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Abstract

In multi-AUYV collaborative underwater coverage operations, the fundamental principle of
load balancing is temporally rather than spatially defined. Traditional partition schemes
that equalize area or grid counts suffer from a critical fallacy: they assume a linear mapping
from geometry to working time, which collapses in the presence of irregular obstacles. This
paper demonstrates that temporal load imbalance causes some AUVs to finish prematurely
and remain idle—consuming power and fighting currents while their counterparts struggle
with topologically complex sub-regions. To address this, we propose a dual-layer nested
Particle Swarm Optimization (PSO) framework for Voronoi partitioning, where the outer
layer coarsely initializes grid counts, while the inner layer directly minimizes the makespan
and time variance derived from actual BINN-simulated coverage paths. This two-stage PSO
architecture effectively resolves the nonlinear mismatch between geometric partitioning
and real operation time, redefining load balancing from a geometrical abstraction to a tem-
porally grounded, operationally relevant metric. Furthermore, we rigorously distinguish
the intrinsic nature of coverage path planning (CPP) from Traveling Salesman Problem
(TSP)-based point routing—the latter generates discontinuous, sharp-turning trajectories
that violate the kinematic constraints of side-scan sonar payloads and cause critical data
gaps. The proposed architecture yields a standard deviation of mission times that is an
order of magnitude lower than area-based heuristics, while maintaining kinematically
feasible continuous sweeps. Crucially, we explicitly delineate the operational boundary
of this framework: it is purpose-built for static, pre-surveyed environments where offline
computational overhead (approximately 8 min) is a justifiable investment against a 3 h
optimal field execution.

Keywords: region partitioning; task allocation; coverage path planning; AUV cooperative
operations; particle swarm optimization; biologically inspired neural network

1. Introduction
1.1. Background

Traditionally, tasks such as area search and underwater terrain exploration have often
relied on a single autonomous underwater vehicle. However, as the scale of the operational

area continues to expand, single-AUV solutions increasingly suffer from low operational
efficiency, concentrated reliability risks, and limited adaptability. Multi-AUV cooperation
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has therefore become an essential approach to overcoming the performance limitations of
individual platforms. Nevertheless, underwater environments impose severe constraints
on cooperative operation. Acoustic communication is characterized by low bandwidth,
long latency, poor reliability, and strong susceptibility to environmental disturbances. In
addition, underwater vehicles generally lack access to global navigation satellite signals. As
a result, AUV formations cannot rely on frequent and high-volume information exchange
in the same way as autonomous aircraft. Designing efficient and conflict-free task planning
methods for multi-AUV systems under such communication-constrained conditions has
thus become a central challenge. This problem is of both practical engineering significance
and theoretical research value. However, a critical oversight persists in current literature:
load balancing is almost universally defined in the spatial domain—equal area, equal grid
count, or equal cell distribution. This implicit assumption presumes a linear mapping from
area to working time. In reality, the presence of concave obstacles and narrow passages
causes a nonlinear inflation of traversal time for a given geometry. More importantly,
for underwater operations, the consequence of temporal imbalance is far more severe
than mere inefficiency. An AUV that completes its sub-region early has no productive
role except to remain idle at the rendezvous point. During this idle period, the vehicle
continues to drain its batteries against unsteady ocean currents and must actively maintain
its position without collecting scientific data—a pure waste of onboard energy and an
increased risk of navigation drift. Consequently, in the static, pre-surveyed underwater
coverage scenarios focused on in this paper, temporal balancing is not merely an optimiza-
tion goal; it is a practical necessity to maximize the effective utilization of every vehicle’s
finite underwater endurance.

1.2. Related Work

Research on multi-AUV coordination has historically coalesced around three inter-
connected themes: region partitioning, coverage path planning (CPP), and collaborative
system architecture [1].

The objective of region partitioning is to carve the overall operational area into sub-
regions that allocate workload fairly among vehicles [2]. Existing solutions broadly fall into
geometric, clustering-based, and metaheuristic categories. Geometry-driven approaches,
such as Voronoi diagrams [3], are computationally lean but struggle to accommodate
irregular obstacle fields [1]. Clustering methods—including K-means++ [4] and fuzzy C-
means [5]—rely on Euclidean proximity and thus break down in non-convex or narrow-lane
environments [6]. Alternative geometric partitioning tools, such as Delaunay triangula-
tion [7], and density-based clustering methods (e.g., DBSCAN [8] and HDBSCAN [9]) have
also been explored for multi-robot area coverage. Nevertheless, the standard Delaunay
triangulation requires a constrained variant to accommodate concave obstacles, whereas
density-based clustering approaches are generally sensitive to parameter selection. More-
over, density-based clustering approaches are gaining traction in underwater platforms,
yet their systematic application at the region-partitioning level—especially their deep cou-
pling with coverage path planning (CPP)—remains conspicuously underexplored. More
recently, multi-agent reinforcement learning [10] and graph neural networks [11] have been
proposed, yet they incur heavy training overhead and generalize poorly across unseen
terrains, all while presupposing reliable communication links.

A critical observation is that area or grid count has long served as a convenient
proxy for workload, but this geometric abstraction is not equivalent to actual working
time. The presence of concave obstacles and narrow passages causes a nonlinear inflation
of traversal time for a given geometry. Recognizing this, several recent studies have
begun to address temporal load balancing in multi-robot CPP. For instance, game-theoretic
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decomposition methods directly use Dubins path costs for task reallocation, explicitly
breaking the conventional assumption that “balanced area guarantees balanced coverage
time” [12]. Auction-based approaches, such as SCoPP, aim at time-efficient coverage with
workload-balanced plans by coupling partitioning with boundary bidding [13]. Graph-
based direct partitioning methods also adopt balanced workload as a core criterion [14], and
iterative task decomposition and allocation frameworks have been shown to reduce inter-
UAV execution time gaps substantially [15]. These works confirm that temporal balancing
is not an unexplored direction. However, they typically adopt a loosely coupled paradigm:
partitioning is first determined, and path time is then evaluated or locally adjusted. The
path cost used for balancing is often an analytical approximation (e.g., Dubins distance)
or a heuristic estimate, rather than being derived from the actual coverage path that will
be executed. Consequently, the partitioning decision and the true traversal time remain
disconnected, and the optimization does not benefit from closed-loop feedback from path
simulation to region shaping. This is the methodological gap that the present work aims
to address.

