05) while maintaining a shorter path length (3600.57 £ 36.20 m). In addition, the
proposed method achieves lower planning time (0.20 £ 0.02 s) and fewer nodes (43 & 5),
demonstrating more efficient exploration performance. The comparisons in Figure 22
further confirm these observations. The proposed method consistently achieves lower
values in path length, planning time, node count, and smoothness across all scenarios, while
maintaining a 100.00% success rate. Overall, these results indicate that the proposed IAPF-
RRT* algorithm provides improved convergence efficiency, path quality, and robustness
in complex three-dimensional environments, making it suitable for practical UUV path-
planning tasks in nearshore and aquaculture scenarios. To further evaluate the contribution
of each component in the proposed framework, an ablation study is conducted to isolate
and analyze the effectiveness of individual modules.
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Figure 20. Path planning comparison in narrow passage environment: (a) narrow passage scenario;
(b) RRT; (c) RRT*; (d) Bi-RRT*; (e) Informed-RRT*; (f) APF-RRT*; (g) Bi-APF-RRT*; (h) our IAPF-RRT*.
In each subfigure, the blue line denotes the final path generated by the corresponding algorithm, and
obstacles are visualized as differently colored shapes.

4.4. Ablation Study of Key Components

To further quantify the contribution of each module in the proposed framework,
an ablation study was conducted by incrementally integrating key components into the
baseline RRT* algorithm. This analysis aims to isolate the influence of each module on plan-
ning performance and to elucidate the underlying mechanisms responsible for the overall
improvement. The ablation study was conducted in a representative complex cluttered
environment with mixed static and dynamic obstacles (Scenario 4 in Section 4.3), where
narrow passages, local minima, and dynamic interactions coexist. This scenario serves as a
stress-test case for evaluating the effectiveness of different modules. The ablation study is
conducted under the same experimental settings as the 2D simulations. Although the abla-
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tion experiments are performed in this representative scenario, the observed performance
trends are consistent across the other scenarios presented in Section 4.3.
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Figure 21. Path planning results in complex coastal environment: (a) narrow passage scenario;
(b) RRT; (c) RRT*; (d) Bi-RRT*; (e) Informed-RRT*; (f) APE-RRT*; (g) Bi-APF-RRT*; (h) our IAPF-RRT*.
In each subfigure, the blue line denotes the final path generated by the corresponding algorithm, and
obstacles are visualized as differently colored shapes.

Table 5. Performance comparison of the algorithms under 3D scenarios (mean = std over 30 runs).

Scenario Algorithm Path Length Planning Time RT;I(;I;];T-I‘T‘:; Smoothness ! Succesos Rate ! Aver.age
(m) (s) % Iterations
Nodes
RRT 4871.26 + 126.40 1.62 +0.18 577 + 61 3.8 +0.27 76.67 596 =+ 74
RRT* 3809.31 + 88.70 2.68 £ 0.29 566 + 52 32 +0.21 83.33 638 + 66
Bi-RRT* 3996.50 + 95.80 0.66 & 0.07 143 + 16 2.6 +0.16 93.33 83 + 10
NArrow passage o formed-RRT*  3848.25 + 79.60 14.33 + 1.57 1777 + 148 3.5 4+ 0.24 76.67 1982 + 61
environment APF-RRT* 3744.32 + 64.20 0.53 + 0.05 134 + 14 24+0.13 90.00 156 + 18
Bi-APF-RRT* 3680.34 + 49.50 0.31 £ 0.03 81+9 2.1+0.10 96.67 45+ 6
Our IAPF-RRT*  3567.13 + 36.80 0.24 + 0.02 63+ 7 1.8 +0.06 100.00 104 + 11
RRT 4737.87 + 118.30 1.32 £ 0.15 437 £ 52 3.6 +0.24 83.33 469 =+ 58
RRT* 3949.36 + 84.50 1.86 + 0.19 428 + 48 3.0+0.19 86.67 486 + 51
Bi-RRT* 3986.66 + 71.20 0.31 £ 0.03 78 +8 244014 96.67 59 + 7
complex coastal 0004 RRT* 3822.87 + 76.40 14.74 + 1.62 1740 + 156 334023 80.00 1987 + 58
environment APF-RRT* 3684.33 + 48.60 0.29 + 0.02 55+6 2.2 +0.10 96.67 80+9
Bi-APF-RRT* 3733.81 + 53.70 0.33 +0.03 108 + 12 2.0 +0.09 96.67 68 + 8
Our IAPF-RRT*  3600.57 % 36.20 0.20 £ 0.02 43+5 1.7 +0.05 100.00 87+9

