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Abstract

Underwater dynamic target detection, classification, localization, and tracking (DCLT) is
central to maritime surveillance and monitoring and increasingly relies on distributed
AUV-based robotic sonar networks operating in passive listening and, when required,
cooperative multistatic modes. Achieving a robust performance in realistic oceans remains
challenging, because sensor placement must adapt to time-varying acoustic conditions and
target priors while preserving acoustic communication connectivity, and because frequent
reconfiguration under dynamic currents makes classical large-scale planning computation-
ally expensive. This paper presents an integrated deep reinforcement learning (DRL)-based
framework for passive-stage sonar placement and dynamic reconfiguration in distributed
AUV networks. First, we cast placement as a constructive finite-horizon Markov decision
process (MDP) and train a Proximal Policy Optimization (PPO) agent to sequentially build
a collision-free layout on a discretized surveillance grid. The terminal reward is formu-
lated to jointly optimize the environment-aware detection performance, computed from
BELLHOP-based transmission loss models, and global network connectivity, quantified
using algebraic connectivity. Second, to enable time-critical reconfiguration, we estimate
flow-aware motion costs for all AUV-destination pairs using a PPO with a Long Short-Term
Memory (LSTM) trajectory policy trained for partial observability. The learned policy can
be deployed onboard, allowing each AUV to refine its path online using locally sensed
currents, improving robustness to ocean-model uncertainty. The resulting cost matrix is
solved via an efficient zero-element assignment method to obtain the optimal one-to-one
reassignment. In the reported simulation studies, the proposed Sequential PPO placement
method achieves a final reward 16-21% higher than Particle Swarm Optimization (PSO)
and 2-3.7% higher than the Genetic Algorithm (GA), while the proposed PPO + LSTM plan-
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1. Introduction

Underwater dynamic target detection, classification, localization, and tracking (DCLT)
encompass several fundamental tasks in underwater sensing. Specifically, detection deter-
mines whether a target is present, classification identifies the type of target, localization
estimates its position, and tracking continuously updates its motion state over time. To-
gether, these capabilities play a pivotal role in a wide range of maritime applications,
including naval surveillance, environmental monitoring, and marine biological research.
The complex and challenging underwater environment necessitates the development of
specialized sensing technologies. Among these, sonar systems have become indispensable
tools due to their capability to detect and localize underwater targets through sound waves,
even in the absence of visual information. Sonar systems are generally classified into two
categories: active sonar, which emits sound waves and measures the return echoes to detect
objects, and passive sonar, which listens for sounds emitted by external sources. Recent
advancements in Autonomous Underwater Vehicles (AUVs), which are lightweight, cost
effective, and capable of long-duration operation [1-3], have significantly transformed the
deployment of sonar systems. The integration of these AUVs with both active and passive
sonar technologies to form underwater robotic sonar networks [4—7] enables the devel-
opment of distributed sonar systems characterized by dynamic deployment, controllable
maneuverability, networked cooperation, and intelligent autonomy. This synergy enhances
flexible, adaptive, scalable, and efficient underwater operations, providing an improved
DCLT performance in dynamic and complex marine environments.

Underwater robotic sonar networks can operate in two primary modes, with each
tailored to specific mission requirements. The first is the multistatic mode, where
one or multiple sonar sources collaborate with one or multiple receivers [6,8,9]. By
fusing high-SNR and informative measurements from receivers positioned at optimal
source—target-receiver multistatic geometries, the network can significantly improve its
ability to robustly track even quiet or evasive targets. The second mode is passive listen-
ing [5], where AUVs detect sounds emitted by external sources, such as marine life or
surface vessels. This mode is energy efficient and ideal for long-term surveillance, as it
allows the network to remain covert while continuously monitoring large areas. In both
operational modes, AUVs must adapt to environmental variations, such as changes in
sound speed, ocean currents, and target distribution, to ensure optimal DCLT. To achieve
this, the locations of the AUVs and their paths must be strategically optimized, which
remains a key research issue in this field.

In multistatic sonar studies aimed at improving target tracking, the primary focus
is optimizing ping sequences and AUV motion to create optimal temporal and spatial
geometries between the sources, targets, and receivers. This optimization ensures that
the receiver captures high-SNR and informative sonar measurement reflected by the tar-
get, thereby improving tracking performance aspects, such as accuracy. To achieve this,
integrating AUV optimization with target tracking in a closed-loop system is essential.
By modeling this system, the AUV’s ping sequence or motion can be optimized using
search methods. In the bistatic scenario, where a stationary acoustic source cooperates
with a receiver-equipped AUYV, solutions were proposed in [8,9] based on this approach.
Later, this method was expanded in [6] to jointly optimize both ping sequences of multiple
stationary sources and AUV motion. However, these methods rely on accurate modeling
and face computational challenges. To address these, Ref. [10] recently proposed using
deep reinforcement learning (DRL) to learn an optimal AUV motion planning strategy,
demonstrating promising potential for overcoming these challenges.

In addition to the above-mentioned multistatic tracking orientated optimization, an-
other key research issue is AUV placement optimization. The primary objective is to
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determine the optimal locations for AUVs in the network to maximize performance metrics
such as spatial coverage, detection probability, and network connectivity, while minimiz-
ing operational costs. For instance, in multistatic sonar networks, multiple sources and
receivers must be positioned strategically to maximize coverage while minimizing the over-
lap. In passive sonar networks, the placement of AUVs needs to be optimized to maximize
the probability of detecting external acoustic sources across the surveillance region while
maintaining reliable communication links between the AUVs. Effective placement is crucial
for improving network performance in both multistatic and passive sonar networks, and
significant research efforts have been dedicated to this problem for both operational modes.
Typically, sonar sensor placement is framed as a multi-objective optimization task [11,12],
and a range of methods have been developed or employed to solve it. These include greedy
and submodular approaches [13,14], mathematical programming techniques such as inte-
ger linear programming [15] and mixed-integer programming [16,17], as well as heuristic
and metaheuristic algorithms like Genetic Algorithms (GAs) [18,19] and Particle Swarm
Optimization (PSO) [11,20]. Additionally, a few studies have employed mixed or tailored
approaches specifically designed to address the unique structures of the problem [21].

Recently, machine learning-based methods have also been increasingly applied to
underwater and marine problems [22]. Among them, reinforcement learning (RL) has
emerged as a promising approach for sensor placement optimization [23,24], demonstrating
significant potential in underwater robotic sonar network applications. In the present
study, RL is particularly attractive because sonar placement is formulated as a constructive
sequential decision process in which the final network configuration is built through a
sequence of placement actions. This makes the problem naturally compatible with a
Markov decision process framework. Compared with conventional population-based
optimization methods such as PSO and GA, which directly search for complete solutions in
a high-dimensional combinatorial space, the RL-based formulation is better able to exploit
the sequential structure of the placement process. Moreover, DRL is more suitable than
traditional RL for the present setting, because traditional RL methods typically rely on
tabular or low-dimensional representations and become impractical when the state-action
space is large. By using deep neural networks to approximate policies and value functions,
DRL enables scalable learning in large and structured placement problems. Our earlier
work has shown that a DRL-based method can be effectively used for sensor placement
optimization [25].

Early research in sonar placement optimization often modeled sonar coverage using
simplistic range-based approaches, such as the disk model [17,26,27]. However, there
has been a shift toward considering the environmental acoustic performance [28,29].
Environment-aware optimization ensures that sonar placement solutions are more practical
and effective in real-world conditions, such as placing a sonar in a deep sound channel to
extend its range or avoiding regions with severe shadow zones that would hinder detection.
State-of-the-art approaches increasingly integrate acoustic propagation modeling into the
sensor placement optimization loop. This can involve the use of numerical acoustic models,
such as ray-tracing or parabolic equation-based models, to compute the transmission loss
or detection performance from each candidate sensor location to various points within
the monitored area. For example, Ref. [30] computed acoustic maps for an ocean region
using temperature and salinity profiles from the South China Sea and the BELLHOP acous-
tic model [31]. Based on these maps, they optimized placement to maximize coverage
leveraging the environment’s influence on sonar performance. The work by [13] utilized a
digital twin of the ocean off Victoria, Australia, using Copernicus Marine forecasts and the
PyRAM acoustic model to simulate the detection probability for candidate sensor positions,
followed by solving a submodular optimization problem.
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Historically, sonar placement research has primarily focused on static sonars, such
as sonobuoys, moor buoys, and seabed nodes, resulting in a fixed layout. In contrast,
underwater robotic sonar networks allow for adaptive reconfiguration. For instance, when
areas with a high probability of target presence shift due to new intelligence, changes in
target behavior, or variations in ocean soundscapes, the network can dynamically adjust to
maintain optimal coverage or acoustic connectivity. This capability is critical for responding
to changing ocean acoustic conditions and evolving tactical situations. However, this
introduces a time dimension, as sensor movement incurs a cost in terms of time or energy.
Therefore, optimization in underwater robotic sonar networks must not only determine
where to place sensors but also address when and how to move them. This necessitates
path planning within dynamic ocean flow environments. Given the rapid changes in ocean
conditions, optimization and reconfiguration need to be performed quickly to respond to
these shifts. As a result, computationally efficient solutions are required for the frequent re-
optimization of sonar placement and recalculation of paths for large-scale networks, which
present significant challenges. Despite the advancements in sonar placement, a notable
research gap remains in systematically addressing the integrated placement and dynamic
reconfiguration problem within this context of underwater robotic sonar networks.

