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Abstract—Passive towed array sonar systems play an essential
role in submarine situational awareness. However, the detection
and localisation of sound-emitting objects is a more challenging
task compared to their active counterparts due to a lack of imme-
diate range information. By making manoeuvres and changing
the bearings at multiple positions, a passive sonar can localise
and track the source of the sound. Reinforcement learning is the
process of learning an optimal strategy to guide an agent’s actions
towards optimising its cumulative reward for a given task. This
work evaluates an agent’s ability to control a passive towed array
sonar system for optimal source localisation and tracking in the
underwater environment, using collision avoidance as a practical
example application.

Index Terms—Tracking, localisation, reinforcement learning,
particle filters, passive sonar

I. INTRODUCTION

Passive towed array sonar systems play a critical role in
enhancing submarine situational awareness in the complex
underwater environment. Unlike active sonar, these systems
rely on detecting the acoustic signatures of other objects
without emitting detectable signals, thus maintaining a stealthy
posture while surveilling the local area. This passive approach
presents unique challenges, notably the accurate detection
and localisation of sound-emitting objects due to the absence
of range information. Historically, operators would manually
interpret sonar data to determine the location of a sound
source, a process now increasingly augmented by sophisticated
mathematical and computational methods.

The challenge in bearings-only target motion analysis
(TMA) lies in accurately determining a target’s motion from
directional measurements alone, without range information.
This problem requires satisfying several key observability cri-
teria including manoeuvring the observer to introduce bearing
variations and ensuring diverse geometric configurations [1].
Addressing these challenges motivates the development of
advanced techniques to enhance target tracking accuracy and
reliability in complex, real-world environments.

A significant challenge in maritime surveillance involves the
use of towed linear arrays. A common issue with these arrays
is directional ambiguity, where the direction of the signal
received by the sensor array cannot be distinguished between
port side and starboard side. However, this ambiguity can
be resolved through Sequential Monte Carlo (SMC) methods,
such as particle filters due to their ability to handle multimodal
distributions [2]. Resolving such ambiguities is essential for
meeting the observability criteria.

This work lays the groundwork for scenarios where a
submarine needs to surface in areas congested with surface

vessels. Surface ships tend to be noisy, emitting characteris-
tic narrowband tones and broadband noise. Approaching the
source of the sound improves the signal-to-noise ratio (SNR),
yielding clearer signal reception and more precise localisation.
Closer proximity facilitates greater changes in bearing angle,
further enhancing localisation efficiency, but raises the risk of
collisions. Balancing between accurately localising a sound
source and minimising the risk of a collision with surface
vessels is a key consideration in operational strategies, and is
fundamental to the safety of both the submarine and the other
vessel.

Reinforcement learning (RL) [3] has the potential to aid
this sensor management task by learning an optimal strategy
that proposes a manoeuvre at each time step for maximum
reward. RL can systematically learn and execute strategies
that find a balance between the objectives and constraints,
aiming to maximise the overall effectiveness of the sonar
system. This method enables adaptive decision-making based
on the dynamic conditions of the underwater environment,
potentially enhancing both the safety and efficacy of submarine
operations.

Our research builds on the sensor path planning work by
Hoffmann et al. [4], addressing the challenges of passive sonar
situational awareness in oceanic environments. These chal-
lenges include acoustic scattering, absorption, and dynamic
obstacles, which complicate sonar operation and navigation.
Our contributions are the application of RL algorithms and
SMC methods to improve support safety and surveillance
in submarine situational awareness, adapting these advanced
techniques to the specific needs of underwater environments.

In this paper, we first review related work in Section II.
We then discuss the particle filter tracking algorithm utilised
in this work in Section III. Section IV describes our rein-
forcement learning approach, including the construction of the
environment and the design of the reward function. In Section
V, we provide a full description of the scenario. Section VI
presents the results of our study, followed by a summary and
conclusions in Section VII.

