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Abstract

Autonomous Underwater Vehicles (AUVs) play a central role in marine observation, inspec-
tion, and monitoring missions, where effective trajectory planning is essential for ensuring
safe operation, reliable sensing, and efficient data transfer. In realistic underwater environ-
ments, uneven seafloor geometry, limited acoustic communication, navigation uncertainty,
and sensing visibility constraints significantly influence mission performance and challenge
classical planar planning formulations. This survey reviews trajectory planning methods
for AUVs operating in uneven environments, with a focus on two major classes of under-
water sensing missions: underwater area coverage using onboard sensors and underwater
sensor data collection within underwater acoustic sensor networks (UASNs) supporting the
Internet of Underwater Things (IoUT). For area coverage, the survey examines the progres-
sion from classical planar coverage strategies to terrain-aware, occlusion-aware, multi-AUV,
and online planning frameworks designed to address uneven terrain and sensing visibility.
For underwater sensor data collection, it reviews mobile sink-based trajectory planning
strategies, including energy-aware, channel-aware, and information-based formulations
based on metrics such as Age of Information (Aol) and Value of Information (Vol), as well
as cooperative architectures involving unmanned surface vehicles (USVs). By synthesizing
these two bodies of literature, the survey clarifies current capabilities and limitations of
trajectory planning methods for AUVs operating in uneven underwater environments.

Keywords: autonomous underwater vehicles (AUVs); AUV navigation; trajectory planning;
underwater area coverage; underwater surveillance; underwater sensor data collection;
uneven seafloor; occlusion; internet of underwater things (IoUT); age of information (Aol);
value of information (Vol); smart ocean

1. Introduction

Autonomous Underwater Vehicles (AUVs) have become essential tools for marine
observation and monitoring. As autonomous platforms equipped with diverse sensing
modalities, AUVs support a wide range of missions, including seafloor mapping, benthic
habitat surveys, inspection of subsea infrastructure, mine countermeasure operations, and
long-term environmental monitoring [1-3]. Many of these tasks require the vehicle to
follow carefully designed trajectories that ensure safe operation and effective sensing in the
presence of complex seafloor geometry, uncertain navigation, and limited communication
capabilities [4].
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A substantial body of work has focused on developing trajectory planning and control
strategies for AUVs. These methods aim to generate feasible paths that satisfy vehicle
kinematic and dynamic constraints while meeting sensing or communication objectives,
such as achieving complete coverage of a region, maintaining a desired footprint resolution,
or collecting stored data from sensor networks with acceptable delay. Earlier studies con-
centrated on low level motion control and guidance under simplified assumptions, often
treating the underwater environment as flat or weakly varying [4-8]. More recently, atten-
tion has shifted towards missions over realistic seafloor topographies, where bathymetric
variations, obstacles, and occlusions significantly affect the performance and reliability of
AUV operations [9,10].

Two broad categories of AUV sensing tasks are particularly discussed in this survey.
In the first category, AUVs operate as mobile sensing platforms that directly observe the
seafloor or underwater structures using onboard sensors. Typical examples include bathy-
metric mapping, ecological and habitat monitoring, and visual inspection of pipelines,
wrecks, and other subsea assets [1,3,11-13]. In these applications, the trajectory must be
planned such that the sensor footprint sweeps the region of interest with sufficient over-
lap and resolution, while maintaining safe terrain clearance and avoiding collisions [5].
These requirements have motivated the development of underwater coverage path plan-
ning methods that extend coverage concepts to incorporate hydrodynamic constraints,
localization uncertainty, and the geometric complexity of uneven seafloors [5,8,9,14,15].

Recent publication trends indicate a growing research interest in this area. When
coverage path planning and its underwater variants are considered together, the number of
related works has increased steadily over the past decade. This reflects both the continued
development of foundational techniques and the rising demand for methods capable
of addressing realistic terrain and mission-level challenges. This trend is illustrated by
publication statistics from the Web of Science database, which show consistent growth in
coverage path planning and underwater coverage path planning from 2015 to 2025, as
summarized in Figure 1.
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Figure 1. Number of publications related to coverage path planning and underwater coverage path
planning from 2015 to 2025, based on the Web of Science database. The data were retrieved in
November 2025 using keyword searches related to coverage path planning, underwater coverage,
underwater area surveillance, seabed coverage, AUV coverage missions, seafloor inspection coverage,
and ocean floor survey patterns.
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The second category of missions involves AUVs operating as mobile data collectors
within underwater acoustic sensor networks (UASNSs), forming a central component of
the Internet of Underwater Things (IoUT). In these systems, static or slightly drifting
seabed nodes record environmental or structural data over extended periods, and the
accumulated information must be transferred reliably to a surface station or onshore
facility [16-18]. Relying solely on multihop acoustic relays is often inefficient due to
the uneven energy burden placed on intermediate nodes. Mobility-assisted frameworks
mitigate this issue by enabling an AUV to visit sensor nodes or cluster heads, establish
short-range acoustic links, and transport stored data to a surface sink [18]. Similar to
terrestrial wireless sensor networks (WSNs), where mobile sinks and data mules have
been used to alleviate energy imbalance, trajectory planning for AUV-assisted sensor data
collection is commonly formulated as an optimization problem over sensor locations and
rendezvous points [19-22]. Research activity in this area has also increased significantly
in recent years, as indicated by the annual publication counts from 2015 to 2025 shown in
Figure 2.
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Figure 2. Annual publication counts from 2015 to 2025 related to AUV-based underwater sensor data
collection, based on the Web of Science database. The data were retrieved in November 2025 using
keyword searches covering AUV sensor data collection, sensor network retrieval, and information-
based underwater sensing.

Across both coverage and sensor data collection missions, trajectory planning must
balance several interacting demands. The AUV must operate under constraints on velocity,
turning rates, and vertical maneuvers imposed by its kinematic and dynamic limits [23].
The sensing or communication region is limited by the field of view, range, and resolution
properties of the onboard sensor, which depend on altitude and orientation relative to
the seafloor [10]. Environmental constraints arise from bathymetry and obstacles, which
can introduce blind regions, increase travel distances, and create hazardous areas that
require appropriate safety margins [9]. Furthermore, uncertainties in navigation and
environmental models may cause discrepancies between planned and executed trajectories,
potentially resulting in coverage gaps or reduced communication performance. These
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factors motivate the development of trajectory planning methods that incorporate seafloor
geometry, visibility characteristics, and communication constraints rather than relying on
planar approximations [4,6,23].