To fully realize the potential of underwater robotic sonar networks and address existing
research gaps, this paper proposes an integrated sonar placement and dynamic reconfigu-
ration framework, utilizing Proximal Policy Optimization (PPO) [32]-based DRL for both
sonar placement optimization and AUV path planning. DRL offers the key advantage of
quickly computing optimized solutions after training, with incremental learning allowing
for the rapid adaptation to changing conditions and facilitating efficient re-optimization
and replanning, which is essential for dynamic reconfiguration. The framework is specif-
ically designed for the passive sonar mode, with the goal of maximizing the detection
probability. Additionally, acoustic communication connectivity is incorporated into the
sonar placement, enabling the network to transition to the cooperative multistatic tracking
mode, which requires acoustic communication support, after the detection of potential
targets, utilizing methods such as those proposed in [6,8-10] to enhance maneuvering
target tracking and trailing.

The main contributions and novelties of this paper are threefold. First, whereas most
existing studies treat sonar placement and dynamic reconfiguration as separate problems,
we develop an integrated and environment-aware optimization framework for passive
underwater robotic sonar networks that unifies both tasks within a single closed-loop
architecture. The framework explicitly incorporates time-varying acoustic propagation, tar-
get priors, ocean currents, and network-level communication feasibility, thereby enabling
adaptive operation in realistic and uncertain marine environments. Second, unlike conven-
tional placement methods that directly search for a complete sensor configuration using
population-based or heuristic optimization, we formulate the sonar placement problem as
a constructive finite-horizon Markov decision process (MDP) and develop a PPO-based
learning strategy that sequentially builds sensor configurations. Communication feasi-
bility is enforced through a graph-theoretic connectivity constraint based on algebraic
connectivity. This formulation preserves multi-hop network connectivity without requir-
ing uniformly strong pairwise links, thereby balancing wide-area sensing coverage and
cooperative operability. In addition, the constructive formulation reduces decision-space
dimensionality, improves scalability on large spatial grids, and supports the direct optimiza-
tion of complex, non-analytical objectives derived from physics-based acoustic propagation
models. Third, in contrast to reconfiguration approaches that rely on geometric distance or
computationally expensive repeated planning, we propose a flow-aware reconfiguration
strategy that combines a PPO + LSTM-based trajectory planner under partial observability
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with an efficient zero-element assignment method. This strategy enables the rapid and
current-aware estimation of motion costs and optimal AUV reassignment for large-scale
networks, while also supporting online trajectory adaptation using locally sensed flow
information to improve robustness against flow-prediction uncertainty.

The rest of the paper is structured as follows. Section 2 states the problem and
overview of the proposed framework. Section 3 details the MDP formulation and PPO-
based sensor placement algorithm, including state/action definitions and reward design.
Section 4 describes the assignment strategy and PPO-LSTM trajectory planner. Section 5
presents simulation evaluations, illustrating the performance gains of our approach. Finally,
Section 6 concludes with a summary and future research directions.

2. Problem Statement and Framework Overview
2.1. Problem Statement

In this study, we consider the dynamic optimization of a distributed passive sonar
network composed of G AUVs. Each AUV is equipped both with an acoustic source and a
passive sonar array. The passive sonar array is assumed to be omnidirectional, i.e., it exhibits
a constant directivity index independent of AUV orientation, as can be achieved using
circular array configurations. While the network is capable of operating in both multistatic
active and passive sensing modes, this work focuses specifically on the passive surveillance
stage, which is critical for covert, energy-efficient, and long-duration monitoring tasks. The
abbreviations and symbols used in this paper are listed in Abbreviations Section.

The mission is conducted over a two-dimensional maritime surveillance region, within
which underwater targets may appear, maneuver, and emit acoustic signals. The network
operation is structured over a sequence of discrete decision epochs k = 0,1,...,K. At
each epoch, the network configuration may be updated in response to newly available
information. Specifically, environmental conditions such as acoustic propagation character-
istics and ambient noise levels, as well as target prior distributions, are updated based on
external data sources and accumulated AUV network observations. The objective at each
decision epoch is to determine an optimal spatial configuration of the AUV network that
maximizes the expected detection performance over the surveillance region, while satis-
fying constraints on acoustic communication connectivity. Between consecutive epochs,
the network undergoes a reconfiguration process in which AUVs move from their current
locations to newly assigned positions. These transitions incur time and/or energy costs,
particularly under the influence of ocean currents that must be explicitly accounted for.
As a result, the overall problem is inherently sequential and dynamic, requiring the joint
consideration of sensing performance, communication reliability, and reconfiguration cost
across time.

Specifically, the surveillance region is defined as a bounded two-dimensional domain
Q = [0,Ly] x [0, Ly] C R?, which is discretized into a uniform grid of Ny x Ny square
cells to enable computationally tractable optimization. This discretization partitions the
domain evenly along the length and width directions, with grid resolutions Ax = Ly /Ny
and Ay = L,/ Ny, such that each cell has an area of AA = Ax - Ay. Each grid cell represents
a candidate deployment location for an AUV, and its center is denoted by r;; = (x;,y;),
i=1,...,Ny; j=1,...,Ny. This discretized representation approximates the continuous
surveillance domain by a finite set of candidate sensor locations, facilitating both acoustic

performance evaluation and optimization over space. At each decision epoch k, the network

configuration is represented as S = {s’{,s’z‘, .. .,slé},s’é‘,

position of AUV g at epoch k. Each AUV occupies a unique grid cell, and no two AUVs

€ ), where s’é‘, represents the

occupy the same location. Based on the environmental information and target prior, the
placement module determines a desired configuration for the next decision epoch, denoted
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by Sf., = {s’{“, séﬂ, ceey s’grl } The reconfiguration problem is then to determine how

the AUVs in S should be reassigned to the target positions in S ;.

Given the current acoustic environment and a target prior distribution PX(i, ) de-
fined over the discretized surveillance region, the expected sensing performance of a
configuration Sy is quantified by an aggregate detection utility J;(Sk), which captures
the spatially weighted probability of detecting potential targets across the monitored
area and reflects both acoustic propagation effects and target likelihoods. In addition,
reliable network operation requires that inter-AUV acoustic communication links sat-
isfy minimum quality constraints, which are incorporated through a connectivity cost or
penalty term Jeonn (Sk ), which discourages configurations that result in weak or fragmented
communication topologies.

When transitioning from S to S, each AUV must be assigned from its current

position si.‘ to one target position S;-(+1. Let ci«‘]« denote the flow-aware motion cost of assigning

AUV i to target position j, and let ck = ci‘]} denote the corresponding cost matrix. The
reassignment problem can be formulated as:

. G G k ok . G k . G k
rry{n Zi:l ijl cij0y;, for Vi, ijl % = 1,and for vVj, Zi:l B =1 (1)
ij

where 19{»‘]- € {0,1}, 195-‘]- = 1 indicates that AUV i is assigned to target position j, and 195-‘]- =0
otherwise. This formulation enforces a one-to-one assignment between the current AUV
positions and the target configuration.

Based on the above definitions, the dynamic optimization problem is to determine a
sequence of network configurations { S }KX_, that maximizes the long-term sensing perfor-
mance while accounting for communication connectivity requirements and reconfiguration
cost over time. A general form of this problem can be written as:

{gnf}?( Zf:() Ud (Sk) - ]Conn(sk)] - Z}f:l ]reconf(Sk—lf Sk) 2)
kS k=0

where Jreconf(Sk_1, Sk) denotes the minimum transition cost between two consecutive con-
figurations, as determined by the assignment problem in Equation (1). This formulation
explicitly captures the sequential and time-varying nature of the distributed AUV network
optimization problem. Configuration decisions must be made online under evolving envi-
ronmental and operational conditions, which naturally motivates the deep reinforcement
learning-based framework introduced in Section 2.2.

2.2. Framework Overview

To address the dynamic, uncertain, and sequential nature of the AUV placement and
reconfiguration problem, we propose an integrated framework that combines environment-
aware sensing evaluation, DRL-based configuration optimization, and flow-aware path
planning into a unified closed-loop architecture. The framework is designed to enable
the adaptive, scalable, and computationally efficient operation of distributed underwater
robotic sonar networks under time-varying environmental and operational conditions,
while explicitly accounting for uncertainty in ocean flow prediction.