II. RELATED WORK

In recent years, the application of efficient tracking algo-
rithms to sonar systems has increased. An example of this is
shown in [5] where an end-to-end signal processing chain and
particle filtering based track-before-detect (TBD) algorithm is
proposed for multi-target tracking using a passive sonar array.

A comprehensive overview of various sensor management
tasks is given in [6], where the effects of operational con-



straints on task objectives are discussed. The work conducted
in [7] attempts to find optimal trajectories in a multi-sensor
setup with bearing-only measurements. Here, the optimisation
is based on minimising the state estimation error. In the context
of collision and conflict avoidance, [8] implement an efficient
subset simulation method to estimate the probability of conflict
for an air-to-air scenario. In this work we deal with a slightly
different problem, which is to use reinforcement learning to
propose routes that are optimised over several potentially
conflicting factors, including the need to localise another
vehicle, whilst maintaining a safe distance, and maintaining
the efficacy of the sensor.

The applications of RL have grown considerably, and its
use in autonomous navigation and collision avoidance systems
presents many conceivable benefits. Of particular interest is
the capability for solutions to be discovered that may have
previously been overlooked. In [4], RL is utilised to localise a
target using bearing-only radar measurements with a maximum
likelihood estimator, demonstrating the potential for an RL
agent to navigate and optimise sensor paths. In addition, an
evaluation is provided comparing a myopic policy, which only
considers immediate rewards, to a policy learned by the RL
model. It is shown that the learned policy outperforms that of
the myopic policy. In the context of underwater navigation,
[9] propose a sophisticated adaptive path planning and colli-
sion avoidance solution using RL for autonomous underwater
vehicles (AUV). A multi-objective optimisation approach to
sonobuoy placement is proposed in [10] where the aim is to
minimise sensor placement time and localisation uncertainty.

III. TARGET TRACKING & LOCALISATION

We approach the target tracking problem from a Bayesian
perspective where we recursively estimate the belief of the
system as new measurements become available.

A. Dynamic State-Space Model

At each time step k € N, the target is assumed to move
according to a state evolution model defined by

X}, = fr(x)_1, Qr—1), (1)

where fj, : R"* x R"¢ — R,, is a possibly nonlinear function,
x| is the state of the target, and q;_; is an independent and
identically distributed (i.i.d.) process noise sequence represent-
ing the uncertainty in the evolution.

Generally, it can be assumed that the target exhibits a certain
degree of motion consistency, i.e., they typically maintain a
steady velocity. This is commonly represented by modelling
the acceleration as white noise. A more realistic representation
of the target dynamics is the Integrated Ornstein-Uhlenbeck
(I0U) model [11] that introduces a damping, or drag, factor
¢ leading to an exponential decay in velocity over time. The
IOU model accounts for a decrease in velocity which is more
realistic in scenarios where the target is moving through a
medium that exerts resistance such as water.

We represent the state of the target with a four-dimensional
vector that includes both position and velocity components in
two-dimensional space:

Xh = [Tk, Yo Tae U] T )

where x and y are the horizontal and vertical Cartesian
coordinates, respectively, and & and y are the corresponding
velocities.

We then define the evolution of the system using a kinematic
equation of motion:

X}, = FrouXh_1 + dr—1, k-1 ~N(0sx1,Qrov), (3)
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B. Measurement Model

We define a function that describes the transformation be-
tween the sensor measurement and the state-space, in addition
to capturing the uncertainties inherent in sensor measurements:

zi, = hy(x}, nyg), (8)

where hy : R?» xR™ — R"™= is a possibly nonlinear mapping
function, and n; is an i.i.d. measurement noise sequence
representing the uncertainty in the measurement.