A CPP algorithm must produce a path that exhaustively sweeps a given region while
minimizing redundancy, energy draw, and steering effort [16]. The core difficulty lies in tai-
loring the sweep pattern to the specific geometry of each sub-region [17]. Among classical
methods, the Spanning Tree Coverage (STC) algorithm guarantees completeness but tends
to generate jagged, turn-heavy trajectories that impose unnecessary mechanical stress [18].
Others adjust track spacing dynamically to reduce overlap [19] or reformulate CPP as a
Traveling Salesman Problem over sub-regions [20]. It is tempting to formulate coverage
as a TSP over grid centroids, but this commits a category error: TSP optimizes discrete
point-to-point hops, whereas CPP is inherently a continuous area-sweeping problem. For
an underactuated AUV with side-scan sonar, a TSP-derived path is physically untenable:
sharp turns break sensor swath continuity, causing unrecoverable data gaps, while frequent
reorientations accelerate mechanical fatigue on thrusters. Thus, TSP solves the wrong
problem class; underwater CPP must optimize continuous, directionally persistent sweeps
(e.g., lawnmower patterns), not point-to-point distances. Evolutionary search techniques,
including genetic algorithms [21] and differential evolution with Q-learning-based strat-
egy selection [22], have also demonstrated promising performance in path planning, yet
their integration with temporally aware load balancing remains underexplored in specific
scenarios such as multi-AUV underwater coverage. On the optimization front, exact cellu-
lar decomposition combined with differential evolution [23] can shorten execution times
but still provides no guarantee of global optimality given the absence of energy-aware
heuristics. Internal-spiral algorithms achieve full coverage, yet their applicability shrinks
with fleet size [24]. The Glasius bio-inspired neural network (GBNN) offers an elegant
dynamic-field solution for coverage, though it takes little account of starting-position
sensitivity [25]. For multi-AUV systems, the tight coupling between partitioning and
intrazone routing—and the need to resolve both in service of time-balancing—remains
conspicuously underexplored.

Centralized frameworks provide a global view and superior optimality potential,
but they introduce single points of failure and scalability bottlenecks. Distributed archi-
tectures, by contrast, are robust and scalable but struggle to reach globally consistent
decisions. Hybrid schemes—and particularly the “plan centrally, execute distributively”
paradigm—offer an attractive middle ground, preserving global coordination while grant-
ing local reactivity [26]. This is the architectural philosophy we adopt here.
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1.3. Research Motivation and Contributions

Building on the above observations, we introduce an architecture that couples dual-
layer PSO-driven Voronoi partitioning with BINN-based coverage routing, under a cen-
tralized planning/distributed execution model. The methodological novelty of this work
lies not in the individual techniques—Voronoi partitioning, PSO, and BINN are well
established—but in the nested coupling mechanism that renders the partitioning process re-
sponsive to the nonlinear, topology-dependent time costs of coverage sweeps. Our specific
contributions are threefold:

A path-cost-driven nested PSO formulation with closed-loop feedback. Unlike existing
time-balancing approaches that evaluate path time after partitioning, our second-layer PSO
directly minimizes the makespan and time dispersion derived from actual BINN-simulated
coverage paths. This embeds a path-simulation-based time cost into the inner optimiza-
tion loop, allowing the Voronoi seeds to be reshaped by the true traversal costs. This
redefines load balancing from a geometric proxy to a temporally grounded, operationally
relevant metric, and establishes a closed-loop coupling between region partitioning and
intrazone routing.

A hybrid CPP engine that ensures the physical validity of the time feedback. BINN
generates smooth, forward-looking primary sweeps, while A* intervenes locally to escape
deadlocks and close paths back to the home position. This integration is not merely a com-
bination of existing tools; it guarantees that the time signal used in the outer layer reflects
kinematically feasible, continuous coverage paths. Without such a path generator, temporal
optimization would operate on a cost model disconnected from actual sweep execution—a
prerequisite that is often overlooked in loosely coupled time-balancing methods.

A systematic benchmarking campaign that isolates the contributions of partitioning
and path generation. We compare against four representative alternative architectures using
multiple performance dimensions, explicitly separating the effects of partitioning strategy
and path generation strategy. This delineates the strengths and appropriate deployment
contexts of the proposed framework and provides empirical evidence that the closed-loop
coupling—rather than any single component—is responsible for the order-of-magnitude
reduction in time dispersion.

2. Problem Formulation

This paper considers the problem of region partitioning and coverage mission planning
for a formation of AUVs operating within a static two-dimensional maritime area. Each
operational AUV undertakes a full three-stage mission profile: departing from a shared
central rendezvous point, transiting to its assigned sub-region, performing exhaustive
sweep coverage throughout the sub-region, and ultimately returning to the central point
upon survey completion. The overarching objectives are to achieve full coverage of all
traversable areas, balance mission durations across the AUV fleet, minimize the global
maximum mission completion time (makespan), and reduce redundant coverage.

Conventional spatial partitioning schemes, which equalize sub-region area or grid
count, inherently overlook disparities in transit distance between proximal and distal sub-
regions, as well as the nonlinear traversal time introduced by complex obstacle topologies.
This creates a fundamental mismatch between geometric workload balance and actual
temporal load equilibrium, which constitutes the core problem addressed in this work.

We model the operational area as a rectangle, discretized into a two-dimensional grid
map. The team consists of one mother AUV and five homogeneous operational AUVs.
The mother AUV is responsible for transporting the five operational AUVs from the shore
base to the geometric center of the designated mission area, then performing centralized
offline decision-making and task assignment, after which it deploys the operational AUVs
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to execute the coverage survey. All five operational AUVs start from the mother AUYV;
upon completing their sweeps, they return to the mother AUV for recovery and offload
the collected data. Let S = {(xi,yi)}f\i 1N = 5 denote the Voronoi seed set that defines
the partition, and let P; = {p;1, pio,- -+, pim, }, Where pij = (xij,yi;), denote the grid-
coordinate waypoint sequence of AUV;. Thus, the planning problem can be stated as a
constrained multi-objective optimization over (S, {P;}): the primary objective is to min-
imize the maximum mission duration, and the secondary objective is to minimize the
dispersion of the mission durations across AUVs. The constraints are fourfold: (i) coverage
completeness—every passable grid cell must be covered by at least one AUV’s sonar swath;
(ii) a non-overlapping Voronoi partition—the sub-regions must be mutually exclusive,
and their union must equal the set of all passable cells; (iii) obstacle avoidance—no path
segment may enter an obstacle cell; and (iv) kinematic feasibility—consecutive waypoints
must differ by at most one grid cell, and turning is subject to directional inertia. The
AUVs are modeled as discrete-grid point masses with position (x, y), constant cruise speed
v =3 m/s, grid resolution A = 200 m, and eight-neighborhood motion, so that directional
inertia yields smooth, lawnmower-like trajectories.
To keep the problem tractable, we adopt the following assumptions:

1. Communication and control strategy: A “centralized planning—distributed execution”
strategy is adopted. The mother AUV performs offline global planning (region parti-
tioning and initial path generation) using prior environmental information. During
execution, each operational AUV follows its assigned path, requiring only minimal
real-time inter-AUV communication to avoid communication conflicts, which is suit-
able for the bandwidth-limited nature of underwater acoustic communication.