At each decision epoch, the framework first incorporates updated environmental
information, including acoustic propagation characteristics, ambient noise levels, and
ocean current fields, together with revised target prior distributions. These inputs are
derived from a combination of numerical ocean models, acoustic propagation solvers, and
accumulated observations. While numerical ocean circulation models provide large-scale
flow predictions, it is well recognized that such predictions are subject to uncertainty and
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may not fully capture local or rapidly evolving flow structures experienced by individual
AUVs. Consequently, the framework is designed to tolerate imperfect environmental
predictions and to leverage online adaptation during execution.

Based on the updated situational awareness, a PPO-based DRL agent determines
the desired network configuration for the current epoch. The PPO agent operates on the
discretized surveillance grid and outputs a target sensor layout that balances multiple
objectives, including maximizing the expected detection performance and maintaining
reliable acoustic communication connectivity. By learning a policy over configurations
rather than solving a static optimization problem at each epoch, the framework enables
fast decision-making and supports frequent re-optimization as conditions evolve.

Once a target configuration is selected, the framework proceeds to the reconfiguration
execution stage, which tightly couples AUV-to-position assignment with flow-aware path
planning. For each AUV-target location pair, a candidate transition cost is estimated based
on the predicted travel time expenditure required to move between the two locations under
the available ocean flow forecasts. These costs are obtained using a PPO-LSTM-based path
planning module operating on the predicted flow field, and they populate the elements of
the assignment cost matrix. In this way, the assignment problem reflects flow-aware motion
cost rather than simple geometric distance. The resulting Linear Assignment Problem is
solved using a zero-element method, yielding an optimal matching between AUVs and
target locations that minimizes the estimated reconfiguration cost.

Following assignment, each AUV executes the reconfiguration using a PPO-LSTM-
based path planning policy that has been trained to operate under partial observability and
flow uncertainty. Rather than relying solely on precomputed paths, the learned policy itself
can be deployed onboard the AUV. During execution, the AUV continuously incorporates
locally sensed flow information obtained from onboard sensors to generate control actions
in real time. This online policy execution allows the vehicle to adapt its trajectory to
local flow variations that may deviate from the predicted ocean model, resulting in more
accurate, robust, and efficient motion.

Overall, the proposed framework operates as a closed-loop process consisting of the
following steps:

1:  Update environmental information and target priors using ocean-model predictions,
acoustic propagation analysis, and accumulated observations.

2:  Determine the desired sensor-network configuration on the surveillance grid using
the PPO-based placement policy.

3:  Estimate flow-aware transition costs for all AUV-target location pairs using the PPO
+ LSTM-based path planning module.

4:  Construct the assignment cost matrix and solve the resulting one-to-one assignment
problem to obtain the optimal AUV-to-position matching.

5. Execute the reconfiguration online using the learned path planning policy and locally
sensed flow information.

6:  Update environmental estimates and target priors as new observations become avail-
able and then repeat the optimization cycle at the next decision epoch.

All components operate in a closed loop across decision epochs. As AUVs execute the
planned motions and new observations become available, the environmental models and
target priors are updated, and the optimization cycle repeats. Although the framework is
developed for passive sonar surveillance, acoustic communication connectivity is explicitly
maintained to support the seamless transition to cooperative multistatic tracking once a
potential target is detected. In this way, the proposed framework provides a general and
extensible foundation for adaptive underwater robotic sonar networks capable of operating
across multiple sensing modes and mission phases.
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3. PPO-Based Optimal Sonar Placement
3.1. Optimal Sonar Placement as a Markov Decision Process

The optimal placement of sonar-equipped AUVs over a discretized surveillance region
is a combinatorial optimization problem defined on a finite spatial grid. The objective is to
determine the locations of G AUVs on distinct grid cells such that the resulting network
configuration maximizes the detection performance while maintaining reliable inter-AUV
acoustic communication.

Recent studies have explored RL for sensor placement optimization. In some RL-based
formulations, the entire sensor configuration is treated as the state, and actions modify
this configuration through operations such as sensor relocation, swapping, or permu-
tation operations [23]. Such formulations typically involve high-dimensional state and
action spaces, which can severely limit scalability as the number of sensors and candi-
date locations increases. To address these challenges, this work adopts a constructive RL
formulation for sonar placement. Instead of directly operating on complete layouts, the net-
work configuration is constructed incrementally by placing one AUV at each decision step.
This strategy reduces action space complexity, naturally enforces placement constraints
(e.g., one sensor per location), and enables the learning agent to reason about spatial inter-
actions as the configuration evolves. Moreover, this formulation aligns with classical in-
cremental placement strategies while leveraging DRL to optimize complex, non-analytical
objectives arising from environment-dependent acoustic propagation and communica-
tion constraints.

Specifically, the placement problem is modeled as a finite-horizon MDP with horizon
length G, corresponding to the sequential placement of one AUV at each decision step. The
MDP is defined by the tuple (S, A, P, R, 7v), where the components are specified as follows.

State space: At placement step t € {0,1,..., G}, the state s; is represented by a binary
occupancy vector z; = [zl, Z9,. .., ZN]T e {O, 1}N , where z, = 1 indicates that grid cell n
is already occupied by an AUV, and z,, = 0 otherwise. Initially, zg = 0, corresponding to
an empty configuration. As the placement proceeds, the vector is updated to reflect the
growing sensor layout. Optional auxiliary inputs, such as target prior distributions and
environmental features, may be incorporated into the state representation; their integration
is left for our future work.

Action space: At each step f, the agent selects an action 4; corresponding to one
unoccupied grid cell. Although the nominal action space has cardinality N, a dynamic
action mask is applied to exclude previously occupied cells, ensuring that only valid
placements are selectable. This enforces the one-sensor-per-cell constraint.

State transition: The transition function is deterministic. After selecting action 4;, the
next state is given by z;.1(a;) = 1,2z441(n) = z¢(n), Vn # ay, reflecting the placement of a
new AUV at the selected location.

Reward and discount factor: The reward is defined only at the terminal step t = G
once all AUVs have been placed. Intermediate rewards are set to zero. Accordingly, the
discount factor is set to y = 1. The terminal reward evaluates the utility of the complete
configuration, as detailed in Section 3.2.

3.2. Reward Function Design

The reward function is designed to steer the PPO agent toward configurations that
are simultaneously acoustically effective for passive detection and operationally viable as
a cooperative network. Accordingly, the terminal reward assigned at the final placement
step t = G consists of two components: (i) a detection performance term that measures the
expected probability of detecting targets over the surveillance region under the current
acoustic environment and target prior, and (ii) a network connectivity term that enforces
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the feasibility of acoustic communication required for information sharing and cooperative
behaviors. By integrating these terms, the learned policy is encouraged to deploy AUVs
into high-value acoustic regions while maintaining a communication topology that sup-
ports coordinated sensing and, when necessary, a transition to communication-supported
multistatic tracking.

For detection performance, let PX(i,j) > 0 denote the target presence prior over grid
cell (i, ) at epoch k. Given the configuration Sy = {s’l‘, e skG }, the acoustic performance
of AUV g for a hypothetical target at location r; ; could be characterized through the signal-
to-noise ratio, SNR (in dB), which could be calculated using the standard passive-sonar
equation form:

SNR;(L]') = SL—TL<1'[,/‘/S§) — NL+ DI 3)

where SL is the assumed target source level, TL(-) is the transmission loss between r; ; and

k
8

the directivity index (constant under the omnidirectional array assumption). In this work,

s, estimated with the acoustic propagation model, NL is the ambient noise level, and DI is
transmission loss L(-) is computed using the BELLHOP ray-tracing acoustic propagation
model, which accounts for range-dependent sound-speed profiles, boundary interactions,
and environmental variability. This allows for the detection utility to explicitly reflect a
realistic, environment-aware acoustic performance.

The probability that AUV g detects a target at cell (i, j) is then modeled as a function
of SNR. As an example, we adopt the following model [33]:

pff,g(i,j) = Q(Ql(pFA) — \/2 % 1OSNR§(i,j)/10> @

where Pry is the prescribed false-alarm probability, Q denotes the complementary cu-
mulative distribution function (right-tail probability), and Q' (Pr4) is its inverse. It is
emphasized that alternative detection models, such as empirically derived ROC-based
mappings, or learned detection likelihoods may be substituted depending on sensor char-
acteristics and mission requirements.

Assuming conditional independence across AUV detections, the network-level detec-
tion probability at (i, j) is:

Prliet(i/j) =1 71—[ng1 (1 - Pg,g(i'j)> 5)

Finally, the overall detection utility is computed as the target prior-weighted spatial
expectation:
]d(Sk) = Zf\icl Z;\]:yl Péi(i/j)Prliet(i/j) (6)
Reliable cooperative operation does not require all AUV pairs to maintain strong
direct acoustic links; multi-hop communication via intermediate vehicles is often sufficient.
Enforcing uniformly strong pairwise links can therefore be overly restrictive and may
unnecessarily limit spatial coverage. To capture network feasibility in a principled and
physically meaningful manner, we adopt a graph-level connectivity formulation grounded
in environment-aware acoustic modeling.
For the ordered AUV pair (p,q), the communication SNR at decision epoch k is
modeled as:
SNR, = SL. — TL (s’;,,s’;) ~ NL. )

where SL. and NL. denote the source level and effective noise level used for communi-

k k) ;
p,sq> is

cations (not necessarily identical to the passive detection parameters), and TL (s
again obtained from the BELLHOP propagation model. As an example of physical-layer
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mapping, we assume coherent binary phase shift keying (BPSK) transmission over an
additive white Gaussian noise (AWGN) channel, giving an approximate bit error rate [34]:

BER}, = Q<\/2_1OSNR’;L7/1O> (8)

where Q(-) = lerf C(ﬁ ) is the complementary cumulative distribution function of the
standard normal distribution. For a packet of length L bits, the corresponding packet
success probability is:

Py, = (1— BERy)". )

As with the detection model, it is emphasized that sophisticated underwater acoustic
communication models incorporating multipath, Doppler spread, or learned link quality
mappings can be readily integrated into the proposed framework.