This survey synthesizes trajectory planning methods for AUVs across the two mission
categories described above, with emphasis on how these methods account for the under-
water environment. For underwater area coverage, the survey discusses classical coverage
path planning concepts and how they have been adapted for seafloor mapping, followed
by more advanced terrain-aware, occlusion-aware, and multi-AUV approaches. For under-
water sensor data collection, it outlines the evolution of mobile sink techniques and their
adaptation to AUV-assisted UASNs and IoUT deployments, and reviews information-based
methods and cooperative strategies involving unmanned surface vehicles (USVs) designed
to improve information freshness and communication robustness. The survey highlights
the limited attention given in the current literature to the direct and explicit influence of
seafloor irregularities on the quality and performance of sensor data collection missions.

To provide practical context, Section 3 summarizes representative application domains
of AUV sensing, including video and sonar-based coverage missions and AUV-assisted
sensor data collection in underwater networks. This brief application overview highlights
how different tasks emphasize different objectives and constraints, such as visibility, terrain
clearance, endurance, and communication reliability.

The remainder of the paper is organized as follows. Section 2 introduces fundamental
trajectory planning concepts relevant to AUV missions, focusing on objectives, constraints,
and environment representations that are particularly important in underwater settings.
Section 3 outlines key application domains of AUV sensing, illustrating how different
missions prioritize distinct objectives and constraints. Section 4 reviews AUV-based under-
water area coverage methods, beginning with classical coverage path planning and moving
towards terrain-aware, occlusion-aware, multi-AUYV, and online coverage strategies, with
a discussion of key gaps and limitations. Section 5 examines trajectory planning frame-
works for AUV-assisted underwater sensor data collection, including mobile sink concepts,
energy-aware and channel-aware methods, information-based approaches, and USV-AUV
cooperation, and highlights remaining challenges related to terrain integration and realistic
deployment. Section 6 concludes the survey.

2. Fundamentals of AUV Sensing and Trajectory Planning

Trajectory planning for AUVs is determined by the sensing objectives of the mission,
the capabilities and limitations of the vehicle, and the characteristics of the underwater en-
vironment. AUVs operate in an environment where communication is intermittent and low
bandwidth, localization errors accumulate rapidly, and seafloor geometry can significantly
influence safety, sensing performance, and mission feasibility [8,17,24-26]. These factors
necessitate a set of operational concepts and constraints that must be understood before
examining specific coverage and sensor data collection approaches.

AUV sensing missions can be interpreted broadly as either onboard sensing or sensor
data collection tasks. In onboard sensing, the AUV acts as the primary measurement plat-
form. Its sensors, such as multibeam sonars, side scan sonars, or optical cameras, must be
positioned and oriented such that the region of interest is captured with sufficient resolution
and overlap. This requirement imposes geometric constraints on altitude, viewing angle,
and the smoothness of the vehicle’s path [2,25]. In sensor data collection missions, the
AUV functions as a mobile sink that retrieves stored measurements from static or slowly
drifting underwater sensor nodes. In this setting, the trajectory is shaped by the need to
establish short-range acoustic links with selected nodes or cluster heads and to deliver the
collected data to a surface station [18,27]. Although the sensing roles differ, both mission
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Environmental Representations

for AUV Trajectory Planning

— 2D Planar Representation

types require careful consideration of how environmental geometry, vehicle kinematics,
and sensing or communication performance interact.

Trajectory planning must respect the motion constraints of AUVs. These vehicles are
typically nonholonomic and operate under bounded turning rates and speed limits. Sharp
maneuvers, abrupt depth changes, or trajectories that reduce terrain clearance can com-
promise safety or degrade sensing performance [28-30]. Moreover, energy consumption
places limits on the duration and complexity of feasible trajectories. Extended detours
and high-speed segments all influence the mission’s endurance, making path efficiency an
essential consideration in both coverage and sensor data collection frameworks [31,32].

Environmental representation plays a central role in underwater trajectory planning
and determines how seafloor complexity, visibility, and terrain clearance constraints are
incorporated into the planning process [9,26]. Figure 3 summarizes the three common
forms of environmental modelling used in AUV trajectory planning, ranging from simple
planar approximations to full 3D representations. The simplest of these is the 2D planar
representation, in which the AUV moves at an approximately constant depth over a flat
seafloor. Although computationally efficient, this representation neglects terrain variations,
occlusions, and changes in sensing performance with depth [24,33]. A more descriptive
alternative is the 2.5D bathymetric height field model, where the seafloor is represented as
a height map. This formulation enables the planner to evaluate terrain clearance and detect
nonvisible regions created by local slopes or terrain features [34,35]. At the highest level
of fidelity, full 3D environmental models capture the complete geometry of the seafloor,
enabling accurate visibility assessment and occlusion-aware trajectory planning at the cost
of substantially higher computational complexity [36-39]. In missions where bathymetry is
not known beforehand, the environment must instead be constructed online using methods
such as bathymetric SLAM or incremental mapping [35,40].

Constant depth (flat
seafloor)

No terrain effects or
occlusions

Seafloor represented as a
height map

2.5D Bathymetric Height

— Full 3D terrain geometry

Field

Allows terrain clearance
and Obstruction detection

Full 3D terrain geometry

Accurate visibility and
occlusion modelling

Figure 3. Common environmental representations used in AUV trajectory planning. The schematic
illustrates three representations: 2D planar models, 2.5D bathymetric height field models, and full 3D
terrain geometry, highlighting the sensing and visibility capabilities enabled at each level.
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The influence of uneven terrain extends beyond collision avoidance. Seafloor ge-
ometry can affect the sensing footprint, create blind regions behind ridges, and impose
visibility constraints that influence tasks such as optical imaging, acoustic surveying, and
structural inspection [35,41-43]. Furthermore, it shapes communication performance in
data collection missions, where terrain-induced acoustic shadow zones and multipath
fading can intermittently disrupt links between the AUV and static sensor nodes [44—47].
Consequently, trajectory planning increasingly incorporates terrain-aware models that
allow the planner to determine which parts of the environment are visible or reachable
from a given viewpoint. This shift from planar to terrain-aware formulations distinguishes
modern underwater trajectory planning research from earlier work [23,35,48].

In data collection settings, the modelling of the communication layer introduces addi-
tional complexity. Acoustic signals are subject to significant attenuation, limited bandwidth,
and high propagation delay, which makes communication distance and channel quality
critical factors in trajectory design [44,49]. Therefore, metrics such as packet error proba-
bility, path loss, and link reliability appear as key elements of the planning model [50,51].
Frameworks that incorporate the Age of Information (Aol) or Value of Information (Vol)
extend this perspective by recognizing that the utility of the collected data depends on
its timeliness or informational importance rather than on retrieval alone [18,27,52-55]. In
such cases, the trajectory must account for seafloor geometry, node distribution, and the
temporal and informational constraints imposed by the sensing application [56-58].

Across all AUV missions, uncertainty represents a persistent challenge. Bathymetric
maps may contain errors, ocean currents may deviate the vehicle from its intended path,
and localization drift can accumulate over long deployments [8,26,59,60]. These sources
of uncertainty highlight the need for planning frameworks that remain effective despite
mismatches between planned and executed trajectories. Techniques commonly address this
by introducing safety margins, applying conservative clearance buffers, or incorporating
real-time replanning modules that enable the AUV to adjust its path and maintain sensing
or communication performance under changing environmental conditions [8,34,61,62].