2. Environmental obstacles and inter-AUYV collision avoidance: Static obstacles in the
mission area (e.g., reefs and shipwrecks) are known a priori and represented as
impassable grid cells. Under the premise that the assigned sub-regions are mutually
non-overlapping, AUVs face only a slight collision risk during the departure and
return phases, which can be resolved through simple time-slot scheduling and does
not affect the core partitioning results.

3. AUV deployment and energy: All AUVs are homogeneous, with identical cruising
speed (3 m/s) and sensor detection width (equal to one grid cell side length of 200 m).
Each AUV has sufficient on-board energy to complete its assigned full-coverage task
and return; thus, energy acts as a constraint for time balancing but does not appear as
a limiting factor on feasibility in simulations. This paper does not undertake bottom-
level energy modeling; its core objective is to employ mission-level temporal balancing
to eliminate the idle-time energy waste of early finishers and to prevent late finishers
from having insufficient energy to complete the mission.

4. Mission completeness and coverage verification: Coverage is considered complete
when every passable grid cell has been visited by at least one AUV’s sensor. The path
planning algorithm must guarantee 100% coverage within each assigned sub-region.
The grid cell size is set equal to the sensor detection width, ensuring that a single pass
along grid lines fully covers each cell and thereby simplifying coverage verification.
At the region boundary, half of the swath extends beyond the mission area, which
guarantees complete coverage of boundary cells. Moreover, the actual sonar swath
width is larger than 200 m; it is limited to 200 m to account for coverage gap effects
and other potential factors.

This study considers static environments with known obstacle distributions; dynamic
scenarios are deferred to future work (a detailed discussion of applicability boundaries
is provided in Section 3.2.3). Based on the above assumptions, the core challenges are
as follows: (1) how to partition the region to minimize the maximum mission duration
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across AUVs; and (2) for a given sub-region, how to generate a low-redundancy, smooth
coverage path.

This work focuses on pre-planned offshore survey tasks with a priori known
static obstacle information, rather than real-time online re-planning for unknown
dynamic environments.

3. Methodology

To address the above problems, this paper designs a hierarchical, modular algorithmic
architecture. The architecture first addresses the macroscopic region allocation problem,
then handles the microscopic individual path planning problem. The overall workflow is
illustrated in Figure 1.

Environment Initialization . . . . . . .
Discretize the mission area into a two-dimensional grid

map, specify the grid cell side length, and obtain the
coordinates of all grid points.

Dual-layer PSO Algorithm
: !
First-L PSO s . . .
{ lé)s ayer. }— Initialize the Voronoi seed points, each corresponding to a
ptimization . .
sub-region assigned to an AUV.

|

Execute the first-layer PSO to optimize the positions of
Second-Layer PSO || — the seed points, obtaining an initial set of seed points that
Optimization achieve spatial load balancing.

J |

Based on the first-layer result, perform iterative second-

BINN-Based Coverage 4——— bla.yethSfO (;ptlm}zgtmt;l onbtl;e seed polint pos1t}ons .to
Path Planning obtain the final partition that balances task execution times.
PSO-BINN Integrated Assign the temporally balanced sub-regions to the

Path Planning individual AUVs and execute the preplanned coverage

paths.

Task Allocation
and Execution

Figure 1. Algorithm architecture flowchart.

3.1. Voronoi Diagram-Based Region Partitioning

The Voronoi diagram, which is also referred to as the Thiessen polygon, is a region
partitioning structure widely used in computational geometry [27]. Given a set of N seed
points P = {p1, p2, - - - pn } in the plane, each free grid cell is assigned to the nearest seed
point p;, which yields a partition of the plane. The task allocation problem therefore reduces
to locating an optimal set of seed points P.

3.2. Optimal Voronoi Partitioning via Dual-Layer PSO

The pivotal innovation of this research lies in employing a dual-layer nested Particle
Swarm Optimization (PSO) framework to search for optimal seed point locations. The
standard PSO algorithm keeps a population consisting of “particles”, each representing a
candidate solution [28]. Each particle has a position x and velocity v, updated according to
Equations (1) and (2) based on its own historical best position and the global historical best
position of the population.

V(1) = WOy + 1T (Poest — X (1)) + €272 (Sbest — X (1)) 1
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X(t41) = X(1) T U(141) 2)

where w is the inertia weight, ¢; and ¢y are the cognitive and social learning factors,
respectively, and r1 and r; are uniformly distributed random numbers in [0, 1].

3.2.1. First-Layer PSO: Grid Count Balancing Optimization

The objective of the first layer is to rapidly achieve coarse task-load balancing using
grid count as a surrogate metric. For N = 5 AUVs, a particle represents a set of five 2D
seed points, forming a 10-dimensional vector x = [x1,y1,X2,2, - - , X5,Y5]. The objective
function f; minimizes the difference between the maximum and minimum grid counts
across regions, as shown in Equation (3).

f1(S) = max N — mkin Ni 3)

where Ny is the number of free grid points in region k.

For the first-layer PSO, the swarm size is set to 50 particles, and the maximum number
of iterations is 100. Since the first layer only performs coarse partitioning of regional grid
counts, PSO can achieve rapid convergence. For the initialization strategy, this paper
adopts a stripe-based intelligent initialization scheme rather than purely uniform random
sampling: the operational area is equally divided along the x-axis into five vertical stripes;
the x-coordinates of the five seed points are uniformly sampled within their corresponding
stripes, while the y-coordinates are uniformly sampled over the entire y-range of the opera-
tional area. This strategy ensures a spatially uniform distribution of the initial population
and prevents premature convergence caused by seed-point clustering. If the difference
between the maximum and minimum regional grid counts exhibits no improvement for
20 consecutive iterations before the 100th iteration, early stopping is triggered. In addition,
to avoid local optima, a population-diversity maintenance mechanism is introduced: when
the global best value has not been updated for 10 consecutive iterations, the worst 20% of
particles in terms of fitness are reinitialized using the above stripe-based sampling strategy,
thereby restoring population diversity. The core parameter settings are as follows:

Initial inertia weight, wg = 0.9. This value preserves particle momentum and thereby
promotes broad global exploration during the early iterations.

Inertia decay factor, set to 0.98. The inertia weight decays exponentially with each
iteration, progressively shifting the swarm from exploration to local exploitation.

Cognitive coefficient, c; = 2.0. This parameter weights the attraction of each particle
toward its own historical best position, following standard PSO practice.

Social coefficient, c; = 2.0. This parameter weights the attraction of each particle
toward the global best position of the entire swarm, also following standard PSO practice.

3.2.2. Second-Layer PSO: Task Time Balancing Optimization

The second-layer PSO performs local fine-tuning around the balanced seed points
S obtained from the first layer, directly optimizing the temporal balance of task
completion times.