Based on the link-level communication reliability, we construct a weighted, undirected
communication graph G = (V, £), where each vertex in V corresponds to an AUV. To

ensure conservative and bidirectional reliability, the weight of the edge between AUVs p

k
pq

adjacency matrix, and let DX be the corresponding degree matrix with diagonal entries

and g is defined as w}, = min(p’lf,q, p’q‘p). Let Wr = {w’;q} denote the resulting symmetric

d’;] =Yy w’,‘,q. The weighted graph Laplacian is then given by Lk = Dk — Wk. The algebraic
connectivity, defined as the second smallest eigenvalue A, (Lk ) , provides a global measure
of network robustness. A larger A, implies stronger overall connectivity, guaranteed multi-
hop reachability, and increased resilience to individual link degradation, making it well
suited for characterizing cooperative feasibility in distributed AUV networks.

Rather than treating communication quality as a soft preference, we regard connec-
tivity as an operational requirement that must be satisfied to enable cooperative sensing
and information exchange. Accordingly, we adopt a constrained (Lagrangian) reward for-
mulation. Let T > 0 denote the minimum acceptable algebraic connectivity. The terminal
reward for a completed placement episode is defined as:

R(Sk) = Ja(Sk) — Ax| T — Az (LF 10
(Sk) = Ja(Sk) k[T 2( )L (10)
where [x]; = max(x,0) penalizes only violations of the communication requirement, and
Ax > 0is a Lagrange multiplier.

The multiplier A is adjusted using a dual-ascent update, e.g.,

A1 = [Ax+ (T = A (L)) 4 (11)

with step size 7 > 0. This adaptive mechanism automatically tightens the connectivity
constraint when learned configurations risk becoming weakly connected and relaxes it once
the requirement is satisfied, avoiding brittle hard constraints and excessive manual tuning.

3.3. Constructive Sensor Placement via PPO

Given the above MDP formulation and reward definition, PPO is employed to learn
the placement policy. PPO is adopted due to its stable training behavior, robustness to
noisy reward signals, and suitability for constrained discrete action problems.

The placement policy is realized using an actor—critic architecture.

Actor: At step t, the actor outputs a masked categorical distribution over the remaining
unoccupied grid cells. The action is sampled from this distribution and corresponds to
placing a sensor at a valid location. To guarantee valid configurations, a binary mask is
applied at each step to exclude already occupied cells. Specifically, logits corresponding to
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selected cells are assigned a large negative value (e.g., —10°) before the softmax, ensuring
zero probability of reselection. This mechanism enforces the one-sensor-per-cell constraint
throughout the placement process.

Critic: The critic estimates the expected return of the current partially constructed
configuration, providing feedback to guide the actor’s learning.

Policy optimization follows the PPO clipped surrogate objective:

Eppo(e) =E; [min(rt(B)At, clip(rt(e), 1—¢1+ G)At>] (12)
where 7¢(0) = % is the importance sampling ratio, A; is the advantage estimate,

and e is the clipping threshold.
The overall PPO-based constructive placement procedure is summarized in Algorithm 1.

Algorithm 1 PPO-Based Sonar Placement Algorithm

The full PPO training procedure unfolds as follows:
1. Initialization:
Initialize policy network parameters 6 and value network parameters ¢.
Set the number of grid cells N, number of sensors G, target prior Pr, connectivity
threshold 7, initial value of the Lagrange multiplier Ay, Generalized Advantage
Estimation (GAE) parameters, and optional environmental features f.
Specify PPO hyperparameters: learning rate, discount factor y = 1, clipping threshold €,
dual step size 7, etc.
2. Episode Rollout:
Begin with an empty placement vector zy € {0, 13N,
For each placement step t =0,...,G —1:
Construct the current state s; from z;, optionally including Pr and f.
Compute logits 1} = fy(s¢) and apply the action mask.
Obtain placement probabilities 7tg(a; | s¢) via softmax.
Sample a valid action a;, update the placement vector z; 1.
Store (s, a¢) in the trajectory buffer D.
3. Reward Evaluation:
Once G sensors have been placed, derive the final layout S = S(z¢).

Compute detection performance J;(Sk) and algebraic connectivity A, (Lk )

Assign terminal reward: rg = J;(Sk) — A¢ [’l’ - A (Lk)} L and setr; =0 forall t < G.
4. Policy Update:
Compute return estimates R; and advantages A;, e.g., using GAE.
For multiple epochs, sample batches from D and:
Update policy by maximizing Lppo(6),
Update critic by minimizing Ly (¢) = E;[(R¢ — Vi (s¢))?].
5. Dual Variable Update:
Update the Lagrange multiplier using dual ascent A1 = [Ax + 7(T — Ao (LF))]+
6. Repeat:
Repeat steps 2-5 until convergence.

Although the proposed placement objective is not strictly submodular due to nonlinear
acoustic propagation effects and connectivity constraints, the constructive PPO formulation
exhibits a behavior analogous to greedy marginal-gain placement. In particular, the learned
policy tends to prioritize globally informative locations in early decision steps, while
later placements provide diminishing refinement. As a result, truncating the placement
sequence yields high-quality configurations for smaller sensor counts, even when the
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policy is trained for a larger maximum fleet size. This prefix robustness mirrors a well-
known property of greedy submodular optimization but is here achieved without requiring
analytical submodularity or handcrafted marginal utility models and emerges naturally
from data-driven policy learning in complex environments.

4. Optimal Assignment and Path Planning Under Dynamic
Ocean Currents

4.1. Strattegy Overview

In dynamic multi-AUV sonar network operations, sensor layouts must be peri-
odically reconfigured to respond to evolving mission objectives, target priors, and en-
vironmental conditions. Given the current AUV configuration at decision epoch k,
Sk = {s’lf, . .,skG}, and a newly optimized target layout obtained from the placement

module 8,2‘ = {s’f“, ey, s’é“ }, the network must determine how to reassign individual

AUVs to their new target positions in a manner that is both efficient and feasible under
ocean current influences.

As formulated in Section 2.1, this reconfiguration process is modeled as a one-to-one
assignment problem between the current AUV positions and the target positions in S ;.
Let ci.‘j denote the flow-aware motion cost for AUV i to move from its current position si-‘ to

target position s¥*1, and let C* = {Cl-{} € RE*G denote the corresponding cost matrix. The

j ij
key challenge is therefore to construct ck efficiently and then solve the resulting assignment
problem with low computational cost.

Unlike conventional assignment formulations that rely on Euclidean distance, the
transition cost here is defined as the minimum travel time under ocean currents,
ci-‘]- = Thin (si‘ — s;‘H), which more accurately reflects the energetic and temporal con-
straints of underwater navigation. However, directly computing optimal travel-time
trajectories for all GZ AUV-destination pairs using classical planners is computationally
prohibitive, especially under time-varying flows.

To address this challenge, we adopt a two-stage strategy. First, the transition costs
in CF are estimated rapidly using a learned PPO + LSTM-based trajectory planner that
accounts for ocean current effects and partial observability. Second, once the flow-aware
cost matrix has been constructed, the resulting one-to-one assignment problem is solved
efficiently using the zero-element assignment method. After the assignment is obtained,
each AUV executes the corresponding reconfiguration trajectory using the learned planning
policy and locally sensed flow information.

This decoupled yet tightly integrated design enables a scalable and current-aware
reconfiguration suitable for real-time multi-AUV operations. In the following subsections,
Section 4.2 describes the zero-element assignment method, and Section 4.3 presents the
PPO + LSTM-based trajectory planner used for flow-aware motion cost estimation and

online path execution.

4.2. Optimal Assignment via the Zero-Element Assignment Method

Once the flow-aware cost matrix C* = {Cf]} € RG*G s constructed, the AUV re-
assignment problem becomes a classical Linear Assignment Problem (LAP). While the
Hungarian algorithm provides an exact solution, its O(G®) complexity can be limiting for
large fleets or frequent reconfiguration cycles. To improve computational efficiency, we
adopt a zero-element method proposed in our previous work [35,36].