Collectively, these operational concepts provide the foundation for AUV trajectory
planning methods. They show how sensing objectives, vehicle dynamics, environmental
representations, communication constraints, and uncertainty interact to determine both
the feasibility and overall performance of underwater missions. Understanding these
principles is essential before examining specific planning strategies, since coverage and
sensor data collection methods differ largely in how they exploit or adapt to these under-
lying constraints. With this foundation in place, the next section reviews representative
AUV sensing applications, highlighting how varying tasks impose different objectives and
constraints for the trajectory planning process.

3. Application Domains of AUV Sensing Missions

AUV trajectory planning is tightly coupled to the sensing mission that the vehicle
is intended to support. This section outlines representative application domains where
AUVs perform onboard sensing, such as imaging or sonar surveying, and where they act
as mobile data collectors in underwater sensor networks. This overview provides practical
context for the two mission categories used throughout this survey.

3.1. Underwater Search and Rescue

Underwater search and rescue is a time-critical AUV sensing application in which the
vehicle must search a potentially large area to localize and confirm a target, such as missing
aircraft or submerged objects, under harsh ocean conditions and limited human reach. The
prolonged search for Malaysia Airlines Flight MH370 provides a well-known example
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of both the practical value of AUV-based seabed search and the operational difficulty
of sustaining missions over long durations [63-65]. More broadly, early system-level
discussions emphasize that search operations are often time-constrained and that effective
response requires coordinated sensing, communication, and automated planning to reduce
search time and improve mission performance [66]. In practice, many missions rely on
complete coverage path planning using side scan sonar, where the trajectory is designed to
ensure full area coverage while maintaining reliable sonar imagery and supporting rapid
discovery. This makes trajectory smoothness and reduced turning maneuvers practically
important [67]. Consequently, many formulations combine coverage requirements with
priority-based search guided by prior target likelihood, and increasingly incorporate online
updates from onboard sensing to address uncertainty and dynamic conditions during
execution [68].

Representative methods show a progression from conceptual frameworks to practical
multistage autonomy. In [66], an integrated search and rescue concept is presented that uses
multiple vehicles and automated coordination to support rapid response. In [67], a search
and rescue A* approach decomposes the area into cells and uses a probabilistic model
of target presence to prioritize higher value cells while reducing turns, hence increasing
cumulative discovery probability with fewer turning maneuvers. The same line of work
extends to multiple AUVs in [69] by formulating multi-robot coverage path planning as area
partitioning followed by single AUV coverage, while continuing to use search and rescue
A* to limit turns and improve sonar image quality, with validation through simulation
and experiments. Moving toward online autonomy, Ref. [68] proposes an environment
information-driven online bilevel framework that performs coverage search and triggers
replanning using real-time sensor updates, including side scan sonar and an acoustic
Doppler current profiler (ADCP), and then computes energy-optimal confirmation paths.
Finally, Ref. [70] presents a hybrid algorithm-based emergency search and rescue method
that integrates global coverage, energy-aware replanning for target identification, and local
obstacle avoidance in uncertain environments, with results reported in both simulation
and practical experiments.

3.2. Marine Geology and Geophysics

Marine geology and marine geophysics missions increasingly rely on AUVs as mobile
sensing platforms that can acquire high-resolution measurements close to the seabed and
in regions that are difficult or costly for conventional vessel-based operations [1]. In marine
geophysical surveys, AUVs are used for acoustic mapping and for collecting electric and
magnetic field data to support subsea structure inspection and geophysical characterization.
These capabilities are particularly valuable in challenging settings such as under Arctic
ice, where autonomous platforms enable access and persistent measurements [71]. In geo-
morphological and seabed survey contexts, AUV payloads commonly include multibeam
echosounders and side scan sonar, which support detailed characterization of seafloor
topography and features relevant to geological interpretation and hazard assessment [72].

A major driver of these missions is related to resource exploration and monitoring.
In this context, AUVs support geological studies of continental shelves and contribute to
exploration workflows and, more broadly, to monitoring and escorting extraction activi-
ties [73]. From a trajectory planning perspective, survey tasks often benefit from adaptive
strategies that respond to observed seafloor structure. For example, online geomorpho-
logical survey approaches can select survey patterns based on real-time observations and
report measurable gains in survey efficiency over traditional methods, while also demon-
strating applicability to rapid characterization of specific seafloor targets and related search
tasks [72].
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3.3. Underwater Archaeology

Underwater archaeology missions aim to locate, inspect, and document submerged
cultural heritage sites such as shipwrecks, while reducing risk to divers and lowering
operational costs. In a trajectory planning survey, this application can be framed around the
typical campaign phases of wide area search, that is coverage driven, site characterization,
that is data driven through sensing and processing, and detailed documentation that
requires close range and viewpoint aware mapping [74-76]. The ARROWS project in [77] is
a strong anchor for this subsection as it starts from archaeologists’ operational requirements
and translates them into robotic system specifications. It emphasizes low-cost technologies
and a heterogeneous team of cooperating AUVs, including vehicles designed for modular
payloads, shipwreck penetration, and easy single-person deployment [77].

From a trajectory planning perspective, underwater archaeology highlights why AUV
sensing often requires multisensor payloads and multistage missions. For example, seafloor
mapping and object detection commonly combine optical cameras with acoustic sensors
such as side scan sonar or multibeam echosounders, leveraging complementary sensing
properties [76]. Building on this idea, authors in [74] propose a multi-mission pipeline
in which an initial high altitude coverage scan produces a coarse sonar or bathymetry
map, followed by low altitude passes that collect images from multiple viewpoints for
photogrammetric reconstruction. Their planner uses a modified Rapidly Exploring Random
Trees method to account for AUV kinematics and to maximize information gain within a
time limit, and it is validated in field trials on wreck sites [74]. At the team level, archaeology
also motivates multi-AUV coordination under limited acoustic communication. Authors
in [78] study distributed task allocation using greedy assignment, k-means clustering, and
multiple traveling salesman problem formulations for a heterogeneous team composed of
a search AUV and an inspection AUV operating under lossy, high-latency links. Finally,
coastal archaeology provides a practical driver for light, easily deployable AUVs, where
payload integration constraints such as magnetometers and sonars, together with simple
launch and recovery procedures, strongly shape feasible survey patterns and overall
mission performance [75].