In the case of passive sonar, measurements are generated
in terms of azimuth only which requires a transformation to
relate it to the Cartesian coordinate system. More suitably, the
estimated state is converted to a bearing. Thus, the measure-
ment model is defined as:

hy(x, x5, nx) = 0 = arctan 2(yh, — y5, ok — x5) +nx, (9)

where xj, is the state of the sensor array’s origin sensor at
time k, and z§ and y; are the horizontal and vertical Cartesian
coordinates of the sensor array



C. PFarticle Filter

The optimal Bayesian solution to the target tracking prob-
lem cannot be determined analytically [12]. Under certain
constraints, one can find an optimal solution, e.g., in the
case of a linear system and Gaussian noise, the Kalman
filter [13] can be utilised. For passive towed array sonar
the measurements are non-Gaussian. The optimal solution
must then be approximated by methods such as the extended
Kalman filter, unscented Kalman filter, and particle filter. In
this paper, we only consider the particle filter.

The particle filter is an SMC method designed to approx-
imate the posterior probability density function (pdf) using
a set of weighted samples (or particles) [2]. Each particle
represents a candidate solution to the state of the system at
a given time, and the set of all particles approximates the
probability distribution of the system’s state.

The weighting associated with each particle represents the
particle’s likelihood of being the true state of the system.
Initially, particles are distributed according to prior knowledge,
or uniformly across the state-space if prior knowledge is
limited.

The Bayesian framework for a particle filter can be sum-
marised as three steps: predict, update, and resample.

1) Predict

The evolution of the particles as they are propagated forward
in time is defined by the dynamics of the system. Thus, (3)
can be written as:

x = Froox\" +q\,, fori=1,...,N,.  (10)

2) Update

Once a new measurement becomes available, the weights
are updated based on the likelihood of the new measurement
given the particle’s state:

@) d(n(x{D),z;)2

(4) -
w,’ =e 202 ‘wy ., fori=1,..., N,

(1)
where w'") is the weight of the i*" particle, and d(x\, z)
represents the function that calculates the difference between
the predicted state of the particle x,(;) and the new measure-
ment zy.

Given the measurements are bearing only, d(-) computes
the angular difference between the measured bearing and the
bearing from the sensor array to the particle. To maintain a
probability distribution, the weights are then normalised.

3) Resample

After several iterations of weight updates, a small subset of
particles accumulate higher weights compared to the rest. This
leads to a situation where a large proportion of particles have
negligible weights and thus contribute little to the estimation of
the posterior distribution. We use systematic resampling [14]
to minimise the degeneracy of the particles and add larger
noise with probability p = 0.1 to avoid sample impoverish-
ment.

D. State Estimation

For a unimodal distribution of particles, the estimated state
of the target can be computed as the weighted average of all

particles:
1 ZNS @), (i)
X = - »_IXk wy, .

(12)

However, for a multimodal distribution of particles where
the distribution represents multiple hypotheses about the state
of the system, computing the state estimation requires more
sophisticated approaches than calculating the weighted average
of all particles. This is because the weighted average may
not necessarily represent any actual hypothesis accurately,
especially in cases of ambiguous or conflicting information
that leads to distinctly separated clusters of particles.

To resolve this problem, we utilise the Hierarchical Density-
Based Spatial Clustering of Applications with Noise (HDB-
SCAN) [15] clustering algorithm to identify the distinct groups
of particles that represent different hypotheses. HDBSCAN
is well-suited to this task due to its ability to find clusters
of varying densities, its flexibility in handling noise, and its
robustness to hyperparameter selection.

After clustering, the weighted average of each cluster is
then calculated for each cluster independently. Initially, we
considered only the likelihood of each cluster as the metric
for selecting the estimated state but found this to be unstable.
By factoring in the uncertainty of the clusters and computing
the harmonic mean between the uncertainty and likelihood
we were able to improve the stability of the state estimation
selection process.

The uncertainty in the estimated state of particles is quan-
tified by the determinant of their covariance matrix, denoted:

O, = |Zkl, (13)

where Y represents the covariance matrix of the particle
distribution.

IV. REINFORCEMENT LEARNING

This section outlines our application of RL to enable a
vessel to autonomously navigate through a series of discrete
actions, aiming for trajectories with optimal source localisation
and collision avoidance.