1 Success rate was calculated from 30 trials.

Five variants were considered: M1, baseline RRT*; M2, RRT* with IAPF guidance;
M3, M2 with target-biased sampling; M4, M3 with adaptive attraction weighting; and M5,
M4 with path refinement (the full proposed method). Each method was evaluated over
30 independent runs to reduce the influence of randomness. All experiments were repeated
30 times under identical conditions to account for the stochastic nature of sampling-based
planning algorithms. The reported values correspond to the mean and standard deviation
of each metric. The performance was assessed using the following metrics: path length (m),
planning time (s), number of nodes, smoothness index, and success rate (%). The number of
iterations is not explicitly reported, as the planning time and node count already reflect the

https:/ /doi.org/10.3390/jmse14090851


https://doi.org/10.3390/jmse14090851

J. Mar. Sci. Eng. 2026, 14, 851

33 of 41

ison of Path Length in 3D Scenarios

computational efficiency of the proposed method. The corresponding results are presented
in Table 6. In addition, to further evaluate the effectiveness of the velocity-aware obstacle
avoidance strategy, an ablation study was conducted under dynamic obstacle scenarios, as
summarized in Table 7.
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Figure 22. Comparison of 3D experimental metrics.

Table 6. Ablation study results of different modules (mean =+ std over 30 runs).

. Path Length Planning Time Number of Success Rate !
Algorithm (s) Random-Tree Nodes Smoothness (%)
M1 153.53 4+ 6.41 10.78 £ 1.32 302 448 3.50 +0.24 90.00
M2 149.85 £+ 5.87 3.12 £ 0.51 182 £ 30 2.68 £ 0.17 93.33
M3 150.21 £5.42 2.36 £ 0.39 168 £ 27 2.84 +£0.18 96.67
M4 148.36 = 4.83 1.69 £+ 0.28 142 + 23 246 +£0.13 96.67
M5 147.88 = 4.31 1.35 £ 0.22 135+ 21 2.30 £0.10 100.00
1 Success rate was calculated from 30 trials.
Table 7. Ablation results in dynamic obstacle scenarios (mean =+ std over 30 runs).
1 . .
Algorithm Succe(s(; )R ate Min Distance (m) Planm(l;;g Time Smoothness
M4 without dynamic avoidance 90.00 0.42 4 0.05 1.57 +£0.23 2.63 +0.16
M4 with dynamic avoidance 96.67 0.55 £ 0.06 1.74 +0.26 2.49 £ 0.13
M5 (full method) 100.00 0.61 £ 0.05 1.39 + 0.21 2.30 £ 0.10

1 Success rate was calculated from 30 trials.

The results presented in Table 6 demonstrate the contribution of each module in
a complex mixed environment. Compared with the baseline RRT*, the introduction of
IAPF guidance (M2) significantly improves the success rate while reducing both planning
time and node expansion. However, its performance remains slightly inferior to that of
APF-RRT*, indicating that the guidance mechanism alone is insufficient to fully exploit its
potential. With the addition of target-biased sampling (M3), the planning time is further
reduced. Meanwhile, a slight increase in path length and smoothness index is observed,
suggesting that the stronger directional bias may introduce temporary exploration instabil-
ity in cluttered environments. The adaptive attraction weighting (M4) further improves
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trajectory smoothness and robustness by effectively suppressing unnecessary oscillatory
behavior during tree expansion. Finally, the full method (M5) achieves the best overall
performance, outperforming APF-RRT* across all key metrics. This demonstrates that the
proposed IAPF-RRT* framework effectively integrates guidance, sampling, and trajectory
optimization into a unified planning strategy.