3.4. Environmental Monitoring

Marine environmental monitoring is increasingly driven by the need to assess ecosys-
tem health under growing anthropogenic pressures such as pollution, while also supporting
broader objectives, including observation and resource management related to climate.
AUVs have become a practical tool for these tasks as they can repeatedly acquire in situ mea-
surements with lower operational cost and effort than ship-based campaigns, and as their
controllable motion enables targeted sampling using diverse onboard sensors [79]. This
application context directly links trajectory planning to sustained sampling performance.
Paths must be designed to maximize useful environmental information under limited
endurance and challenging underwater navigation and communication conditions [79,80].

Recent work highlights how autonomy enables environmental monitoring across mis-
sions, focusing on infrastructure and science. For inspection and monitoring, underwater
robots are largely utilized to reduce human exposure risk, and the inspection of critical
undersea infrastructure is often constrained by navigation and positioning limitations that
affect achievable autonomy and cost savings [81]. For rapid response monitoring, such as
subsurface pollution events, cooperative AUV and USV systems can support near continu-
ous sensing with timely operator oversight. The surface vehicle can act as a communication
and localization relay, enabling mission updates without frequent surfacing [82]. Environ-
mental monitoring is also increasingly coupled with ocean observing networks, where an
AUV is planned to travel efficiently while satisfying communication or collection geometry
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requirements with distributed instruments. For example, authors in [80] formulate data
collection for an ocean observation network by jointly selecting collection positions and
planning an AUV route. They report improved solutions using clustering for infrastructure
placement and metaheuristic optimization for path planning, validated on the North East
Pacific Time series Underwater Networked Experiment.

3.5. Underwater Seismic Data Collection

Underwater seismic surveys are central to offshore oil and gas exploration as they
produce subsurface images used to infer reservoir location and size. Traditional acquisition
typically relies on surface vessels towing long streamers that carry receivers. This approach
is associated with high operating costs, limited maneuverability, and inflexible receiver
geometries, particularly in shallow or obstructed areas [83]. Authors in [83] motivate
an alternative concept in which a fleet of AUVs acts as distributed seismic receivers.
This removes the physical streamer link and enables more flexible 2D and 3D receiver
layouts. It also turns acquisition into a multi-vehicle planning and coordination problem,
in which trajectories must be controlled accurately under underwater localization and
communication constraints [83].

More recent work frames this transition as part of a broader push toward automation
and robotization of seabed, or ocean bottom, acquisition. The aim is to retain the data
quality advantages of seabed receivers while reducing deployment and retrieval costs [84].
Authors in [84] discuss robotic node systems that use AUVs as seismic sensors and report
pilot field tests indicating that seismic coupling and acoustic navigation-based positioning
can be reliable, supporting the practical feasibility of autonomous operations. In the same
direction, authors in [85] describe a seismic acquisition system based on fully autonomous
AUV ocean bottom nodes. They emphasize that successful deployment requires full
mission autonomy, including steering, landing, recording, repositioning, and surfacing,
together with robust fleet communication and management. They also report trials showing
satisfactory seabed coupling and repeatable autonomous acquisition cycles, including
landings within about 10 m of planned locations and trajectories that adapt to local currents
during execution [85].

3.6. Oil Spill Detection and Cleaning

Oil spills pose serious ecological and economic risks, and the operational priority is
often rapid detection followed by efficient mitigation. In coastal regions, the search area can
be large, and AUV endurance becomes a binding constraint. As a result, trajectory planning
is tightly coupled to search distance and energy use [86]. Authors in [86] address this by
formulating oil spill detection as an optimization-based coverage problem and proposing a
hybrid Whale Cuckoo Search Optimization Algorithm to reduce search distance, delay, and
energy consumption. They report lower energy consumption than boustrophedon style
coverage and a whale optimization baseline [86].

In practical spill response, efficiency is not the only objective, as the environment can be
hazardous and uncertain, and vehicle loss risk becomes part of the planning problem [87].
Authors in [87] incorporate this aspect by constructing a Bayesian network-based risk
model to generate a spatial risk map and then applying an A* search to compute an
optimal risk route that balances risk mitigation with mission efficiency. The mitigation
stage also motivates multi-vehicle coordination rather than a single platform. Authors
in [88] propose a heterogeneous multi-robot concept in which an unmanned aerial vehicle
and an autonomous surface vehicle cooperate for detection and for in situ bioremediation
actions, supported by a multi-robot mission framework and validated through field testing.
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3.7. Fishing and Marine Farming

Fishing and marine farming applications motivate trajectory planning for repeatable
inspection and monitoring around farm infrastructure while collecting environmental
and fish-based information. A review in [89] emphasizes that aquaculture monitoring and
management require collecting data on water quality, pollutants, temperature, fish behavior,
and current and wave conditions. It also notes that unmanned systems are attractive as
offshore sites can be difficult and risky to monitor continuously [89]. At the control and
planning level, authors in [90] propose and experimentally validate a unified framework
for fish farms that accounts for complex and dynamically changing environments by
integrating estimates of cage structure dynamics and fish behavior with adaptive path
planning and path following control [90]. For seaweed farms, authors in [91] outline an
inspection system that includes initial localization of the farm from a prior estimate with
dead reckoning navigation and then scanning the entire farm, highlighting how limited
sensing and lack of GPS shape practical mission planning. Finally, Ref. [92] presents a
data-driven fishing workflow in which a FishID AUV predicts potential fishing zones and
performs fish species classification, while providing real-time sensing information such as
pH and temperature through a user interface, illustrating how onboard analytics can guide
subsequent sampling decisions [92].

These examples illustrate that AUV trajectory planning is highly mission dependent.
Some tasks can be formulated primarily as coverage problems, whereas others focus on
collecting and delivering sensed data from underwater sensor networks. In both cases,
uneven terrain, sensing visibility, communication limitations, and uncertainty strongly
shape feasible trajectories and achievable performance. Building on this application context,
the following sections review trajectory planning methods and strategies for underwater
coverage and sensor data collection, focusing on formulations and algorithms designed for
uneven environments.

4. AUV-Based Underwater Area Coverage

Underwater area coverage constitutes one of the most widely studied mission classes
for AUVs, as many scientific, industrial, and inspection tasks require systematic observa-
tion of the seafloor or subsea structures, including seafloor mapping, ecological surveys,
infrastructure inspection, and mine countermeasure operations [1,8,93]. The objective in
such missions is to plan a trajectory that ensures every point within a predefined region
is observed at an acceptable resolution while the vehicle remains within safe operating
limits [5]. Underwater coverage must be performed under strict sensing, navigation, and
environmental constraints, including limited visibility, acoustic communication delays,
localization drift, and highly uneven seafloor topography [6,17,26]. These conditions place
strong demands on trajectory planning, requiring the AUV to maintain suitable altitude,
footprint overlap, and terrain clearance while ensuring complete coverage of the region of
interest [5,94]. As a result, underwater coverage path planning has emerged as a distinct
research direction that adapts classical coverage principles to the geometric, hydrodynamic,
and sensing characteristics of the underwater domain.