The task time Tj for AUV} is the sum of transit time, coverage time, and return time.
The coverage path is generated by the BINN algorithm (Section 3.3), with a step count of
N;°V; the transit path and return path are planned by the A* algorithm (Section 3.4), with

step counts of N"* and NJ*. The total step count is My = Nf°¥ + NS + N/, and the
My-A
0

task time is Ty, =
AUV speed.
To ensure the fitness function maintains a consistent physical meaning across all PSO

, where A = 200 m is the grid cell side length and v = 3 m/s is the

generations, we use fixed theoretical bounds for normalization instead of population-wise
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extreme values. The objective function f, of the second-layer PSO is formulated as shown

in Equations (4) and (5).
T, — T
fz(s) _ ml.(’le k lower a Std(Tl, . TK) — Siower )
Tupper — Tiower Supper — Slower
Supper = Tupper = Thowers Slower =0 )

where Tjpper is the theoretical maximum time for a single AUV to cover all free grids (ideal
straight-line without turns), T}y, is the theoretical minimum makespan with perfectly
equal workload, i.e., Typper /N; Supper is the theoretical maximum standard deviation, and
Siower 1 the theoretical minimum standard deviation. This fixed-bound normalization
eliminates the adaptive scaling drift caused by population-based normalization, ensuring
that the optimization direction remains stable throughout the evolution process. The
weight coefficient &« governs the relative priority between makespan minimization and
time-dispersion minimization. Since reducing the maximum mission duration generally
also compresses the idle waiting of early-finishing AUVs and thus tends to reduce the
standard deviation of mission times, the makespan term should remain dominant, while
the standard-deviation term serves as a secondary refinement. Accordingly, « should be
kept relatively small. In preliminary simulations over multiple runs, & = 0.1 provided
satisfactory and stable optimization results, and this value is therefore adopted. This
normalization further ensures that both criteria are commensurate, preventing either term
from dominating merely due to numerical scale.

Because each fitness evaluation in the second layer requires executing a complete
BINN-based coverage path simulation for all AUVs, the computational cost is substantial.
A smaller population is therefore adopted for local fine-tuning: the population size is set
to 15 particles, and the maximum number of iterations is set to 30. This layer employs a
localized initialization scheme: all particles are generated by superimposing zero-mean
Gaussian noise on the optimal seed points output by the first-layer PSO. The noise standard
deviation is set to 5% of the side length of the operational area, so that the second-layer
search concentrates on the neighborhood of the high-quality solution identified by the first
layer, thereby substantially improving convergence efficiency. The algorithm terminates
upon reaching the maximum of 30 iterations, with no additional early-stopping mechanism.
The core parameter settings are as follows:

Initial inertia weight, wy = 0.7. A lower initial inertia is adopted to prioritize local
exploitation, since the first layer already provides a high-quality starting point.

Inertia decay factor, set to 0.98. This gradually narrows the search granularity as
iterations proceed.

Cognitive coefficient, ¢; = 2.0. This retains the standard weight for personal
best attraction.

Social coefficient, c; = 1.5. The reduced social weight prevents over-convergence and
preserves moderate swarm diversity during fine-tuning.

3.2.3. Scope of Applicability, Modeling Abstraction, and Validation Boundaries

Before proceeding to the experimental validation, it is imperative to delineate the
operational envelope of the proposed nested optimization framework. The reliance on
repeated BINN simulations within the inner PSO loop incurs non-negligible computational
overhead, which scales with grid resolution and fleet size. Consequently, this algorithm is
specifically designed and recommended for the following deployment scenarios:

1.  Static and fully surveyed environments, where the obstacle map (e.g., reefs, pipelines,
and wreckages) is known a priori from bathymetric surveys.

https:/ /doi.org/10.3390/app16189300


https://doi.org/10.3390/app16189300

Appl. Sci. 2026, 16, 9300

90f23

2. Strategic offline planning, where a one-time computational investment of approxi-
mately 8 min is amortized over a 2-3 h long field mission (i.e., planning time accounts
for about 5% of the total operational timeline).

3.  Time-critical formation missions, where synchronizing the completion times of all
AUVs significantly reduces idle energy waste and minimizes the risk associated with
prolonged underwater station-keeping.

Conversely, this framework is explicitly not recommended for highly dynamic envi-
ronments (e.g., areas with moving obstacles or sudden and unpredictable current shifts)
or for scenarios demanding rapid online re-planning (within sub-5 min response win-
dows). In such cases, the geometric heuristics (e.g., sector partitioning) or reactive methods,
despite their suboptimal makespan, would be more appropriate due to their negligible
computational latency.

Before proceeding to experimental validation, it is necessary to further clarify the mod-
eling abstraction level and the corresponding validation scope of the proposed framework.
This study is positioned at the mission planning layer, focusing on region partitioning and
waypoint-level coverage path scheduling, rather than explicit modeling of low-level AUV
dynamics and control constraints. Specifically, six-degree-of-freedom hydrodynamics, min-
imum turning radius, curvature continuity, and trajectory tracking errors are outside the
scope of this work. This abstraction allows the paper to concentrate on the algorithmic-level
interplay between partition strategies and path topology in shaping mission-time balance,
while leaving a clear interface for subsequent engineering extensions that incorporate
dynamic constraints. Importantly, this modeling simplification does not undermine the
validity of the proposed framework at the planning layer: in static, pre-surveyed environ-
ments, the smooth primary sweeps generated by BINN already exhibit strong directional
persistence and low turning frequencies, enabling reliable assessment of mission-time
balancing at the planning level. Consequently, the operational boundary of this framework
should be understood as follows: offline strategic planning in static environments, vali-
dated at the mission planning layer, where performance metrics reflect topological-level
coordination efficiency rather than execution accuracy after full dynamic simulation.

3.2.4. Computational Complexity Analysis

LetG = Ng2 be the number of grid cells, N the number of AUVs and Voronoi seeds, and
P1, I and P,, I, the swarm sizes and iteration limits of the two PSO layers. The first layer
evaluates a particle by constructing a Voronoi partition and counting free cells, which costs
O(NG). Its total cost is O(P;I; NG), which is low and serves only as coarse initialization.

The second layer dominates the runtime. Each fitness evaluation requires a complete
BINN coverage simulation for every AUV, together with A* calls for deadlock escape
and return-path closure. For AUV, let Gy and Lj denote the number of cells in its sub-

N
region and the number of BINN path steps. One particle evaluation costs O( Y GxLg),
k=1

N
so the second-layer cost is O(P2I Y- GxLg). Since Ly = O(Gyg), this is approximately
k=1

N
oL Y, G,%) With P, =15, I = 30, N = 5, and G = 625, the second layer performs up
k=1

to 450 particle evaluations, i.e., 2250 BINN simulations, which accounts for the measured
runtime of about 480 s.