As shown in Table 7, compared with the variant without the dynamic obstacle module,
the introduction of velocity-aware avoidance significantly improves the success rate and
increases the minimum clearance from dynamic obstacles, while substantially reducing
the collision rate. A slight increase in planning time is observed due to the additional
online avoidance computations, reflecting the increased decision complexity in dynamic
environments. The full method achieves the best overall performance, indicating that the
dynamic obstacle avoidance module and the trajectory refinement strategy jointly enhance
navigation safety and stability.

While the above simulation results and ablation analysis validate the effectiveness
of the proposed method under controlled conditions, further validation in real-world
environments is still necessary. Therefore, field experiments were conducted to evaluate
the practical performance of the proposed approach.

4.5. Parameter Sensitivity Analysis and Practical Considerations

To evaluate the robustness and practical applicability of the proposed IAPF-RRT*
framework, a parameter sensitivity analysis was conducted on key parameters, including
the repulsive gain coefficient kyp, the obstacle influence distance p,, the step size Ad, and
the initial target-biased sampling probability py. These parameters play a critical role in bal-
ancing exploration capability, convergence efficiency, and obstacle avoidance performance.

As shown in Figure 23a, the repulsive gain coefficient k., mainly influences obstacle
avoidance behavior and node expansion. When k., is too small, the repulsive force be-
comes insufficient, leading to trajectories that approach obstacles too closely and potentially
increasing collision risk. Conversely, excessively large values result in over-conservative
avoidance, causing redundant node expansion and increased computational cost. An
intermediate value achieves a balanced trade-off between safety and efficiency. Figure 23b
illustrates the effect of the obstacle influence distance p,. This parameter determines the
spatial range of repulsive interaction. A small p, delays obstacle avoidance, resulting in
sharper turns and reduced smoothness, whereas a large p, causes premature deviation from
the optimal path and unnecessary detours. The results indicate that a moderate value yields
improved trajectory smoothness while maintaining efficient exploration. In Figure 23c, the
step size Ad has a direct impact on convergence efficiency and feasibility. Smaller step sizes
enable finer resolution in narrow or cluttered environments, improving success rate but
increasing computational cost. In contrast, larger step sizes accelerate the exploration pro-
cess but may skip feasible narrow passages, leading to reduced success rates. Therefore, an
appropriate step size is essential for balancing efficiency and reliability. Figure 23d presents
the sensitivity to the initial sampling bias pg, which controls the balance between random
exploration and goal-directed search. A low py enhances exploration capability but results
in longer planning time, while a high pg accelerates convergence but may increase the risk
of local trapping in complex environments. The results show that a moderate sampling bias
achieves both high efficiency and a stable success rate. The proposed IAPF-RRT* method
demonstrates stable performance over a relatively broad range of parameter values. These
observations confirm that the selected parameter configuration provides a well-balanced
trade-off among exploration capability, convergence efficiency, and obstacle avoidance
performance, and that the method is robust to moderate parameter variations.
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Figure 23. Parameter sensitivity analysis of the proposed IAPF-RRT* method with respect to key
parameters: (a) repulsive gain coefficient ky.p; (b) obstacle influence distance p,; (c) step size Ad;
(d) target-biased sampling probability pg.

Based on the above sensitivity analysis, practical parameter tuning guidelines can
be summarized. The repulsive parameters k., and p, should be selected according to
obstacle density and required safety margin, where moderate values are recommended to
avoid excessive detours or insufficient obstacle avoidance. The step size Ad can be adjusted
according to environmental complexity, with smaller values preferred in narrow or cluttered
environments to improve feasibility, and larger values used in sparse environments to
enhance computational efficiency. The initial sampling bias py should be chosen to balance
exploration and convergence speed, where a moderate value is generally sufficient for
most scenarios.