4.1. Classical Coverage Path Planning Foundations

Early contributions in underwater area coverage drew heavily from classical coverage
path planning concepts. In these approaches, the environment is typically approximated as
planar, and the vehicle is assumed to move at a nearly constant altitude while executing
structured motion patterns. Classical coverage path planning methods aim to guaran-
tee complete coverage of a region while minimizing performance metrics such as total
travel distance, turning effort, or redundant overlap [5]. These formulations provide the

https://doi.org/10.3390/£i18020079


https://doi.org/10.3390/fi18020079

Future Internet 2026, 18, 79

11 of 26

algorithmic foundations upon which many later underwater coverage strategies have

been built.

One of the earliest and most widely studied families of classical coverage path plan-

ning methods is cell decomposition, in which the workspace is partitioned into simpler
subregions that can be covered systematically. Exact cell decomposition techniques divide
the free space into a set of nonoverlapping cells that collectively represent the environ-
ment [5]. A foundational method in this category is boustrophedon cellular decomposition
(BCD), introduced in [95], which employs a sweep line procedure to detect changes in
connectivity and divide the environment into monotone cells. Each cell can then be cov-
ered using simple back-and-forth motions [refer to Figure 4]. Due to their algorithmic
simplicity, completeness guarantees, and suitability for structured environments, BCD and
its extensions have been widely adopted across robotics applications [5]. This classical
sweep coverage idea is also supported by theoretical analysis, since authors in [96] propose
a periodic multi-robot sweep strategy and prove asymptotic optimality in terms of mini-
mizing the maximum revisit time over large flat regions. However, these methods typically

assume uniform sensing footprints and unobstructed visibility within each cell, relying on

simplified planar environment representations [5,97].

1
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Figure 4. Illustrative example of boustrophedon cellular decomposition for coverage path planning
in the presence of obstacles. A sweep line divides the workspace into monotone cells, within which

back-and-forth paths are generated to achieve complete, collision-free coverage.

Another classical class of coverage path planning methods is grid-based coverage, in
which the workspace is discretized into a uniform grid of cells, and the vehicle follows a
trajectory that visits each free cell at least once. These methods are closely associated with oc-
cupancy grid representations and have been widely adopted in indoor and other structured
environments [94]. Early examples include systematic row-by-row sweeping, depth-first
or breadth-first traversal of free cells, and spanning tree coverage, where a spanning tree
constructed over the grid is traversed to reduce path redundancy [see Figure 5] [94,98].
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Start

Grid-based approaches are flexible, straightforward to implement, and naturally support
online map updates. Nevertheless, their reliance on a fixed 2D grid introduces a trade-off
between spatial resolution and computational cost, and the underlying flat representation
limits their applicability in environments with significant elevation variation [94].

=1 1

Figure 5. Illustrative example of classical grid-based coverage path planning. The workspace is
discretized into a uniform grid with one obstacle (grey), and a spanning tree constructed over the
free cells defines the resulting coverage path.

Classical coverage path planning patterns have been successfully applied in early
underwater mapping and inspection missions, particularly in large-scale surveys where
the seafloor can be approximated as weakly varying. Large AUV geoscience expeditions,
such as those in [1], commonly partition the mission area into contiguous linear swaths
and execute structured lawnmower trajectories that closely resemble decomposition-based
or grid-style coverage [1]. A representative example is provided in [24], where the authors
analyze the impact of accumulated navigation errors on the completeness of coverage for
standard sweeping patterns. Under the assumption of a flat or weakly varying seafloor and
a downward-facing sensing footprint, analytical bounds on sweep spacing and landmark
separation are derived to guarantee full coverage despite linearly increasing localization
drift [24]. Similar tile-based scanning concepts also underpin many photomosaic and
benthic habitat surveys, in which visual mapping frameworks such as those in [99,100]
divide the seafloor into imaging tiles and command the vehicle to follow grid-aligned
trajectories to maintain consistent spatial resolution.

Despite their practical success, these classical coverage strategies commonly retain
the planar abstractions of coverage path planning while overlooking the environmental
assumptions under which such formulations remain valid. In realistic underwater envi-
ronments, the seafloor is rarely flat, and variations in elevation strongly influence sensing
performance, collision risk, and coverage completeness. Fixed altitude sweeps neglect
depth-dependent changes in sensor footprint size, fail to account for terrain-induced occlu-
sions, and provide limited guarantees on safe clearance in regions of high relief [5,94,97].
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These limitations highlight that purely planar coverage path planning methods remain
inadequate for achieving reliable coverage over complex seafloor geometries and motivate
the development of coverage strategies that explicitly incorporate bathymetry, sensing
constraints, and environmental structure.

4.2. Terrain-Aware Coverage Using Bathymetric Information

As the limitations of classical coverage strategies become apparent in realistic under-
water environments, a substantial body of research has focused on incorporating explicit
bathymetric information into underwater area coverage planning. In terrain-aware cov-
erage approaches, the seafloor is typically modelled as a 2.5D height field, allowing the
planner to reason about local elevation changes while retaining computational tractabil-
ity [62]. This representation enables the AUV to adjust its altitude in response to seafloor
variations to maintain sensing quality, enforce terrain clearance constraints, and reduce the
risk of collision with prominent features [5,101].

Terrain-aware coverage methods have been widely adopted in practical seafloor map-
ping, marine geology, and benthic habitat surveys, where high-resolution sensing requires
careful regulation of the separation distance between the sensor and the seafloor. As
highlighted in the comprehensive survey in [5], bathymetry-guided sweeps and terrain
following trajectories form the basis of many operational AUV missions. A representative
example is the bathymetry-based coverage planner introduced in [34], which addresses
the limitations of constant altitude lawnmower surveys in regions with pronounced relief.
To avoid frequent vertical adjustments that increase energy consumption and degrade
imaging quality due to variations in sensor separation distance, the method partitions the
bathymetric map into high slope and low slope areas and assigns dedicated coverage pat-
terns to each [34]. High slope regions are surveyed using horizontal slicing trajectories that
minimize depth variation while maintaining an appropriate viewing angle, whereas flatter
regions are covered using a rectilinear decomposition combined with standard lawnmower
motions. This hybrid strategy preserves coverage completeness and significantly reduces
unnecessary vertical motion [34].

Beyond deterministic terrain following strategies, other terrain-aware coverage ap-
proaches explicitly consider the impact of pose uncertainty and localization drift on
achieved coverage. The probabilistic area coverage framework proposed in [8] accounts for
AUV pose uncertainty during seabed surveys by maintaining a probabilistic coverage map
that propagates localization uncertainty through the sensor model. In this formulation,
coverage planning is cast as an entropy reduction problem, and trajectories are selected
to maximize expected information gain while compensating for drift-induced deviations
between planned and executed paths [8]. Such methods are particularly relevant for low-
altitude seabed mapping, where dead reckoning errors can accumulate rapidly and lead to
missed regions or excessive overlap, even when deterministic coverage plans are used [8].