This computational burden is intentional. The second layer optimizes mission times
produced by actual BINN paths rather than by area or grid-count proxies. Removing
BINN from the fitness evaluation would reduce computation but would restore the linear
geometry-to-time assumption and cause severe temporal imbalance. The proposed method
achieves a mission-time standard deviation of 84.3 s, far below that of geometric-proxy
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baselines. For static, pre-surveyed missions, the approximately 8 min offline planning cost
is therefore a justified investment for near-synchronous formation completion. Finally,
the scalability of the proposed algorithm with respect to problem size is discussed and
analyzed in Section 4.4.

3.3. BINN-Based Coverage Path Planning

To address the CPP challenge in complex environments, this study employs the
Biologically Inspired Neural Network (BINN) algorithm. BINN is a dynamic planning
algorithm inspired by biological neural systems, which models the task area as a neural
network and guides AUV movement through the dynamic evolution of neural activities,
thereby generating coverage paths [29].

In this implementation, the following is true:

1.  Network construction: Each grid point is treated as a neuron. The network comprises
two state variables: neural activity value v and external input I.
2. State initialization:

All neurons are initialized with activity v = 0.

The setting of external input I is crucial: neurons corresponding to uncovered regions
are assigned a large positive input E, indicating “attractive” target points; neurons cor-
responding to covered areas, obstacles, or regions outside the area are assigned a large
negative input —E or 0, indicating “repulsive” or “neutral” points.

3. Dynamic evolution: The map is a Ny x N, grid area. Ny = 25. Each grid cell (i, j)
contains a neuron with activity value v;; satisfying the following differential equation
(discretized using Euler’s method):

dvj; -
% = —Avjj + (B — v;) ([I;j]" + Sij) — (D + ;) [I] ©

The discrete update formula (time step At = 0.02) is as follows:

The formula has been revised. @)
Vjj <= Ujj + At - [—Avi]- + (B-— vij)([lijﬁ + Sl]) —(D+ 'Ui]') [L’j]i]
followed by clamping within the range [D, BJ.

The physical meanings and parameter selection justifications are as follows:

A = 0.1: Passive decay rate. Controls the rate at which neuronal activity decays to zero
in the absence of external stimuli. A smaller value maintains activity for a longer duration.
Based on multiple preliminary experimental comparisons and the neural dynamics activity
decay time constant of 10, the value is determined as 0.1.

B = 300, D = —300: Upper and lower bounds of neuronal activity. B represents
the maximum excitation level, and D represents the maximum inhibition level. A larger
dynamic range enhances the model’s discriminative capability between uncovered regions
and covered/obstacle regions. The values are experimentally validated and adopted
as 1-300.

u = 1.5: Neighborhood excitatory weight coefficient. Used to compute the excitatory
contribution S;; =} wpq [qu]+ from neighboring neurons, where wy; = p/d, d is the Man-
hattan distance. Larger u values strengthen excitatory propagation, making the path more
“straight-line” oriented. Based on preliminary comparative experiments (¢ = 1.0,1.5,2.0),
u = 1.5 was selected to achieve a good balance between path smoothness and regional
exploration completeness.

E = 150: External input intensity. Uncovered grids are assigned a positive input +E
(attracting the AUV); obstacles are assigned a negative input —E (repelling the AUV). E is
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set to half of B, allowing the initial activity of uncovered regions to rise rapidly toward B
while avoiding dynamic oscillations.

R = 3: Neighborhood radius. Only neighboring neurons with Manhattan distance
less than R are considered. R = 3 implies a neighborhood range of distances 1 and 2. This
value matches the grid resolution, ensuring that the AUV can perceive terrain information
approximately 1-2 grids ahead (i.e., 200400 m), avoiding “short-sightedness” due to an
overly narrow local field of view.

At = 0.02: Euler discretization time step. To ensure numerical stability, At must be
less than 1/ A (i.e., 10). The value (0.02) ensures that the activity values do not undergo
sharp jumps within a single step.

The external input I;; is as follows:

E, Grid (i,]) is uncovered

Ly = ¢ —E, Grid (i,j) is an obstacle (8)
0, Grid (i, ) is covered

[x]" = max(x,0), [x] = max(—x,0) 9)

The neighborhood excitatory input S;; is as follows:

Considering the neighborhood with a Manhattan distance not exceeding R = 3,
neighbors with d = 1 and d = 2 are assigned weights of /1 = 1.5 and u/2 = 0.75,
respectively, while the weight is set to O for d > 3.

Sij = ) “’M'[UM]Jr (10)
(p2)€EN;;
N;j = {(p,9)|0 <|p —i|+]g — jI< R} (11)
N _ s
wpy = { T P il I<R 12
0, lp—il+lg —j|> R

A schematic diagram of the BINN is shown in Figure 2.

N \-
AN /) )
O

N /

v <

N\ N // \
@
\ N\
N /
4

Figure 2. Schematic diagram of the BINN.
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4. Path generation strategy:

The BINN planner maintains a path list, starting from the initial position. At each step,

(a) Update the neural network: Update all neurons according to the dynamics described
above.

(b) Select the next position: From the neighborhood (distance < R) of the current position
(ic, jc), select uncovered grids as candidate set C.

If the previous movement direction is (A7, Aj), and (ic + Ai, jc + Aj) € C, preferentially
select that grid (directional inertia).
Otherwise, select the grid with the maximum neuronal activity value in the candidate set:

(inext/jnext) = arg max UPKI (13)
(pa)eC

when multiple maxima are present, select the one with the smallest Manhattan distance.

(c) Deadlock escape: If C € ¢ (i.e., no uncovered grids in the neighborhood), invoke
the A* algorithm to plan the shortest path from the current position to the “highest
uncovered density” grid, and advance one step along that path (see Section 3.4).

(d) Add the new position to the path, mark it as covered, set its external input I to zero,
and repeat until all designated grids are covered.

Starting from its initial point (the global center), each AUV examines all uncovered grid
points within its neighborhood at each step and selects the point with the highest neuronal
activity value v as the next target. This “greedy” strategy ensures that the AUV always moves
toward the “most attractive” direction. To promote smoother “lawnmower” paths, a heuristic
rule is added: if there remains an uncovered neighbor in the previous movement direction, the
AUV preferentially continues straight. When the AUV moves to a new grid point, its external
input [ is set to zero, indicating coverage. The entire network’s neuronal activity values v are
then updated through one iteration of the above equation. This “move-update” cycle continues
until all grid points in the sub-region are covered.

The advantage of BINN lies in its dynamic and adaptive characteristics. By tuning
parameters, it can generate smooth, low-repetition “lawnmower” paths and naturally
navigate around obstacles.