RL is a branch of machine learning (ML), characterised by
an agent’s capacity to learn optimal decision-making through
interactions with its environment, aiming to maximise a user-
defined cumulative expected reward. This learning paradigm
is defined by three distinct aspects:

o Agent: The decision-making entity.

o Environment: The context or space within which the

agent operates.

« Policy: The strategy adopted by the agent, denoted as a

function 7 : S — A, mapping states to actions.

RL can be formally described through Markov Decision
Processes (MDPs) which provide the foundation for modelling
decision-making in scenarios where outcomes are stochastic.
An MDP is represented by the tuple (S, A, P, R, ), where:



o S is the set of all possible states,

o A denotes the action space,

e R is the reward function, with R(s,a) specifying the
reward received when taking action a in state s,

o P represents the transition probabilities, where P(s'|s, a)
defines the probability of transitioning to state s’ from
state s upon taking action a,

« 7, the discount factor, a weighting/importance applied to
future rewards.

Our choice of RL algorithm is Proximal Policy Optimisa-
tion (PPO) — a state-of-the-art policy gradient method that
optimises policy performance with respect to the cumulative
reward using gradient descent. The primary motivation for
using PPO is its sample complexity and the use of a clipping
function which improves performance over other objective
functions [16].

A. Environment Setup

1) Observation Space

The observation space O captures essential spatial and
orientation information of both the agent and target. The
specific inputs can be seen in Table I. By providing the agent
with these inputs at each time step, the algorithm can process
the current state of the environment and its relationship to the
target. This processed information then informs the selection
of the next action to take. All inputs are normalised in the
range [0, 1] except for the agent’s heading, i, which is
normalised in the range [-1, 1].

TABLE I
OBSERVATION SPACE

Input  Description
Th Horizontal position of the agent
Yk Vertical position of the agent

Pk Heading of the agent

Tr Estimated horizontal position of the target

Uk Estimated vertical position of the target

0%y, Uncertainty

di Distance between the agent and estimated source position
dgc Distance between the agent and surveillance area boundaries

2) Action Space

The action space, denoted as .4, consists of three discrete
actions that enable the agent to navigate its environment
by adjusting its heading. These actions modify the agent’s
heading at a fixed angular rate of Ay = 0.1° per second
and correspond to a counter-clockwise change in heading,
no change in heading, and a clockwise change in heading,
respectively. They are mathematically defined as:

A={-Ap, 0, Ap}.

At each time step k, the agent selects an action a from the
set A of valid actions.

(14)

3) Transition Dynamics

The dynamics of the agent’s movement are governed by its
chosen action. Specifically, the agent’s heading at time step k&,
denoted ¢y, is updated based on its previous heading and the
applied action:

Ok = Pr—1+ Apy, (15)

This updated heading then informs the agent’s position at
the next time step:

Xp = X1 + VAL, (16)
where the velocity vector, vy, is represented as:
Uy COS Pk
Vi = | vy sin @y, (17)
0

Here, v, and v, are the components of the agent’s velocity
in the horizontal and vertical directions, respectively. The
velocity is assumed to remain constant.

4) Reward Structure

The reward function R (s, a) is defined with respect to the
state s and action a taken by the agent. We provide the agent
with the incentive to stay within the surveillance area and
to minimise the uncertainty of the particle filter estimation.
Additionally, an episode ends if the agent either exits the
surveillance area or gets too close to the source. The reward
structure is as follows:

*Emar if dk § Dminv
R(Sv a) = _Emam if Xk ¢ L7 (18)
+1 if 6%, <0.2,

where Epn,x is the maximum length of the episode, 0%, is the
normalised uncertainty, dy is the Euclidean distance between
the agent and estimated position of the source, and L is the
dimensions of the surveillance area.