Collectively, terrain-aware coverage approaches demonstrate that incorporating bathy-
metric information into trajectory planning significantly improves navigation safety and
sensing reliability compared to purely planar strategies. However, these methods remain
fundamentally constrained by their reliance on a 2.5D environmental representation. While
altitude adaptation can address terrain clearance and footprint consistency, such represen-
tations have limited ability to account for visibility and occlusion effects that arise when
sensing complex seafloor structures under varied viewing configurations. As a result,
regions of the environment may remain unobserved despite satisfying geometric coverage
criteria [102]. This limitation has motivated a complementary line of research that explicitly
incorporates visibility constraints into underwater coverage planning.
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4.3. Occlusion and Visibility-Aware Coverage

In visual and acoustic imaging missions, the ability to observe a point on the seafloor
depends on both sensor footprint characteristics and the line of sight between the sensor
and the environment. Uneven seafloor features such as ridges, knolls, furrows, and steep
slopes can obstruct visibility, creating blind zones that lead to coverage gaps even when
classical geometric coverage criteria are satisfied [9,15,103,104]. To address this limitation, a
complementary line of research has focused on occlusion-aware coverage planning, which
explicitly incorporates sensing visibility by modelling the vehicle’s field of view together
with the local geometry of the seafloor to determine which regions are observable from
a given viewpoint. By explicitly accounting for visibility rather than relying solely on
footprint overlap, occlusion-aware methods aim to identify regions that remain hidden
along nominal sweep trajectories and to adapt the vehicle’s path or altitude to recover
these areas.

A representative analytical treatment of terrain-induced occlusions is presented in [9],
where the authors investigate the impact of uneven seafloor features, such as knolls, fur-
rows, and depressions, on generating occlusions in visual and side scan sonar mosaicking,
and derive geometric conditions under which an AUV must deviate from its path to avoid
gaps in the mosaic [9]. This analysis demonstrates that coverage completeness in mo-
saicking cannot be guaranteed without explicitly accounting for visibility constraints. In a
related but more operationally focused approach, the work in [15] develops a method for
obtaining high coverage 3D images of the rough seafloor using an AUV equipped with a
camera. The system evaluates image quality and overlap in real time and inserts additional
correction passes when the coverage falls below a threshold, effectively compensating for
terrain-induced occlusions and altitude variations [15]. By explicitly incorporating visibility
in the coverage assessment and executing an additional planned pass within the same
deployment, the approach improves coverage compared with relying on the initial static
plan alone [15].

Beyond explicit coverage formulations, several studies have connected occlusion-
aware coverage with view planning and active perception, further emphasizing the role
of visibility in underwater sensing. In [25], the authors present a randomized model
predictive control framework for AUV seabed inspection that selects future viewpoints to
maximize an information-driven inspection objective while respecting vehicle dynamics
and environmental constraints. Although the method targets inspection rather than full
area coverage, it explicitly models the camera field of view and employs visibility-based
information metrics to guide viewpoint selection, linking it conceptually to occlusion-aware
coverage planning [25]. Similarly, the adaptive sampling strategy proposed in [7] replans
the AUV trajectory in real time to reduce uncertainty in a scalar environmental field while
enforcing bathymetric and workspace constraints. These approaches highlight a broader
shift toward coverage strategies that integrate sensing objectives, such as visibility and
information gain, with dynamically feasible motion planning.

4.4. Cooperative and Multi-AUV Coverage Planning

In many underwater coverage applications, the deployment of multiple AUVs pro-
vides an effective means of reducing mission duration, enhancing robustness, and im-
proving spatial completeness [93,105]. In this context, cooperative coverage planning
concentrates on coordinating the motion of multiple vehicles such that the region of interest
is surveyed efficiently while avoiding excessive overlap, redundancy, or collisions [106,107].
Compared with single-AUV coverage, multi-AUV scenarios introduce additional chal-
lenges associated with task allocation, inter-vehicle coordination, and limited underwater
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communication, all of which must be systematically addressed within the trajectory plan-
ning framework [108-111].

A common strategy in multi-AUV coverage planning is task or area decomposition,
in which the overall mission is divided into smaller components that are assigned to
individual vehicles for local execution. Such approaches aim to reduce redundant coverage
and improve overall efficiency while maintaining coverage completeness [5,112]. For
example, the authors in [106] propose a multi-AUYV full coverage planning framework
in which local motion decisions are made using a priority-based strategy that explicitly
accounts for inter-vehicle collision risk and energy-related turning costs. By coordinating
local coverage actions and reducing repeated paths around obstacles, the method improves
multi-AUV coverage efficiency compared to uncoordinated execution [106]. Similarly;,
the work in [93] formulates a cooperative coverage strategy in which the survey area is
explicitly divided into subregions and sampling tasks are distributed among multiple
AUVs based on ocean current effects and sonar sensing performance, demonstrating that
environmental factors play an important role in effective task allocation and cooperative
coverage planning [93].

Distributed planning strategies have been investigated for long-duration or persistent
monitoring missions. In [113], a distributed cooperative mission planning system is pro-
posed that performs real-time task allocation and mission replanning while accounting for
communication constraints, environmental factors, and potential vehicle failures. During
execution, vehicles can redistribute workload by deploying idle AUVs with residual time
to assist overloaded vehicles and can replan routes to compensate for a failed vehicle,
improving robustness and maintaining mission continuity [113].

Although cooperative coverage strategies consistently demonstrate substantial gains
in efficiency and robustness, they introduce additional design challenges. Spatial variability
in terrain complexity can lead to unbalanced workloads if subregions are not carefully de-
fined, and collision avoidance constraints become increasingly restrictive as the number of
vehicles grows [69,93,114,115]. These challenges highlight the need for multi-AUV coverage
frameworks that jointly account for terrain geometry, sensing constraints, communication
limitations, and vehicle dynamics.

4.5. Online Coverage in Unknown or Partially Known Environments

Extending the discussion from coverage in prior known environments, a related re-
search effort examines online coverage planning in underwater settings where bathymetric
information and obstacles are not available in advance. In such scenarios, the AUV must
incrementally build and update its environmental representation during execution and
adapt its trajectory accordingly. The authors in [116] propose a sensor-driven online seabed
coverage method for mine countermeasure missions, in which an AUV incrementally
constructs a hexagonal decomposition, updates a coverage map using side scan sonar
measurements, and replans its path to balance coverage completeness with path length
and in situ environmental constraints [116].