3.4. A*-Based Deadlock Resolution and Path Closure

When the BINN planner detects a deadlock (no uncovered grids in the neighborhood
while the sub-region is not yet fully covered), the A* algorithm is invoked. This algorithm
plans the shortest path from the current position to an uncovered grid with the highest
“uncovered neighbor density”. Once the deadlock is resolved, the AUV switches back to
BINN mode to continue coverage.

After completing full coverage of the sub-region, the AUV’s final position typically
does not coincide with the center point. The A* algorithm is invoked again to plan the
optimal collision-free return path from the current position back to the center point.

4. Simulation Results and Discussion

We evaluated our architecture against four baselines in a controlled simulation envi-
ronment.

4.1. Experimental Setup
All tests shared the following settings:

1.  Domain: 5000 m x 5000 m square.
2. Grid resolution: 200 m, resulting in a 25 x 25 grid map.
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3. Obstacles: Several 2 x 2 square blocks, generated using random seeds to ensure that
obstacle positions are not fixed in each simulation.

4. AUV formation: Five operational AUVs, speed 3 m/s, start/end at the geometric center.

5. All simulation experiments presented in this paper were conducted on a computer
equipped with an AMD Ryzen 9 7945HX processor (16 cores, 32 threads, AMD (Ad-
vanced Micro Devices, Inc.), Bayan Lepas, Penang, Malaysia) and 16 GB of DDR5
RAM. The code was developed and executed in a Python 3.13 environment.

To comprehensively evaluate the performance of each algorithmic architecture, the
following seven key metrics are defined:

1. Maximum mission duration (s): The time of the last AUV to complete its task in the
formation; the core efficiency indicator.
2. Mean mission duration (s): The average mission duration across all AUVs.

3. Standard deviation of mission durations (s): Measures the balance of task allocation.

N N
L NEY= X U

N
4. Repeat coverage rate (%): p = “L—F—=1— x 100%, where }  N{°¥ is the total
U, k=1

M=z

k=1

N

number of coverage path steps, and }_ U is the total number of unique traversable
k=1

grid cells that require coverage in the region. The transit paths to the mission region

and the A* return paths are excluded from consideration.

5. Total number of turns: Total number of turns across all AUV coverage paths (a turn is
counted when two consecutive movement vectors are not parallel), likewise excluding
the outbound transit and return paths.

6. Algorithm runtime (s): Total computation time from region partitioning to path
generation.

7. Coverage rate: A fundamental metric; all architectures achieve 100%.

All experimental data presented below are averaged over at least 20 independent
simulation runs.

4.2. Experimental Comparison of Baseline Algorithm Architectures

To verify the advantages and methodological novelty of the proposed framework,
two independent and representative baselines are selected: DARP + Improved STC and
CVT/Lloyd + Sweep CPP. DARP represents the distance-field-based iterative allocation
paradigm, which iteratively balances workload through evaluation matrices and has been
widely validated in multi-robot coverage. CVT/Lloyd represents the classical geometric
equilibrium paradigm, where seed points are iteratively adjusted to equalize Voronoi cell
areas. Improved STC represents deterministic spanning-tree coverage, while Sweep CPP
represents directionally persistent lawnmower sweeps. Together, these two baselines cover
the principal combinations of partitioning strategy and path generation strategy, ensuring
that the comparison is not biased toward variants of the proposed framework (Table 1).

Table 1. Performance comparison against baseline algorithm architectures.

Algorithm Max Mission Mean Mission Std Dev of Mission Repeat Total Number Algorithm
Architecture Duration (s) Duration (s) Durations (s) Coverage (%) of Turns Runtime (s)
Dual-layer PSO +
Voronoi + BINN 9325.00 9199.95 84.30 £ 22.84 11.26 +0.58 215.63 £ 11.42 476 £ 13
+102.02 +139.25
(Proposed)
DARP + 13,104.86 10,754.34
Improved STC 1 54255 4 266.91 2539.68 + 287.97 16.24 +1.83 185.38 £ 13.66 7+0
CVT/Lloyd + Sweep 12,443.28 10,397.36
CPP 1457 62 1 204.90 1621.03 £ 263.97 15.78 £1.32 197.63 + 11.88 6+0
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TSP formulates coverage as discrete point-to-point routing, which is categorically

different from continuous area sweeping; for an underactuated AUV with side-scan sonar,
a TSP-derived path produces discontinuous, sharp-turning trajectories that break sensor
swath continuity and cause unrecoverable data gaps. Therefore, TSP is retained only as an
illustrative counterexample rather than a competitive baseline.

The following figures present the experimental results.

Dual-layer PSO + Voronoi + BINN (Proposed): The architecture described in Section 3.
Simulation results are presented in Figure 3.

Coverage paths of individual AUVs

Task completion times of individual AUVs
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Figure 3. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Task completion
time histogram of individual AUVs.

DARP + Improved STC: DARP for balanced partitioning and improved STC for
subsequent coverage path planning. Simulation results are shown in Figure 4.
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Figure 4. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Task completion
time histogram of individual AUVs.

3.

CVT/Lloyd + Sweep CPP: CVT/Lloyd for balanced partitioning and sweep CPP for
subsequent coverage path planning. Simulation results are shown in Figure 5.
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Figure 5. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Task completion
time histogram of individual AUVs.

The data presented in Table 1 are analyzed as follows. The proposed architecture
achieves the lowest maximum mission duration. Its standard deviation of mission du-
rations is lower than those of DARP + Improved STC and CVT/Lloyd + Sweep CPP by
factors of 30.1 and 19.2, respectively. This confirms that temporal load balancing cannot
be achieved by geometric equilibrium alone: both baselines produce spatially balanced
partitions, yet their mission-time dispersion remains more than an order of magnitude
larger. The reason is that neither incorporates the actual traversal time of the coverage
path into the partitioning objective. The proposed method directly minimizes the BINN-
simulated makespan and time variance, reshaping Voronoi seeds to absorb the nonlinear
path cost caused by different obstacle configurations and varying sub-region distances.
This comparison directly demonstrates that, in this scenario, temporal balancing is superior
to area balancing as the workload unit for multi-AUV coverage operations. In terms of path
quality, the proposed method achieves a repeat coverage rate of 11.26%, outperforming
DARP + Improved STC and CVT/Lloyd + Sweep CPP in this metric. Its turn count is
approximately 215, slightly higher than those of the two baselines, but this modest increase
in steering effort is justified by the lower repeat coverage rate. The runtime of the proposed
method (476 s) is longer, but as discussed in Section 3.2.3, this overhead is acceptable for
offline strategic planning.

4.3. Ablation Study

To isolate the contribution of each component in the proposed framework, four abla-
tion variants are evaluated. All variants share the same BINN-based path generator and
differ only in their partitioning strategy (Table 2).

Table 2. Ablation study results.