The reward structure encourages two distinct behaviours.
Firstly, the agent not only learns to reduce uncertainty below
a threshold value of 0.2 but to also maintain an uncertainty
below this threshold. Secondly, a large penalty is given if the
agent exits the boundaries of the surveillance area or moves
within a minimum distance, D,,;,, of the estimated source
position. This encourages the agent to find optimal positions
from which to operate, reinforcing our initial motivation of
collision avoidance and reliable measurements from higher
SNR values.

B. Invalid Action Masking

Invalid action masking is a common technique within RL
that is shown to improve convergence time to an optimal
policy [17]. Action masking allows us to encourage certain
behaviours of the agent that may be more sensible in a given
scenario, whilst scaling better than the alternative approach of
penalising the agent.

We employ action masking primarily to discourage frequent
heading changes, mirroring the cautious maneuvering typical



of submarine operations, and to ensure the sensor array is
properly aligned for accurate bearing measurements. If the
sensor array has a degree of curvature or inconsistency in its
alignment then the directional power will be misaligned. Due
to this consideration, we do not incorporate the measurement
into the particle filter’s update procedure unless the array is
approximately straight.

To approximate the time taken for the sensor array to
straighten we store the heading ¢, when the agent starts to
turn, and the difference in heading Ay, is calculated once the
agent begins to straighten out. We incorporate the speed of the
submarine and calculate the time to straighten as:

1
ts = ’VngOk—‘ .
Vg
The result is rounded up to incorporate any sway that may
be present at the end of the straightening process.
We define the action mask as a Boolean vector

[@ieft; Qforward; Gright], Where each element can be either True
or False, representing which actions are valid:

19)

True, 1if action a; is valid in state s,

M?nv S) =
i () False,

otherwise.

C. Implementation

We use the MaskablePPO implementation from the Stable
Baselines 3 Contrib (SB3) package [18]. SB3 is a common
framework that provides many RL algorithms and can directly
interact with standard RL environments. Our environment is
built in Gym from OpenAl [19], which allows for standardised
communication between environments and RL algorithms.

To select the optimal hyperparameters, we use the Optuna
framework [20], which utilises Bayesian optimisation (in the
form of a Tree-structured Parzen Estimator [21]) along with
pruning techniques to tune the hyperparameters of our agent.
100 trials were conducted for tuning a range of different
parameters such as: the learning rate, discount factor, and
step size per update; however, due to the robustness of PPO,
we found no tangible improvement in performance over the
default hyperparameter values.

V. SCENARIO

We consider the scenario of tracking a moving surface
vessel in the ocean environment. The scenario consists of a
single submarine towing a passive sonar array moving at a
constant speed of 5 m/s, 200m below the sea-surface. The
surveillance area is 50x50 km in size. We do not consider
additional clutter or sound emitting sources other than the ship
stated in each scenario.

For each run, we randomise the starting position of both the
agent and source such that they start in different quadrants of
the surveillance area. In addition, there are three pre-calculated
trajectories followed by the source for a total of 36 unique
scenarios. These trajectories include a sinusoid, an ellipse, and
a straight line. This randomisation ensures that our evaluation
is comprehensive, accounting for a wide range of operational
scenarios.

The source emits a complex sinusoidal signal with three
harmonics reflecting the gearing of rotating mechanical com-
ponents of the ship, which presents a unique narrowband sig-
nature. This signal is corrupted with broadband source noise,
representing the sporadic and varied sounds produced onboard,
such as human activity, mechanical noise or other vibrations.
We model the source noise as pink noise where the intensity
falls off at higher frequencies [22]. We also acknowledge the
ambient noise in the ocean as a factor and model this as white
Gaussian noise that is uniformly distributed in space. The
signal parameters can be found in Table II which represent
a modern container ship’s radiated noise as stated in [23],
where the spectral characteristics of various modern ships are
compared. The signal for each harmonic can be expressed as
follows:

Sj(t) = A]' exp(?m’fj(t — (52 — T) —+ i¢j),

where A; is the amplitude of the jth harmonic, f; is the

frequency, ¢; is the initial phase, J; is the sensor delay for

the ith sensor, and 7 is the propagation time of the signal.
Thus, the combined signal is defined as:

(20)

Np,
S(t)=>_S;(t)+n, +ny, 1)
j=1
where Nj, is the number of harmonics, n, is a pink noise

sequence and n,, is a white noise sequence, representing the
broadband source noise and ambient noise, respectively.