More recent work in [117] develops an uncertainty-driven, sampling-based online cov-
erage planner that steers an AUV toward frontier regions with high expected information
gain while enforcing collision avoidance constraints in partially known environments [117].
At the multi-vehicle level, the authors in [118] formulate cooperative area search in an
unknown 3D underwater environment as a decentralized partially observable Markov
decision process, and apply multi-agent reinforcement learning to enable multiple AUVs to
jointly update an information map and coordinate their motions [118]. Static deployment
problems have also been considered, with the work in [119] proposing a static area coverage
algorithm for heterogeneous AUV teams that combines centroidal Voronoi tessellation with
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a biologically inspired competition mechanism to balance coverage load when the task area
is initially unknown [119].

To provide a structured overview of the literature discussed in this section, Table 1 sum-
marizes representative AUV-based underwater coverage path planning methods reviewed
above. The table classifies each contribution according to key modelling assumptions and
design characteristics, including whether prior bathymetric information is available and
whether the method considers a single AUV or multiple AUVs. A check mark indicates
that the corresponding assumption applies. Presenting the literature in this form clari-
fies the methodological distinctions among existing approaches and highlights remaining
challenges related to environmental knowledge and cooperative coverage.

Table 1. Summary of representative AUV-based underwater coverage path planning methods based
on prior environmental knowledge and the use of single or multiple AUVs.

References Envlif'r;ﬁmrelnt 1 EnS§E§;v22t » Single AUV  Multiple AUVs
[7,8,24,34] v v
[9,15,116,117] v v
[93,106] v v
[118,119] v v

L2 Known and unknown refer to the availability of prior bathymetric or obstacle information at mission start.

4.6. Research Gap

Despite the significant advances reviewed above, underwater area coverage over
uneven seafloor environments remains challenging. Many existing approaches rely on
planar or height field representations that are effective for terrain clearance and footprint
regulation, but provide limited support for modelling visibility and terrain-induced occlu-
sions, which can lead to coverage gaps even when geometric criteria are satisfied [9,34,62].
Occlusion-aware and visibility-driven methods improve sensing completeness in complex
terrain. Their performance depends strongly on the accuracy of bathymetric models and ve-
hicle localization, which are often uncertain in realistic underwater missions [15,25,26,116].
These limitations are further amplified in multi-AUV scenarios, where uneven terrain
complexity can cause unbalanced workload allocation and where limited underwater
communication constrains coordination [93,106,113]. Developing coverage frameworks
that jointly and robustly account for uneven seafloor geometry, sensing visibility, and
uncertainty, while maintaining computational tractability, remains a challenging and active
research direction.

5. AUV-Based Underwater Sensor Data Collection

While underwater area coverage focuses on ensuring the geometric completeness
of onboard sensing, a complementary class of missions treats the AUV as a mobile data
collector operating within a UASN. In these scenarios, sensing is performed primarily
by static or slowly drifting seabed nodes, and the role of the AUV is to retrieve stored
measurements and deliver them to a surface station or a cooperating surface platform
(e.g., a USV), as illustrated in Figure 6. Such mobility-assisted sensor data collection has
become a central component of the IoUT, enabling long-term environmental monitoring,
infrastructure supervision, and event-driven sensing in environments where continuous
acoustic connectivity cannot be guaranteed [16-18].
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Figure 6. Overview of the UASN architecture illustrating sensor nodes (SNs) on the seafloor, with
sensor data collection performed by an AUV and relayed to a USV and the ground control station.

Trajectory planning in AUV-assisted sensor data collection differs fundamentally
from coverage planning in both its objectives and constraints. Rather than maximizing
spatial sensing completeness, the planner must determine routes that enable reliable and
efficient communication with selected sensor nodes or cluster heads. This introduces
additional considerations related to acoustic channel quality, energy expenditure, and the
temporal relevance of the retrieved data. Consequently, sensor data collection frameworks
increasingly incorporate communication and information performance metrics, such as
data freshness and utility, alongside traditional motion and energy constraints [18,120].

The conceptual foundation of AUV-assisted collection traces back to mobile sink
and data mule architectures in terrestrial wireless sensor networks (WSNs), developed
to address the energy hole problem near fixed sinks [20]. The data mules framework
in [121] formalizes a three-tier design in which low-power sensors offload data to mobile
collectors that physically transport it to access points, hence reducing long-range multihop
forwarding at the cost of increased latency. Subsequent WSN studies explored controlled
mule trajectories, constrained operating regions, and coordinated touring to reduce delay
while preserving energy benefits [122]. Survey works in [19,20,123] systematize these
approaches and highlight a recurring theme in which trajectory design couples travel
cost, contact scheduling, buffer constraints, and network lifetime. These concepts transfer
naturally to UASNs, while underwater communication and vehicle motion constraints
introduce additional coupling between route geometry and link performance [16,18].

5.1. Energy-Aware Trajectory Planning

Within UASNS, early mobility-assisted designs often formulate sensor data collection
as a joint optimization of which nodes transmit directly, how nodes are clustered, and where
cluster heads (CHs) are selected, and the order and locations the AUV visits to retrieve
data. A representative example is [21], which introduces an energy-efficient collection
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framework that integrates a rigid graph-based topology optimization with an AUV path
planning strategy to balance sensor energy consumption and improve the reliability of
data retrieval. By structuring the routing layer around optimized relay graphs and steering
the AUV toward appropriate collection points, the approach reduces communication
load on individual sensors and enhances overall collection performance [21]. Similarly,
ref. [124] presents a joint optimization that couples CH visiting order, clustering structure,
and transmission strategies under acoustic channel constraints, aiming to reduce energy
consumption while improving throughput.

Other frameworks combine route design with protocol layer mechanisms, such as
residual energy-aware tours with coordinated sleep—wake scheduling to balance network
lifetime against collection delay [125]. More recent studies further incorporate residual
energy and task heterogeneity into the planning model, for instance, by jointly optimizing
energy-aware CH selection and AUV trajectories to improve data freshness while main-
taining balanced energy expenditure [22]. Collectively, these works establish a dominant
design pattern for UASN data collection, in which clustering and rendezvous selection
reduce communication cost at sensor nodes, while path planning determines the tour
geometry and retrieval schedule.

5.2. Channel-Aware Trajectory Planning

Beyond formulations centered only on energy consumption, channel-aware collection
strategies explicitly account for underwater link variability when guiding AUV positioning
and movement during data retrieval. Rather than modelling communication cost purely as
a function of distance, these approaches exploit spatial variations in acoustic propagation
to favor regions with lower transmission loss [126]. For example, ref. [126] adapts the AUV
trajectory according to acoustic channel characteristics, enabling more reliable data transfer
while avoiding unnecessary travel. This line of work highlights that trajectory planning
plays a central role in shaping the spatiotemporal conditions under which underwater
acoustic communication occurs.