Furthermore, a trade-off exists between planning performance and computational cost.
Increasing exploration capability (e.g., smaller step size or lower sampling bias) improves
success rate and path quality but leads to higher computational overhead. Conversely,
stronger goal bias and larger step size reduce planning time but may degrade robustness
in complex environments. Therefore, the proposed parameter configuration provides a
balanced compromise between efficiency, robustness, and trajectory quality.

4.6. Field Experimental Validation in Nearshore Environments

This section presents field experiments evaluating the path planning performance
of UUVs in nearshore environments. The experiment was conducted using the in-house
developed “Zhihai No.2” platform, as shown in Figure 24a. The vehicle has a compact form
factor (23 x 23 x 90 cm) and a lightweight structure (26 kg), enabling agile maneuvering
in confined and cluttered underwater spaces. The trials were carried out in an offshore
aquaculture area near Phoenix Island. During the mission, the UUV traversed the farming
region while performing water-sample collection for quality assessment. The start and
goal waypoints were preset at (36.00739° N, 120.30830° E) and (36.01040° N, 120.31033° E),
respectively. Considering the relatively uniform water quality in this region, only one
patrol point near each fish cage was required to optimize sampling efficiency and mini-
mize redundant measurements. Accordingly, four patrol points were deployed along the
route: Patrol 1 (36.00791° N, 120.30915° E), Patrol 2 (36.00836° N, 120.30951° E), Patrol 3
(36.00892° N, 120.31020° E), Patrol 4 (36.00954° N, 120.31024° E). The total navigation dis-
tance was approximately 420 m, providing adequate spatial coverage for validating the
proposed algorithm in a realistic nearshore aquaculture environment. The shore-based
experimental setup and monitoring station are shown in Figures 24b and 24c, respectively,
enabling real-time data transmission, UUV control, and status monitoring. The far-field
experimental site, an offshore aquaculture cage farm, is illustrated in Figure 24d. The
UUV operation platform used during the sea trials is schematically shown in Figure 24e,
including the stationary buoy for positioning, the surface vessel for command and monitor-
ing, and a predefined desired trajectory. The path-tracking performance in the real-world
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application scenario is presented in Figure 25. The parameter settings used in the field
experiments are largely consistent with those in the simulation. The core algorithmic param-
eters, including kat, krep, and p,, are kept unchanged to ensure methodological consistency.
Only a few environment-dependent parameters are slightly adjusted. Specifically, the step
size Ad is adapted to match the motion resolution of the UUV platform, the sampling
bias is moderately increased to improve stability under real-world disturbances, and the
maximum number of iterations is limited to satisfy real-time requirements. No extensive
parameter re-tuning was performed. Therefore, the field results directly demonstrate the
robustness and practical applicability of the proposed method. To mitigate the effects of
environmental disturbances and experimental uncertainty, each sea trial was repeated five
times under comparable conditions, and the averaged results are reported in Table 8.

Figure 24. Real-environment experimental setup for the UUV-based aquaculture monitoring system:
(a) the “Zhihai No.2” UUYV; (b) shore-based experimental equipment; (c) shore-based monitoring
and control station; (d) aerial view of the offshore aquaculture cage farm; (e) schematic of the UUV
operation in the sea trial.

While simulations confirm the effectiveness of the proposed method, field experiments
expose additional challenges in real underwater environments. Nearshore aquaculture
areas involve complex hydrodynamic disturbances, positioning uncertainties, and irregular
obstacle distributions, which introduce variability into the planning and tracking process
and often degrade the performance of conventional sampling-based methods.