First, the zero-element method begins by preprocessing the cost matrix C to rapidly
increase the number of zeros. This preprocessing subtracts the minimum element of each

column from that column. Then, the minimum element of each row is subtracted from that
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row, accumulating the total subtracted amount into dsum. The process is repeated until dsum
no longer increases. Second, the preprocessed matrix C is then searched for G-independent
zeros (one per row and column) using a space-tree search with depth-first backtracking. To
reduce search uncertainty, a root node is chosen from rows or columns with the fewest zeros.
Cofactors are then formed by recursively deleting the corresponding row and column until
a complete assignment is obtained. Third, if no complete zero matching is found after
preprocessing, a postprocessing stage is invoked to alter the zero distribution via selective
row /column operations. These operations are based on a reference constant c.¢, defined

as the average of nonzero entries. The algorithm then returns to the space-tree search.
Once G-independent zeros are identified, they define the optimal mapping sif — s’%'(ll.) ,
i=1,...,G.

Compared with generic LAP solvers, this method offers a superior solving effi-
ciency, which is ideal for the rapid, large-scale reconfiguration required in underwater

robotic networks.

4.3. PPO + LSTM-Based Path Planning Under Partial Observability

Efficient reconfiguration of a distributed AUV network requires repeated evaluation
of motion costs between all current AUV positions and candidate target locations. In a
network of G vehicles, this entails computing up to G x G point-to-point trajectories at each
reconfiguration epoch. Classical path planning methods, such as graph-search approaches
(e.g., A* and Dijkstra), sampling-based planners (e.g., RRT and PRM), evolutionary algo-
rithms, level-set methods [37], and optimal control-based solvers, are well studied [38].
However, their computational cost becomes prohibitive when invoked repeatedly at large
scale. As a result, directly applying these methods to construct the full reconfiguration cost
matrix in real time is challenging for large AUV fleets.

To address this challenge, we adopt a learning-based path planning approach that
amortizes the planning cost through offline training and enables fast inference at runtime.
Once trained, a neural planner can generate near-optimal trajectories and corresponding
travel-time estimates significantly faster than traditional planners. Moreover, the learned
policy can be deployed onboard each AUV, enabling online adaptation to local environ-
mental conditions that may deviate from predicted ocean models. The overall network
architecture of the PPO + LSTM path planning module is illustrated in the right sub-figure
of Figure 1.

Each AUV path planning task is formulated as an MDP, in which the vehicle navigates
from its current position to a designated target location under the influence of ocean
currents. Unlike existing PPO + LSTM-based path planning approaches that assume access
to a complete global flow field [39], this work adopts a different MDP formulation and
operational setting. Specifically, we consider underwater AUV navigation under partial
observability, where only locally sensed flow information is available to each vehicle, and
the learned policy is designed to operate both as a fast cost estimator during network-level
reconfiguration and as an onboard controller for real-time trajectory execution in dynamic
ocean environments. .

The state at time step ¢ is defined as s;ra] = [xt, Y1, ut, v, Y1, §x, gy, ], Where (x¢,y¢)
denotes the AUV position, (u, v¢) represents the locally measured ocean current velocity,
iy is the vehicle heading, and (gx,gy) specifies the target location. By relying on local
flow measurements, the policy can respond directly to the true environmental forcing
experienced by the vehicle rather than solely depending on potentially inaccurate forecasts.
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Figure 1. Illustration of the network architectures for optimal placement and path planning.

The action space consists of a discrete set of heading commands: A™ = {1, ¢, ..., ¥k},
K uniformly spaced directions. This discretization provides a balance between control
expressiveness and computational efficiency.

A hybrid reward function is designed to encourage both efficient exploration and
precise goal convergence:

= d?j—te g” — AMAt — A2 Trurn, én > 1, (13)
—At = Trum — A3,  En <1,

where Ad; denotes progress toward the target, d; is the remaining distance, ¢, is a dynamic
exploration factor, Tyym penalizes sharp heading changes, and € avoids numerical singu-
larities. This reward structure promotes exploration in the early stages of navigation and
emphasizes smooth, time-efficient convergence as the AUV approaches the goal.

We employ PPO as the learning algorithm. To address the partial observability inher-
ent in local flow-based navigation, the policy network is augmented with an LSTM module.
The LSTM enables the policy to aggregate temporal information from sequential obser-
vations, implicitly infer unobserved flow patterns, and mitigate the effects of short-term
sensing noise.

As shown in Figure 1, the network architecture consists of a feedforward feature
extraction layer, followed by an LSTM layer and two output heads. The feedforward
layer first transforms the instantaneous observation into a latent feature representation.
The LSTM then processes the sequential feature stream and maintains a hidden state that
captures historical context from local flow observations. Based on this temporally enriched
representation, the actor head outputs action scores for the discrete heading commands,
which are converted into a probability distribution for action selection, while the critic head
estimates the state value. This actor—critic design supports stable learning and effective
long-horizon decision-making under uncertainty.

Once trained, the PPO + LSTM policy serves as a neural path oracle. For each

T

AUV-destination pair, the travel time is approximated as cfj ~ ). At, where Tj; is the
t =0

duration of the trajectory generated by the learned policy from AUV i to target location ;.

Importantly, the learned policy itself can be downloaded onboard each AUV. During

execution, the vehicle uses locally sensed flow information to perform online trajectory

planning, continuously adapting its motion to actual environmental conditions. This allows
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the realized trajectory to improve upon the initial plan derived from predicted flows,
resulting in greater robustness and efficiency in practice.

5. Simulation Evaluation

This section presents a comprehensive evaluation of the proposed framework through
a series of simulation studies. First, the simulation setup is introduced to establish realism
and reproducibility. Next, the PPO-based constructive sonar placement method is evaluated
independently. The PPO + LSTM-based path planning module is then examined sepa-
rately to quantify its performance gains. Finally, an end-to-end dynamic reconfiguration
demonstration is presented.

5.1. Simulation Setup

The simulation environment is designed to emulate a realistic, time-varying underwa-
ter operational scenario in which a distributed AUV-based passive sonar network performs
adaptive placement and dynamic reconfiguration. All simulations were conducted on a
laptop equipped with an Apple M4 Pro processor, and all algorithms were implemented in
Python 3.9, with PyTorch 2.2.1 for RL components. For reproducibility, the main simulation
settings, including surveillance-region discretization, environmental input data, acoustic
and communication parameters, network architecture, and training-related configurations,
are explicitly summarized in this subsection and in Table 1.

Table 1. Network architecture and training hyperparameters for PPO-based placement and PPO +
LSTM path planning.

Category Parameter Value
Discount factor (7y) 0.99 (placement), 0.995 (path planning)
PPO clipping threshold (¢) 0.2
Value loss coefficient 0.5
Entropy regularization coefficient 0.01
Common PPO Settings GAE parameter 0.95
Optimizer Adam
PPO update epochs 10
Mini-batch size 512
Rollout length 4096 (placement), (256) (path planning)
Input dimension 900 (binary occupancy vector)
Shared hidden layers 2 fully connected layers
Hidden layer width 256
Placement Network (PPO) Activation function ReLU
Actor output Masked categorical distribution over grid cells

Critic output
Learning rate

Scalar state value
3x107*

Input dimension

8 (position, local flow, heading, goal, time)

Encoder hidden layers 1 fully connected layers
Encoder width 128

Path Planning Network LSTM hidden size 256

(PPO + LSTM) LSTM sequence length 256
Actor output Discrete heading set (K = 16)
Critic output Scalar state value
Learning rate 3x10*
Warm-up episodes (placement) 50

Training Strategy Connectivity threshold () 0.95
Lagrange multiplier initial value 5
Dual ascent step size (1) 0.5

Implementation Framework PyTorch 2.2.1
Hardware Apple M4 Pro (CPU)
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The simulated surveillance region is modeled as a two-dimensional maritime area
located in the South China Sea. The region spans a square area defined by latitudes
and longitudes [118.1, 118.4] and is discretized into a uniform 30 x 30 grid of candidate
deployment locations, with each grid cell having a length and width of 1.03 km. Each grid
cell corresponds to a feasible AUV deployment position, and a strict one-node-per-cell
constraint is enforced throughout all simulations. The network consists of G =40 AUVs,
representing a moderately large-scale robotic sonar network suitable for evaluating the
proposed framework. The water depth in the simulated region varies up to 2000 m. And
both the AUVs and the acoustic targets are assumed to operate at a constant depth of
200 m below the sea surface. All candidate deployment locations are restricted to grid cell
centers within the surveillance region, and the deployment and reconfiguration processes
are constrained to remain within this domain.

Environmental inputs, including temperature, salinity, and ocean current profiles, are
obtained from the Copernicus Marine Environment Monitoring Service (CMEMS) over the
period from 08:00 on 9 October 2025 to 08:00 on 19 October 2025. The CMEMS data provide
a spatial resolution of 1/12° and a temporal resolution of 6 h, enabling the construction of
a representative time-varying ocean environment. Based on the temperature and salinity
fields, three-dimensional sound-speed profiles are computed using the Mackenzie empirical
formula [40]. Figure 2 illustrates representative sound-speed fields at four different time
instants, highlighting the spatiotemporal variability that directly influences underwater
acoustic propagation.
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Figure 2. [llustration of the three-dimensional sound-speed field at 08:00 and 20:00 on 9 October and
8:00 and 20:00 on 10 October 2025.