5.3. Information-Based Collection (Aol and Vo)

As underwater monitoring applications increasingly involve dynamic or time-sensitive
processes, performance objectives have expanded beyond distance, energy, or raw through-
put. In particular, Aol and Vol provide systematic ways to model the timeliness and
utility of delivered data. Aol-based formulations optimize collection schedules and
trajectories to reduce the latency of information at the sink, while Vol-based formula-
tions prioritize retrieval of measurements that are more informative or operationally rel-
evant [52,54,55,120,127]. In underwater settings, these metrics are especially meaningful
since propagation delays, intermittent connectivity, and limited vehicle speed amplify the
consequences of late or poorly prioritized retrieval [18].

Aol-aware collection is investigated in [58] through a two-stage approach that first
clusters nodes and then plans AUV tours to reduce the interval between successive data
arrivals at the data center, yielding lower average Aol. Vol-driven collection is addressed
in [18], which proposes an AUV-aided hybrid data collection scheme for the IoUT, where
the trajectory is guided by a Vol metric to ensure that high-value data is retrieved promptly.
A hierarchical Vol-driven collection strategy is introduced in [27], in which an AUV selects
energy-balanced sink nodes and subsequently plans a Vol maximizing path using an integer
linear programming formulation supported by branch and bound, heuristic ant colony,
and genetic algorithm solutions.

Additional refinement is introduced through the Vol-based Packet Scheduling (VBPS)
scheme in [128], in which an AUV prioritizes abnormal and high VoI packets and sched-
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ules transmissions to mitigate packet collisions with static nodes and other AUVs. By
combining Vol-driven prioritization with collision-aware scheduling, the scheme achieves
higher cumulative Vol and reduced delay compared with conventional random access and
reservation-based methods [128]. More recent work has moved toward adaptive strategies,
particularly those based on learning-based techniques. In [129], a deep reinforcement
learning framework is proposed for dynamic AUV path planning, enabling the vehicle to
adapt its trajectory in response to the spatial distribution of data and the associated Vol.
Overall, approaches that account for information shift the emphasis from uniform data
retrieval toward timely and utility-driven collection, with trajectory planning serving as the
mechanism that links physical visitation schedules to evolving informational objectives.

5.4. Cooperative USV-AUV Architectures

A complementary direction augments underwater sensor data collection with surface
support, where USVs serve as adaptive gateways, relays, or supervisory platforms. Several
works provide evidence that surface mobility can improve underwater link geometry and
communication continuity. For instance, ref. [130] examines how the motion of a surface
vehicle influences underwater link reliability, supporting the role of USVs as adaptive
communication gateways. In [131], the authors demonstrate that incorporating a USV as
an auxiliary relay can significantly improve acoustic connectivity within an AUV network
by dynamically repositioning the surface platform.

Building on this idea, the authors in [132] propose a collaborative navigation strategy
in which a USV maintains an optimal relative position to a submerged AUV to maximize
short-range acoustic data exchange while ensuring collision avoidance. The work in [133]
develops a USV-AUV cooperative framework designed to maintain favorable communica-
tion geometry and ensure reliable underwater data transfer under extreme sea conditions.
Additionally, the kinodynamic MPC framework in [134] shows how USVs can provide
supervision and communication support from the surface to enhance the robustness of
large-scale deep ocean sensing operations. Similarly, authors in [135] use a consensus
graph MPC framework to jointly plan multi-AUV trajectories and maintain localization by
enforcing AUV to USV and AUV to AUV acoustic connectivity within sonar range. These
studies suggest that multi-platform cooperation can partially compensate for underwater
communication constraints, although it introduces additional coordination variables and
operational dependencies.

5.5. Research Gap

Despite the substantial progress in AUV-assisted underwater sensor data collection,
uneven seafloor geometry remains only weakly coupled with trajectory planning objectives
in most existing frameworks. Many techniques that account for energy, channel, and
information considerations optimize routes and contact schedules under abstract distance
or link quality models, while treating terrain effects implicitly or excluding them from the
planning formulation [21,124,126]. In practice, seafloor irregularities can constrain feasible
approach paths, impose safety standoff requirements, and degrade acoustic connectivity,
thereby influencing both communication reliability and collection efficiency [44-47]. Some
recent studies have begun to incorporate uneven deployment depth into feasibility and
safety-aware contact modeling by relating the projected communication region to node
depth and terrain standoff requirements, providing an initial step toward terrain-aware
planning [136]. However, designing sensor data collection strategies that consistently inte-
grate uneven seafloor geometry with vehicle motion constraints, acoustic communication
performance, and information-based objectives remains a challenging and active research
direction, particularly for realistic and large-scale IoUT deployments.
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6. Conclusions

This survey examined trajectory planning methods for AUVs across two central classes
of underwater sensing missions: underwater area coverage and underwater sensor data
collection. By organizing the literature around these mission objectives, the paper high-
lighted trajectory planning as the key mechanism linking vehicle motion with sensing
performance, communication constraints, and environmental structure in underwater op-
erations. Classical planning approaches provide useful foundations; however, realistic
deployments increasingly require methods that account for uneven seafloor geometry, sens-
ing visibility, navigation uncertainty, and limited acoustic connectivity. Such requirements
arise across many real-world deployments, including smart ocean applications that rely
on underwater surveillance and persistent monitoring over large, complex, and often only
partially known environments.

For underwater area coverage, the survey traced the evolution from planar coverage
strategies to terrain-aware, occlusion-aware, multi-AUYV, and online planning frameworks.
Although substantial progress has been made in improving safety and sensing reliability
over complex seafloor topographies, persistent challenges remain in robustly address-
ing visibility constraints, uncertainty, and coordination under limited communication,
particularly in uneven and partially known environments. For underwater sensor data
collection, the review showed a parallel progression from energy-driven formulations
toward channel-aware and information-based approaches based on metrics such as Aol
and VoI, as well as cooperative USV-AUV architectures. Despite these advances, the ex-
plicit integration of uneven seafloor effects into sensor data collection planning remains
limited, even though terrain geometry can strongly influence feasibility, communication
performance, and collection efficiency.

Overall, the surveyed literature indicates a clear shift toward more realistic and
mission-aware trajectory planning frameworks, while underscoring the need for tighter
integration between environmental modelling, sensing visibility, communication perfor-
mance, and information-based objectives. Addressing these challenges is essential for
enabling robust, scalable, and autonomous underwater operations in the complex environ-
ments encountered in real-world IoUT and marine monitoring applications. The insights
synthesized in this survey aim to clarify current capabilities and limitations, and to support
the development of next-generation AUV trajectory planning methods that better match
the demands of realistic underwater missions.
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AUVs Autonomous Underwater Vehicles
IoUT Internet of Underwater Things
UASNs Underwater Acoustic Sensor Networks
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Aol Age of Information

Vol Value of Information

USVs Unmanned Surface Vehicles

BCD Boustrophedon Cellular Decomposition
SNs Sensor Nodes

CH Cluster Head

WSNs Wireless Sensor Networks

VBPS Vol-based Packet Scheduling

ADCP Acoustic Doppler Current Profiler
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