As shown in Figure 25 and Table 8, traditional algorithms such as RRT and RRT* are
more sensitive to environmental disturbances, resulting in unstable trajectories and frequent
deviations. Although the SOTA method Informed-RRT* improves sampling efficiency, it
still suffers from redundant exploration in cluttered regions due to the lack of obstacle-
aware guidance. APF-based methods enhance obstacle avoidance but tend to produce local
oscillations under dense and dynamic conditions. In contrast, the proposed IAPF-RRT*
generates more stable and smoother trajectories with reduced heading variations, leading
to improved maneuverability in confined environments. It also achieves lower energy
consumption, primarily due to fewer unnecessary maneuvers and reduced oscillatory
motion. These results indicate that improving path smoothness is critical for enhancing
both energy efficiency and operational endurance in real-world UUV applications.
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Figure 25. Real environment experimental condition: (a) experimental area; (b) RRT; (c) RRT*; (d) Bi-
RRT*; (e) Informed-RRT*; (f) APF-RRT*; (g) Bi-APF-RRT*; (h) our IAPF-RRT*. In each subfigure, the
grey dashed line denotes the trajectory of the dynamic obstacle.

Table 8. Real environment experimental data.

Algorithm Path(;e)ngth Nav1g(:nt1i($ Time  Energy ((Z‘(l)\?hs)umptlon Smoothness Succ?;os) Rate
RRT 569 14.57 37.74 3.0 60
RRT* 543 14.07 35.97 2.5 60

Bi-RRT* 487 13.27 30.73 2.3 80
Informed-RRT* 468 12.83 27.05 24 80
APF-RRT* 455 11.80 26.50 2.1 80
Bi-APF-RRT* 432 10.50 24.80 2.0 100
Our IAPF-RRT* 427 9.72 23.33 1.7 100

4.7. Comparative Discussion and Analysis

The results from both simulations and field experiments consistently demonstrate
the effectiveness of the proposed IAPF-RRT* algorithm. Compared with conventional
sampling-based methods, the proposed approach reduces redundant node expansion and
improves convergence efficiency across different scenarios. In terms of trajectory quality,
the proposed method generates smoother and more stable paths, especially in constrained
environments such as narrow passages and cluttered nearshore regions. Although a slight
increase in path length is observed in some complex cases, the overall improvement in
smoothness, stability, and success rate makes the method more practical for real-world
applications. From a mechanism perspective, these improvements mainly come from two
aspects. On the one hand, the dynamic goal-bias strategy enhances directional guidance
during tree expansion, reducing unnecessary exploration. On the other hand, the improved
potential field provides a more balanced interaction between attraction and repulsion,
which helps suppress local oscillations and improves path continuity. The field experi-
ments further confirm that these advantages are maintained in real-world environments.
In particular, smoother trajectories contribute to reduced control effort and energy con-
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sumption, which is critical for extending UUV mission duration. Moreover, the improved
robustness and higher success rate enhance the reliability of autonomous navigation in clut-
tered aquaculture environments, demonstrating the practical applicability of the proposed
approach. Compared with optimization-based and learning-based methods, the proposed
approach does not rely on global trajectory optimization or large-scale training data, making
it more suitable for real-time deployment in uncertain nearshore environments.

In practical marine environments, localization is subject to noise and latency. To
emulate these effects, Gaussian noise is introduced into the UUV state and obstacle positions
during simulation. The proposed IAPF-RRT* maintains stable performance under moderate
noise levels, benefiting from its sampling-based nature and reactive re-planning mechanism.
The continuous re-planning strategy mitigates the impact of sensor latency by updating
trajectories based on the latest observations, while performance may degrade under severe
uncertainty or significant delays.

It is also important to note that the integration of APF-based guidance introduces a
directional bias into the sampling and node expansion processes, which may affect the strict
asymptotic optimality guarantees of the original RRT* algorithm. Specifically, the uniform
sampling assumption required for theoretical optimality is partially relaxed. However, the
proposed method retains sufficient stochastic exploration capability and does not eliminate
randomness in the sampling process. More importantly, in practical finite-time planning
scenarios, the proposed approach achieves significantly improved convergence efficiency,
reduced redundant exploration, and enhanced trajectory quality. Therefore, a trade-off
exists between strict asymptotic optimality and practical performance, where the proposed
method prioritizes efficiency, robustness, and smoothness, which are more critical for
real-world UUV applications.