For the calculation of the reward in the sonar placement, the transmission loss is
computed using the BELLHOP ray-tracing acoustic propagation model, driven by the
time-varying oceanographic inputs from the CMEMS and the bathymetric data from the
ETOP2 global relief model. Based on the resulting TL fields, both detection probability
and acoustic communication link reliability are computed using the corresponding models
described in Section 3. The acoustic parameters employed in the sonar and communication
equations are selected as hypothetical values, intended solely for algorithmic evaluation
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rather than system-specific performance prediction. For passive detection, the source
frequency is set to 1 kHz, with a source level of SL = 154 dB, ambient noise level of
NL =63 dB, directivity index DI = 0 dB, and false alarm Pfa = 1073. Under this parameter-
ization, an individual passive sonar array is capable of detecting underwater targets within
an effective range of approximately 3 km. The target prior distribution p; is prescribed as a
line-shaped high-probability region, emulating a likely transit corridor and serving as a
representative scenario to spatially weight the detection performance. And additional sce-
narios with shifted or redistributed priors are considered to evaluate the adaptivity of the
proposed method, as demonstrated in subsequent subsections. For acoustic communication
modeling, the communication source level and the noise level are set to SL, = 145 dB and
NL; = 63 dB, respectively, assuming omnidirectional transmission. And the minimum
acceptable connectivity threshold is set as T = 0.95.

The PPO-based sonar placement policy is implemented using an actor—critic archi-
tecture with shared feature extraction layers, as shown in the left sub-figure in Figure 1.
At each placement step, the actor outputs a masked categorical distribution over unoc-
cupied grid cells, while the critic estimates the expected terminal reward of the partially
constructed configuration. The PPO + LSTM path planning module is illustrated in the
right sub-figure in Figure 1. Both networks are trained offline prior to deployment, and all
hyperparameters—including learning rates, batch sizes, clipping thresholds, and LSTM
hidden dimensions—are kept fixed across experiments to ensure fair and reproducible
comparisons. For the PPO + LSTM planner, candidate start and goal locations are selected
from feasible positions within the same surveillance region, and both training and testing
are conducted under the same domain constraints. Training is performed on sampled
start-goal navigation tasks under time-varying flow fields, while evaluation is conducted
on separate test scenarios. To stabilize training of the PPO in the optimal placement, a
warm-up strategy is adopted in which the connectivity constraint is temporarily disabled
during the first 50 training episodes, allowing the placement policy to initially focus on
learning effective sensing layouts. After this phase, the Lagrange multiplier associated
with the connectivity constraint is activated and updated online using a dual-ascent rule.
This approach prevents premature penalization during early exploration and improves
convergence robustness. The detailed network architectures and training parameters used
in the simulations are illustrated in Figure 1 and summarized in Table 1.

The parameters in Table 1 were selected from three main sources. First, the general
PPO-related hyperparameters, such as the discount factor, clipping threshold, value-loss
coefficient, entropy regularization coefficient, GAE parameter, optimizer, and PPO update
epochs, were chosen according to commonly used settings in PPO-based reinforcement
learning. Second, several architecture-related parameters were determined directly by the
problem formulation, including the input and output dimensions of the placement and
path planning networks, which follow from the corresponding state and action definitions.
Third, the remaining parameters, such as the mini-batch size, rollout length, hidden di-
mensions, learning rate, and training strategy parameters, were selected through empirical
tuning based on training stability, convergence behavior, optimization performance, and
computational cost. Our tuning strategy was to begin with parameter combinations that
produced stable training and a strong performance and then gradually adjust the most
sensitive parameters to reduce the training cost while maintaining satisfactory results.

5.2. Evaluation of the PPO-Based Sonar Optimal Placement

This subsection presents a comprehensive evaluation of the proposed Sequential PPO
placement strategy, focusing exclusively on the sensor placement problem and isolating
it from path planning and execution effects. The evaluation proceeds in four stages:
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(i) qualitative and quantitative assessment of the placement results under a realistic acoustic
environment, (ii) comparison with an alternative RL formulation to analyze the benefit of
the constructive decision structure, (iii) benchmarking against a classical heuristic method,
and (iv) evaluation of generalization and partial-deployment capability.

We first examine the placement results produced by Sequential PPO under a represen-
tative oceanographic and acoustic environment. The results correspond to conditions at
08:00 on 9 October 2025), with sound-speed profiles derived from CMEMS data using the
Mackenzie empirical function (as shown in Figure 2) and transmission loss computed using
the BELLHOP ray-tracing model at a carrier frequency of 1 kHz. A line-shaped target prior
distribution is prescribed to emulate a likely transit corridor. The total computation time
for running Bellhop over the three-dimensional environment at multiple time instances is
32 min.

Figure 3 provides a comprehensive illustration of how the proposed Sequential PPO
method exploits environment-dependent acoustic information to generate effective and
well-connected sonar deployments. The three-dimensional sound-speed field shown in
Figure 2 leads to heterogeneous acoustic propagation, as reflected in the transmission loss
distribution shown in Figure 3a, for a source located at the region boundary center. The
target prior distribution in Figure 3b defines the surveillance objective by assigning higher
importance to specific regions of interest within this acoustically complex environment.
Specifically, Figure 3b is generated by first defining a straight line to control the overall
trend. Then, a Gaussian kernel is used to model the attenuation in the direction perpendic-
ular to the line, while another Gaussian kernel is applied to model the attenuation along
the projection direction on the line. For each point, these two factors are computed and
then combined with an appropriate scaling factor to obtain the final field distribution.
In this figure, the slope and intercept of the line are set to —2 and 13, respectively, and
the kernel width of both Gaussian functions is set to 0.5. For comparison, the random
placement result in Figure 3c is obtained under the same acoustic environment, target prior,
and network-size setting as the optimized case. As shown in Figure 3¢, random sensor
placement produces a fragmented cumulative detection probability distribution that fails
to exploit acoustic propagation or the target prior structure, yielding an average detection
utility of only 14.6. In contrast, the optimized configuration produced by Sequential PPO in
Figure 3d strategically places sensors in regions where favorable transmission conditions
coincide with a high target likelihood, while simultaneously preserving a connected net-
work backbone. This results in a substantially higher R of 35.98, corresponding to a relative
improvement of 120.68%. At the same time, the algebraic connectivity is Ay = 0.9, which
exceeds the prescribed connectivity threshold.

Importantly, the gain in detection performance is not achieved at the expense of
network feasibility. The cumulative detection probability map shows that sensing improve-
ments are concentrated in high-priority regions, while the connectivity metric confirms
that multi-hop communication across the network remains reliable. This demonstrates that
the learned policy internalizes the trade-off between sensing effectiveness and communica-
tion robustness, yielding configurations that are simultaneously acoustically efficient and
operationally viable. Overall, these results indicate that Sequential PPO learns environment-
aware placement principles that integrate acoustic propagation physics, mission priors,
and graph-level connectivity constraints into a coherent and resilient deployment strategy.

Having established that Sequential PPO produces high-quality, environment-aware
sonar deployments, we next examine why this formulation is more effective from a learning
perspective. To this end, we compare Sequential PPO with an Exchange-based PPO baseline,
in which the state encodes a complete binary deployment vector and each action swaps
an occupied grid cell with an unoccupied one. This comparison isolates the effect of the
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decision structure while keeping the learning algorithm (PPO), reward definition, and
environmental conditions identical.
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Figure 3. Environment-aware sonar placement under realistic acoustic conditions. (a) TL map
computed using the BELLHOP model for a source located at a boundary center with depth of 200
m and frequency of 1 kHz. (b) Prescribed target prior distribution used to weight detection utility.
(c) Cumulative detection probability map obtained under random sensor placement, where the white
circles indicate the sensor locations. (d) Optimized sensor placement produced by the proposed
Sequential PPO method and the resulting cumulative detection probability, where the white circles
indicate the sensor locations.

Figure 4 presents the training reward curves of the two PPO formulations. Sequential
PPO exhibits substantially faster reward improvement during early training and converges
to a significantly higher final reward. Although both methods require a comparable wall-
clock training time (approximately 250.0 s for Sequential PPO versus 240.9 s for Exchange
PPO), the constructive formulation achieves markedly higher learning efficiency. Quan-
titatively, Sequential PPO attains a normalized final reward of 35.98, whereas Exchange
PPO converges to 29.63, indicating a clear and consistent performance gap. This difference
persists across multiple random seeds, suggesting that the observed advantage is structural
rather than incidental.
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Figure 4. Training reward curves of Sequential PPO and Exchange PPO.
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The underlying reason lies in the alignment between the decision structure and the
combinatorial nature of the placement problem. Sequential PPO mirrors the incremental
construction of a sensor set, allowing the policy to explicitly learn marginal detection gains
and higher-order interactions among sensors as each new AUV is placed. This structure
supports efficient credit assignment, since each action has a direct and interpretable contri-
bution to the final configuration. In contrast, Exchange PPO operates through indirect local
modifications of a high-dimensional binary vector, where the impact of a single swap on
the terminal reward is often subtle and entangled with many other placement decisions,
leading to noisier gradients and slower convergence. From an optimization standpoint,
this comparison shows that the performance gains of Sequential PPO stem not merely
from the RL itself but from a problem formulation that respects the inherent structure of
sensor placement.