Algorithm Architecture l\éax Mission Mean Mission Std Dev (?f Mission Repeat . Algo.rithm
uration (s) Duration (s) Durations (s) Coverage (%) Runtime (s)
D“alg‘g% I()lfrOO;OZ:;‘)’“"i * flzfz'?gs 1911929§.9255 84.30 = 22.84 11.26 + 0.72 476 + 15
Si@le'“”ﬁi%* Voronoi + 18'25;;5 2412265.6;8 473.50 + 104.33 14.88 + 1.16 1842
RE@T@E?&??E};%’“ ﬁéggﬁ; 32613725.7031 203.61 =+ 45.20 15.26 + 1.13 519 + 16
Sector Umf‘gg‘\l;arﬁﬁonmg * 1;)'2;16.'2? 1921355'?;1 873.23 + 172.97 13.08 + 0.88 12+1
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1. Dual-layer PSO + Voronoi + BINN (Proposed): Simulation results are presented in
Figure 6.
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Figure 6. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Task completion
time histogram of individual AUVs.
2. Single-layer PSO + Voronoi + BINN: Only the first-layer PSO (area balancing) is
executed, followed by BINN planning. Simulation results are shown in Figure 7.
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Figure 7. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Grid count
histogram by region.
3.

Random-seed second-layer PSO + Voronoi + BINN: The coarse partitioning from the

first-layer PSO is replaced with random Voronoi seed points, and only the second-layer
PSO is employed. Simulation results are presented in Figure 8.
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Figure 8. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Task completion
time histogram of individual AUVs.
4. Sector Uniform Partitioning + BINN: The entire region is uniformly divided from the
center point by angles of 360/N degrees, followed by BINN planning. Simulation
results are presented in Figure 9.
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Figure 9. (a) Region partitioning map. (b) Coverage paths of individual AUVs. (c) Task completion
time histogram of individual AUVs.

The data presented in Table 2 are analyzed as follows. Comparing full against single-
layer PSO reveals the value of directly optimizing temporal balance: single-layer PSO
reduces grid-count variance to near-zero, yet its mission-time standard deviation remains
473.50 s—more than five times as large as that of the full framework. The second-layer PSO
absorbs the nonlinear time inflation caused by obstacle topology and varying sub-region
distances, compressing the idle gap from 473.50 s to 84.30 s. Comparing the full method
against the random-seed second-layer PSO isolates the value of the first-layer coarse initial-
ization: with random-seed initialization, the second-layer PSO still reduces time dispersion
to 203.61 s, which is more than twice the dispersion of the full framework (84.30 s). Fur-
thermore, due to the absence of the first-layer coarse initialization, the optimization time
of the second-layer PSO increases slightly, exceeding the algorithm runtime of the full
framework by about 10%. Comparing full against geometric Voronoi partition shows
the combined effect of both PSO layers: pure geometric partitioning yields a standard
deviation of 873.23 s, an order of magnitude worse. This confirms that the nested PSO
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architecture—not any single component—is responsible for the dramatic improvement in
temporal load balancing.

4.4. Comparative Experiments Under Varying Obstacle Densities and Fleet Sizes

To verify that the advantages of the proposed framework are not coincidental to a
specific obstacle distribution and to evaluate its scalability, two groups of comparative
experiments are conducted. The first group tests three obstacle density levels: the original
density, +100% density, and +150% density, while other settings remain unchanged. The
second group tests three fleet sizes: N = 3,5,7 AUVs, while other settings remain un-
changed. Each configuration above is averaged over 20 independent runs. Table 3 presents
the data comparison of the three algorithm architectures under different configurations.

Table 3. Performance under different configurations.

Obstacle Obstacle Obstacle Fleet Size 2

Aﬁifl(i):eltt:}tl;l;e Pell‘\f/[(:}rtlgs:;lce Density 1 Density 1 Density 1 Fh:;t fl;)e 1 (Original FITK; fl;)e 3
(Original) (+100%) (+200%) - N =5) -
Max Mission 9325.00 9320.93 9289.36 14,518 9325.00 7194.22
Duallayer _ Duration (s +112.88 + 113.69 +109.56 + 357.65 +112.88 +105.97
P
vOrigoJ; . Sﬁi?sjzr?f 84.30 81.49 127.95 31.43 84.30 60.21
BINN Durations (5 +22.84 + 26.82 + 36.01 +9.72 +22.84 +15.03
(Proposed) .
Algorithm 476 4+ 15 472 + 16 483 + 18 403 + 13 476 + 15 493 + 18
Runtime (s)
Max Mission  13,104.86 14,148.11 13,837.03 18,424.25 13,104.86 9345.44
Duration (s) + 542,55 + 482.83 + 845.34 + 727.41 + 542,55 + 364.91
IEArI;l;; Sﬁils)s‘izrff 2539.68 2827.09 2657.09 1399.79 2539.68 916.44
P . + 287.97 + 208.64 + 271.66 + 284.48 + 287.97 +211.95
STC Durations (s)
Algorithm 740 740 740 740 740 740
Runtime (s)
Max Mission ~ 12,443.28 12,703.04 12,836.36 23,648.49 12,443.28 11,377.76
Duration (s) + 457.62 + 523.56 + 713.29 + 1306.77 + 457.62 + 557.78
CVT/Lloyd + Sﬁgg;’ff 1621.03 1507.42 1454.52 4674.52 1621.03 1582.66
Sweep CPP . + 263.97 + 222,81 + 286.29 + 790.63 + 263.97 + 253.51
Durations (s)
Algorithm 6+0 6+0 6+0 6+0 6+0 6+0

Runtime (s)

Under three obstacle density levels, the proposed framework consistently achieves the
lowest time dispersion and the shortest makespan, with its relative advantage remaining
stable. At a 200% increase in obstacle density, the standard deviation of the proposed
method (81.49 s) is approximately one-thirtieth of that of DARP + Improved STC (2657.09 s)
and approximately one-twentieth of that of CVT/Lloyd + Sweep (1454.52 s). This confirms
that the nonlinear time inflation caused by obstacle topology is precisely what the second-
layer PSO is designed to absorb, and that its effectiveness does not depend on a particular
obstacle configuration. Across underwater terrains of varying complexity, it consistently
achieves an approximately one order of magnitude lower time standard deviation.

As fleet size increases from 3 to 7, the makespan decreases for all methods. The
proposed method maintains the lowest time dispersion across all fleet sizes: at N = 7, its
standard deviation (60.21 s) is approximately one-fifteenth of that of DARP + STC (916.44 s)
and less than one-twentieth of that of CVT/Lloyd + Sweep (1582.66 s), i.e., more than an
order of magnitude lower. This demonstrates that the temporal balancing advantage of
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the proposed method is scale-invariant and scalable: it does not degrade as the fleet grows,
and it consistently achieves temporal balancing across commonly used AUV fleet sizes.
Runtime grows with fleet size, reflecting the increased number of BINN path planning
runs, but remains acceptable for offline planning.