Although the proposed IAPF-RRT* framework is developed and validated for UUV
operations in nearshore environments, its underlying principles are not limited to under-
water applications and can be extended to other robotic platforms, such as unmanned
aerial vehicles (UAVs) and unmanned ground vehicles (UGVs). The sampling-based
planning framework combined with potential field guidance is largely independent of
specific vehicle dynamics, and the target-biased sampling strategy and adaptive guidance
mechanism can be applied to enhance convergence efficiency and planning robustness in
various environments.

However, when extending the proposed method to other platforms, several challenges
arise. Differences in dynamic constraints, sensing modalities, and environmental charac-
teristics may influence trajectory feasibility and decision-making processes. For example,
UAVs operate in fully three-dimensional spaces with high maneuverability, while UGVs
are constrained by nonholonomic motion and terrain conditions. These differences require
appropriate adaptations to motion models and feasibility constraints.

In addition, several limitations of the proposed method should be acknowledged. First,
the current framework mainly focuses on geometric path planning and does not explicitly
incorporate full UUV dynamic constraints or complex hydrodynamic effects. Second,
although moderate localization noise and sensor latency are considered, the method has
not been systematically evaluated under severe uncertainty conditions. Third, while the
parameter settings exhibit good robustness, they may still require adjustment in highly
heterogeneous environments. These limitations do not undermine the effectiveness of the
proposed framework but indicate directions for further improvement. These limitations
indicate several directions for future work, including uncertainty-aware planning, adaptive
parameter tuning, and tighter perception—planning integration.
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5. Conclusions

This paper proposes an IAPF-RRT* framework for global path-planning of UUVs in
complex nearshore environments. By integrating the IAPF model into the RRT* framework,
the proposed method provides dynamic guidance during sampling and node expansion,
thereby enhancing goal-directed exploration and accelerating convergence. To overcome
the limitations of existing SOTA methods, a distance-adjusted repulsive potential is intro-
duced to ensure global goal reachability, while a relative-velocity-based avoidance strategy
enables adaptive responses to dynamic obstacles. In addition, a target-biased sampling
mechanism and a weight-adaptive attraction strategy are incorporated to improve explo-
ration efficiency and suppress redundant node expansion. A NURBS-based path refinement
module is further employed to enhance trajectory smoothness and curvature continuity.
Extensive simulations and real-world experiments demonstrate that the proposed method
consistently outperforms representative state-of-the-art approaches, achieving significant
reductions in planning time, node expansion, and energy consumption, while maintaining
high success rates across diverse scenarios. More importantly, the results reveal that effec-
tive coordination between global exploration and local guidance is critical for improving
both convergence efficiency and path stability in complex environments. In particular,
suppressing redundant exploration and reducing trajectory oscillations are key factors for
enhancing energy efficiency and operational reliability in real-world UUV applications.
These findings indicate that the proposed mechanism-level integration strategy provides a
general and effective solution for improving sampling-based path planning methods. The
framework not only advances the state of the art but also offers strong practical applicability
for autonomous navigation in nearshore and aquaculture environments.

Future work will focus on enhancing robustness under uncertain and dynamic
nearshore conditions by incorporating uncertainty-aware planning (e.g., probabilistic
constraints). In addition, learning-based strategies will be explored for adaptive param-
eter tuning and decision-making. The framework will also be extended by integrating
perception modules (e.g., acoustic sensing and polarization vision) to achieve tighter
perception—planning coupling and improved system autonomy. These directions aim to
further enhance the robustness, adaptability, and autonomy of UUV navigation in complex
nearshore environments.
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