We further benchmark the proposed method against PSO and GA, which are widely
used population-based heuristic approaches for static sensor placement problems. For
fairness, all three methods are evaluated under the same acoustic environment, target prior
distribution, connectivity threshold setting, and network size. PSO is implemented with
30 particles, 2000 iterations, an inertia weight of 0.9, a cognitive coefficient of 0.5, and a
social coefficient of 0.3. Under fixed environmental conditions, the PSO has a relatively
low computational cost, requiring 26.8 s per optimization run, and is capable of produc-
ing reasonable deployment solutions. However, despite its efficiency, PSO consistently
underperforms Sequential PPO in final placement quality, particularly when detection
performance and communication connectivity are jointly considered. GA is implemented
with 500 generations, a mutation rate of 0.15, a crossover rate of 0.8, and an elitism ratio
of 10%. Under the same acoustic environment and target prior, Sequential PPO achieves
a final reward that is 16-21% higher than PSO and 2-3.7% higher than GA. These results
indicate that the proposed method not only improves the solution quality relative to con-
ventional population-based baselines but also better maintains performance when sensing
and connectivity objectives must be optimized simultaneously.

Figure 5 further illustrates the sensitivity of the three methods to the connectivity
threshold . As T increases, Sequential PPO maintains a remarkably stable reward level,
whereas PSO and GA show more noticeable performance degradation under stricter con-
nectivity requirements. For example, when 7 increases from 0.93 to 0.97, the reward of
PSO decreases by 3.2%, that of GA decreases by 1.6%, whereas Sequential PPO experiences
only a 0.02% degradation. This result suggests that the proposed method is more robust to
increasingly strict connectivity constraints than the two heuristic baselines.
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Figure 5. Final placement reward as a function of the connectivity threshold 7 for Sequential PPO,
PSO, and GA.
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This behavior highlights a fundamental difference between the two approaches. PSO
optimizes a static objective through stochastic search and tends to converge to solutions
that only satisfy constraints marginally. As constraints tighten or environmental condi-
tions vary, these solutions become fragile. In contrast, Sequential PPO internalizes the
connectivity requirement during training, enabling it to learn deployment patterns that
preserve a connected communication backbone while still allocating sensors to high-value
sensing regions.

We further evaluate the generalization capability of the proposed Sequential PPO
placement strategy in terms of scalability with respect to network size and robustness under
partial deployment.

Because the Sequential PPO policy constructs the deployment as an ordered sequence
of sensor placements, it naturally supports partial execution when fewer sensors are
available. Figure 6 plots the detection utility achieved by Sequential PPO against the
number of executed placement steps. The results demonstrate graceful performance
degradation: deploying only 70% of the planned sensors retains approximately 85% of
the full-deployment detection utility. This behavior indicates that the early placement
decisions capture the most informative sensing locations, while subsequent placements
primarily refine coverage and connectivity. Such behavior closely mirrors the diminishing-
returns property of submodular optimization and provides a theoretical explanation for
the robustness of the constructive formulation under resource constraints.
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Figure 6. The detection utility achieved by Sequential PPO against the number of executed place-
ment steps.

Building on this property, we next examine generalization across network scales
by applying a placement policy trained with G = 50 AUVs directly to scenarios with
fewer available vehicles (e.g., G = 40) without retraining. Figure 7 compares three cases:
(i) a Sequential PPO policy trained with G = 50 sensors and executed using only the first
40 placement steps, (ii) a PSO policy trained and evaluated directly with G = 40 sensors,
and (iii) an Exchange-based PPO policy trained and evaluated with G = 40 sensors. The
results show that the policy trained with G = 50 sensors consistently achieves the highest
reward when deployed with G = 40 sensors, outperforming both policies trained directly
on the smaller scale. From an operational perspective, this result is significant: it implies
that a single Sequential PPO policy trained for a larger fleet can be reliably reused across
missions with varying numbers of available AUVs, enabling flexible adaptation to fleet
attrition or resource constraints without requiring retraining.
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Figure 7. Comparison of deployment performance under reduced network size.

Collectively, these results demonstrate that the proposed Sequential PPO formulation
offers substantial advantages over both alternative RL formulations and classical heuristics.
By aligning the learning structure with the combinatorial nature of sensor placement, the
method achieves faster convergence, higher solution quality, robust constraint satisfaction,
and strong generalization.

5.3. Evaluation of the PPO + LSTM Method

This subsection evaluates the performance of the proposed PPO + LSTM approach
for underwater path planning under time-varying ocean currents and clarifies its role as a
computationally efficient enabler for large-scale network reconfiguration. In contrast to
Section 5.2, which focuses on sensor placement, the analysis here isolates the path planning
component, emphasizing its suitability for rapid transition cost evaluation during online
AUV reassignment.

For the RL path planning task, 30 candidate start locations and 30 goal locations are
predefined at feasible positions within the surveillance region. These locations are selected
to provide diverse spatial coverage of the domain while respecting the same in-domain
constraints used in the placement and reconfiguration experiments. At the beginning
of each episode, one start-goal pair is randomly sampled from these sets, yielding a di-
verse task distribution that spans different spatial configurations and flow conditions. The
PPO + LSTM agent receives only locally observed flow information along its trajectory
and outputs discrete heading commands, consistent with partial observability constraints
encountered in real underwater operations. Through interaction with the dynamic environ-
ment, the policy learns to exploit favorable currents while avoiding adverse flow regions,
directly optimizing time-efficient navigation. During development, the convergence and
generalization behavior of the planner are monitored on unseen navigation instances. Fi-
nal performance evaluation is then conducted on separate test scenarios not used during
training.

To quantitatively assess planning performance, the PPO + LSTM planner is compared
against a classical grid-based baseline, A*, which is widely used in marine robotics. For
fairness, the A baseline is evaluated using the same start-goal sets and the same domain
constraints as the PPO + LSTM planner. In the implementation of the A*, a plan-execute
evaluation protocol is adopted. Specifically, A* is first applied on a discretized grid to
generate a geometric path between a start and a goal location. This path is then converted
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into a sequence of waypoints and executed by an AUV kinematic model. By numerically
integrating the vehicle motion, the corresponding travel time is obtained. This evaluation
protocol reflects realistic deployment conditions in which high-level planning outputs must
be translated into feasible trajectories through low-level control. In contrast to A*, the PPO
+ LSTM planner optimizes the path execution time directly.

Figure 8 presents a representative comparison between PPO + LSTM and A* for a
selected start—goal pair after training, which is not used during training. Compared with
the A*, the PPO + LSTM planner generates paths with more adaptive heading choices
and smoother geometries in the presence of ocean currents, leading to shorter effective
paths and significantly reduced travel times. In the illustrated example, the replayed A*
trajectory requires approximately 97.5 h to reach the goal, whereas PPO + LSTM completes
the same task in only 77.5 h. The AUV maintains a speed of 0.23 m/s relative to the
still water. These improvements persist across multiple randomly sampled start-goal
pairs. Averaged over the test set, which includes 10 members, A* yields a mean travel
time of approximately 106.75 h, while PPO + LSTM achieves an average of about 74.25 h,
corresponding to a reduction of 30.44%. All test cases involve comparable start—goal
distances, confirming that the observed gains arise from the improved exploitation of flow
dynamics rather than geometric bias. The performance advantages of PPO + LSTM stem
from two fundamental factors. First, the learning agent interacts directly with a dynamical
environment that explicitly incorporates vehicle kinematics and ocean current disturbances,
allowing the policy to optimize time-related trajectory costs end to end. Second, the LSTM
module provides temporal memory and hidden-state fusion of sequentially observed flow
information. This enables anticipatory decision-making under partial observability and
significantly enhances robustness in non-stationary environments.
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Figure 8. Comparison between PPO + LSTM and A* for path planning under time-varying ocean
currents, where panes (a-d) correspond to flow field at 200 m depth of the surveillance region.
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Beyond trajectory quality, an important advantage of the PPO + LSTM approach lies
in its computational structure for large-scale reconfiguration. The PPO + LSTM planner is
trained offline, requiring approximately 178 s for convergence on the evaluation platform.
After training, trajectory generation is reduced to lightweight forward inference, enabling
the rapid evaluation of motion costs between arbitrary start—goal pairs. This property is
critical for network reconfiguration. Given a set of current AUV positions and a set of target
deployment locations, the trained PPO + LSTM policy can be used to efficiently compute a
G x G transition cost matrix, where each entry corresponds to the minimum travel time
between an AUV and a candidate destination. For example, with G = 40, the cost matrix
requires 1600 trajectory rollouts, which can be computed rapidly using policy inference.