4.5. Discussion
4.5.1. Relationship Between Path Planning and Practical Execution

The path planning developed in this study operates at the strategic level: given a static,
pre-surveyed environment, it generates a discrete sequence of waypoints that guarantees
full coverage while minimizing makespan and turn counts. In practice, however, the
planned path may deviate from the intended trajectory due to vehicle dynamics, ocean
currents, and localization errors. Hence, path planning and trajectory execution must be
conceptually distinguished yet systematically coordinated.

This issue has been extensively discussed in the literature. Borja-Jaimes et al. [30]
proposed a robust tracking framework for underactuated vehicles, combining backstepping
sliding mode control with a super-twisting observer that reconstructs velocities and rejects
bounded disturbances using only position and attitude measurements, thereby ensuring
closed-loop tracking accuracy. Their work implies that without a robust low-level controller,
the kinematic feasibility claimed at the planning stage is unlikely to hold in real underwater
environments. Conversely, Li et al. [31] addressed the coupling from the planning side
by explicitly incorporating current-aware path tracking into their ER-MCPP algorithm,
emphasizing that environmental disturbances should be anticipated during planning rather
than treated as an afterthought.

In this paper, we adopt a decoupled planning—-execution architecture, focusing on
coverage path planning for static, pre-surveyed scenarios, with the goal of generating
waypoint sequences for each AUV that achieve full coverage and temporal load balancing.
The effects of AUV dynamics, tracking performance, and environmental disturbances on
trajectory execution are beyond the scope of this study. The rationale for this separation
is that the planning layer can concentrate on coverage combinatorial optimization—a
problem dominated by combinatorial complexity—while the robustness of the execution
layer can be independently ensured by existing control frameworks. Under this layered
logic, the feasibility assessment of planning solutions is based on kinematic-level waypoint
sequences, while actual tracking accuracy depends on the performance of the low-level
controller. Future work will further investigate how AUV dynamics, tracking performance,
and ocean currents affect the execution of planned trajectories, aiming for tighter integration
between planning and control.

4.5.2. Summary of Findings
The experimental results of this study collectively demonstrate three key findings:

1. Temporal load balancing cannot be achieved by geometric equilibrium alone. Both
DARP and CVT/Lloyd produce spatially balanced partitions, yet their mission-
time dispersion remains an order of magnitude larger than that of the proposed
method. This confirms that time, not area, is the correct workload unit for multi-AUV
coverage operations.

2. The nested PSO architecture is responsible for the improvement. The ablation study
shows that neither the first-layer coarse balancing nor the second-layer temporal
optimization alone can match the full framework. The first layer provides a high-
quality starting point; the second layer absorbs the nonlinear path cost. Together, they
reduce time dispersion by an order of magnitude relative to geometric partitioning.
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3. The advantage is robust and scalable. The obstacle-density experiments confirm that
the framework’s advantage is not an artifact of a specific obstacle distribution, and the
fleet-size experiments confirm that it does not degrade as the number of AUVs grows.

4.5.3. Operational Boundary and Computational Trade-Off

The proposed architecture is strictly prescribed for strategic, offline, static-environment
deployments. In such scenarios, the 8 min offline preprocessing is a justifiable one-time
investment: it amortizes over a 3 h field mission (about 5% of the total timeline) and enables
near-synchronous formation completion, which is critical for eliminating the idle energy
waste of early-completing AUVs and preventing mission failure due to insufficient energy
for lagging AUVs. This confirms that for the static underwater environments with irregular
obstacles studied in this paper, temporal load balancing avoids the pitfall of uneven
time workload caused by equal-area division and provides a more operationally relevant
workload metric for multi-AUV coverage tasks. Complementing this, BINN's directional
inertia ensures smooth, lawnmower-style sweeps, circumventing the excessive turns of
TSP-style routing. Crucially, all computation is performed on shore-based servers and the
mother AUV, rather than on the operational AUVs; waypoint sequences are uploaded prior
to the mission, requiring only minimal execution-time computation. The framework is
not recommended for highly dynamic environments or scenarios demanding rapid online
re-planning. Its main limitation is the computational overhead, which scales with grid
resolution and fleet size. Future work will investigate surrogate-model acceleration to
relax this boundary and integrate explicit energy consumption models and ocean current
disturbances into the partitioning objective.

5. Conclusions

This paper demonstrates that for static underwater environments with irregular ob-
stacles, temporal load balancing—specifically, minimizing the idle waiting time of early-
finishing vehicles—avoids the pitfall of uneven time workload caused by equal area divi-
sion, and provides a more operationally relevant workload metric for multi-AUV coverage
missions compared with traditional spatial area balancing. By introducing a dual-layer
nested PSO framework, we bridge the gap between static Voronoi partitioning and dynamic
path execution, directly optimizing the actual makespan derived from BINN-generated
sweeps. Experiments demonstrate that this PSO nesting strategy reduces the standard
deviation of makespans by an order of magnitude. The methodological novelty of this
work lies not in the individual techniques—Voronoi partitioning, PSO, and BINN are well
established—but in the nested coupling architecture that renders the partitioning process
responsive to the nonlinear, topology-dependent time costs of coverage sweeps. Existing
time-balancing methods typically optimize partitioning under a cost model that is either
spatially geometric or analytically approximated. By embedding a path-simulation-based
time cost directly into the inner optimization loop, this work demonstrates a fundamentally
different—and more effective—load-balancing behavior, reducing time standard deviation
by an order of magnitude relative to single-layer geometric optimization. The core objective
of this temporal balancing design is to eliminate idle energy waste of early-completing
AUVs and prevent mission failure caused by insufficient endurance of lagging AUVs, thus
improving the overall energy utilization efficiency of the formation. It should be noted that
the energy efficiency improvement is a derived conclusion based on typical AUV power
characteristics, rather than a direct measurement from simulations. Furthermore, we have
provided a categorical refutation of TSP-based routing for continuous underwater survey-
ing, clarifying that discrete point-hopping trajectories are kinematically and sensorially
incompatible with AUV operations. We emphasize that these conclusions are validated
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at the mission planning level. Practical deployment would require post-processing of
trajectories to satisfy AUV turning radius and vehicle dynamics constraints. However,
this does not alter the relative superiority of temporal balancing over spatial partitioning.
The proposed architecture is strictly prescribed for strategic, offline, static-environment
deployments, where an 8 min computational overhead is a justifiable trade-off for near-
synchronous formation completion. Future work will extend this study in two directions.
First, surrogate-model acceleration will be investigated to reduce the computational cost of
the nested optimization framework and support faster re-planning, thereby relaxing the
offline planning boundary and enabling adaptive re-planning against mild environmental
perturbations. Second, explicit energy consumption models and ocean current disturbances
will be integrated into the partitioning objective to achieve joint temporal-energy load
balancing for more realistic operational scenarios.
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