Overall, the results demonstrate that PPO + LSTM is not only superior to classical
planners such as A* in terms of trajectory execution efficiency under dynamic ocean currents
but also serves as a scalable and computationally efficient backbone for large-scale, real-
time network reconfiguration. By combining RL with recurrent temporal modeling, the
proposed approach enables fast, flow-aware motion cost estimation and robust navigation
under partial observability, providing a crucial link between optimal placement decisions
and their physical realization in dynamic underwater environments.

5.4. Simulation Demonstration of the Entire Framework

This subsection presents an end-to-end evaluation of the proposed framework, demon-
strating how environment-aware placement, flow-aware assignment, and learning-based
path planning operate jointly to enable adaptive reconfiguration of a large-scale underwater
robotic sonar network.

We consider a dynamic surveillance scenario in which a fleet of 40 AUVs enters the
monitored region and repeatedly reconfigures its formation in response to evolving target
priors and environmental conditions. The simulation spans four consecutive placement-—
reconfiguration cycles, each corresponding to one of the four time instants of the three-
dimensional sound-speed fields introduced in Section 4.1. The decision interval is set
to 6 h, matching the temporal resolution of the CMEMS oceanographic data and the
sound-speed snapshots shown in Figure 2. Thus, each cycle uses one environmental
snapshot and one corresponding target prior field, and the network is re-optimized once
per environmental update.

At each cycle, the framework operates in a closed loop: the current acoustic environ-
ment and target prior (as shown in Figure 9 are first used to generate an environment-aware
optimal placement; the resulting target configuration then triggers flow-aware reassign-
ment via the assignment module and the PPO + LSTM planner, which evaluates transition
costs under the corresponding predicted flow field for that cycle. All placements, start loca-
tions, and target locations are restricted to feasible positions within the same surveillance
region defined in Section 5.1. The placement and path planning results for the four time
steps are summarized in Figure 10.

The end-to-end results demonstrate that the proposed framework consistently main-
tains high detection performance while preserving network connectivity throughout
the reconfiguration process. From a computational perspective, the combined execu-
tion time of optimal placement, flow-aware assignment at each reconfiguration step
remains within 300 s (for the three cycles, the computation times are 239 s, 246 s and
252 s, respectively), indicating that the framework is capable of near-real-time operation
at the network scale considered.
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6. Conclusions

This paper investigated the integrated problem of sonar placement optimization and
dynamic reconfiguration in underwater robotic sonar networks operating in complex and
time-varying ocean environments. Motivated by the limitations of static deployment
strategies and computationally expensive replanning methods, we proposed a unified deep
reinforcement learning-based framework that jointly addresses adaptive sensor placement,
flow-aware reassignment, and path planning for large-scale AUV networks.

Specifically, the proposed framework formulates passive sonar placement as a con-
structive Markov decision process and employs PPO to learn placement policies that
maximize detection probability while maintaining acoustic communication connectivity.
By explicitly incorporating environment-aware acoustic propagation modeling and com-
munication constraints into the reward design, the learned policies produce practically
effective and operationally viable network configurations. To enable scalable reconfigura-
tion, a flow-aware assignment strategy based on a zero-element method was introduced,
leveraging learned travel-time estimates rather than simple geometric distances. Further-
more, a PPO + LSTM-based trajectory planner was developed to address navigation under
dynamic ocean currents and partial observability, enabling both fast cost estimation for
assignment and adaptive onboard execution using locally sensed flow information.

Despite these encouraging results, the present study still has several limitations.
First, the proposed framework has only been validated in a simulation environment and
has not yet been demonstrated on a specific real-world AUV platform. Although the
simulated environment is constructed using CMEMS oceanographic data, bathymetric
information, and BELLHOP-based acoustic propagation modeling, and therefore reflects
realistic large-scale spatial and temporal environmental variability to a certain extent, it
still differs from real-ocean operation in several important respects. In particular, ocean-
model-based environmental predictions are subject to forecast errors, limited spatial and
temporal resolution, and possible mismatch with local small-scale variability. Second,
although acoustic propagation is modeled using a physics-based approach, the sonar-
related parameters, detection model, and communication model adopted in this study
are assumed for algorithmic evaluation and are not calibrated to a specific, real sonar
system. As a result, the simulated sensing and communication performance cannot fully
represent the actual performance of a real underwater robotic sonar network. Third, the
proposed placement strategy is formulated on a discretized surveillance grid, and thus, the
resulting deployment quality may depend on the chosen grid resolution. Continuous-space
placement optimization is not explicitly addressed in the current framework. Fourth, the
current framework does not yet explicitly include several platform-specific and operational
factors, such as actuation uncertainty, localization error, hardware constraints, vehicle
endurance, and long-range reachability. Therefore, the present results mainly validate the
effectiveness of the proposed optimization and reconfiguration strategy at the algorithmic
level rather than the absolute operational performance of a real deployed system.

Future work will focus on improving both the robustness and the practical deploy-
ment ability of adaptive underwater sonar networks under environmental uncertainty.
One important direction is to incorporate ensemble-based environmental prediction and
planning methods so that sensor placement and path planning decisions can explicitly
account for multiple possible ocean realizations and thereby improve robustness to forecast
uncertainty. Another promising direction is data-driven acoustic modeling, in which deep
learning techniques are used to learn environment-specific acoustic performance directly
from in situ measurements collected by the network, such as received-signal statistics,
ambient noise levels, and communication quality indicators. In addition, future studies
will consider system-calibrated sonar models, platform-specific vehicle constraints, and
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real-ocean experiments on physical AUV platforms so as to assess the practical performance
and deployment feasibility of the proposed framework under real operational conditions.
Together, these developments would enable more resilient and self-improving underwater
robotic sonar networks capable of long-term autonomous operation in highly dynamic
marine environments.
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Abbreviations

The following abbreviations and Nomenclature are used in this manuscript:
Symbol Description

Abbreviation

AUV Autonomous Underwater Vehicle

DRL Deep Reinforcement Learning

PPO Proximal Policy Optimization

LSTM Long Short-Term Memory

MDP Markov Decision Process

RL Reinforcement Learning

SNR Signal-to-Noise Ratio

BELLHOP Bellhop Acoustic Propagation Model

ROC Receiver Operating Characteristic

BPSK Binary Phase Shift Keying

AWGN Additive White Gaussian Noise

BER Bit Error Rate

LAP Linear Assignment Problem

GAE Generalized Advantage Estimation

PRM Probabilistic Roadmap Method

RRT Rapidly Exploring Random Tree

PPO-LSTM PPO with LSTM

Nomenclature

(@) Two-dimensional surveillance region

Ly, Ly Length and width of the surveillance region
Ny, Ny Number of grid cells along the x- and y-directions
Ax, Ay Grid resolutions along the x- and y-directions
AA Area of each grid cell

rij Center of grid cell (i, f)

G Number of AUVs in the network

Sk Network configuration at decision epoch k
s§ Position of AUV g at epoch k

Siq Desired /target configuration for epoch k + 1
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Pk(i,j) Target prior probability at grid cell (7, j) and epoch k
Ja(Sk) Detection utility of configuration Sy
Jeonn (Sk) Connectivity cost/penalty of configuration Sy

]reconf (Skflr Sk)

cffj Flow-aware motion cost for assigning AUV i to target position j at epoch k
ck Assignment cost matrix at epoch k

19;‘]. Binary assignment variable

P:]i(, g(i, 7 Detection probability of AUV g for a target at cell (i, j)
Pk (i, ) Network-level detection probability at grid cell (i, )
SNR(IE,(Z', 7) Detection SNR of AUV g for a target at grid cell (i, )
SL Source level in passive detection model

TL(-) Acoustic transmission loss

NL Ambient noise level in passive detection model

DI Directivity index

Pra False-alarm probability

Gr=,€) Communication graph at epoch k

w’;,q Weight of the communication link between AUVs p and ¢
wk Weighted adjacency matrix

DF Degree matrix

L Weighted graph Laplacian matrix

Ao (Lk) Algebraic connectivity

T Minimum acceptable algebraic connectivity threshold
Ak Lagrange multiplier for connectivity constraint

1 Dual ascent step size

(S,A,P,R,7) MDP tuple

St Placement state at step ¢

Zt Binary occupancy vector at placement step ¢

a; Placement action at step ¢

T Reward at step ¢

0% Discount factor

g (a|st) PPO policy

Vi (st) Value function

A Advantage estimate

R Return estimate

€ PPO clipping threshold

Ly($) Value loss

D Trajectory buffer

s;raj State of the trajectory-planning MDP at time step ¢
Al Discrete action space for trajectory planning

Py AUV heading at time step ¢

(ut,vt) Locally measured ocean current velocity

(8x,8y) Target location in trajectory planning

Tiin (sf — s}‘“ Minimum travel time from current to target position

Reconfiguration cost between two consecutive configurations
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