TABLE 11
SIGNAL PARAMETERS

Parameter Values  Description

SL (dB) [176, 172, 174]  Source levels of each harmonic
f (Hz) [45, 70, 800]  Frequencies of each harmonic
¢ (rad) [-112, -151, 86]  Phases of each harmonic
SLn, (dB) 90  Broadband source noise level
SLy,, (dB) 80  Broadband ambient noise level

For reasons of computational efficiency over a large number
of scenarios, the results in this paper were generated using
straight line propagation to generate signal attenuation charac-
teristics. However, we also tested it on a smaller set of example
scenarios using an industry standard acoustic propagation
model (Bellhop [24], [25]) and the results were consistent. In
these tests, the bathymetry was uniform and the sound speed
in the water column was calculated using the Munk sound
speed profile [26], with a maximum depth of 5 kilometres.

Using straight line propagation we are able to efficiently
compute transmission loss and signal propagation time —
key parameters that we integrate into our signal model. The
propagation time is calculated as:

(22)

T=—,
c



where d is the Euclidean distance between the source and
receiver, and c is the speed of sound obtained from the
Munk sound speed profile at the depth of the submarine. The
transmission loss, incorporating attenuation due to absorption,
is calculated under the assumption of geometric spreading:

1000’

where « is the attenuation factor.

The signal received by the sensor array undergoes beam-
forming, a process that spatially filters the acoustic signals to
enhance the SNR from the desired direction. This technique
involves combining the signals received at multiple sensors in
the array in such a way that signals from a specific direction
are constructively added [27]. A delay-and-sum beamformer is
used in this example. We then compute the directional power
across the beamformed output to identify areas of interest.
The direction exhibiting the maximum power is then extracted
and considered as the measurement, representing the relative
bearing of the sound source.

VI. RESULTS

We trained 5 seeds for 1 million time steps each. Figure
1 shows the mean reward of each agent during training. The
reward increases rapidly during the initial 100 thousand time
steps, then plateaus as the agent becomes more confident
in its environment. By exploring various actions, the agent
identifies and exploits those yielding higher rewards, leading
to early gains such as those that easily localise the source.
Continued improvement then occurs as the agent also learns
to avoid collisions with the surveillance boundaries and the
estimated source position. While this behavior is effective,
it has the downside of potentially leading to overfitting to
early training scenarios, resulting in high initial rewards but
poor generalisation to new situations later. Fluctuations can be
explained by the agent’s exploration and the variance in the
particle filter. As the agent becomes more confident, it shifts
from exploration to exploitation, indicated by the convergence
during the final time steps.

—— Seed 48
Seed 61
Seed 83
Seed 132
Seed 912

o
o

0 200K 400K 600K

Time step

800K ™

Fig. 1. Mean reward of each agent over 1 million time steps. The raw data is
shown with shaded lines, while the smoothed data, obtained using exponential
weighted moving average, is depicted with bold lines.

Explained Variance (EV), shown in Figure 2 is a measure
of how much of the original variance can be explained by
the model, allowing us to evaluate the performance of the
policy evaluations. EV ranges from -1 to 1, where a value of
1 indicates perfect prediction in explaining the variability in
the target variable, 0 indicates the model’s predictions perform
no better than the mean of the observed values resulting in
performance appearing random, and negative values indicating
worse than random. It is computed as:

Var(Y =)

BV(Y.Y) =1~ Var(Y)

; (24)
where Y is the actual reward and Y is the predicted reward.
Here, Var represents the variance. Thus Var(Y —Y) is the
variance of the prediction errors and Var(Y') is the variance
of the actual reward.

1.0
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~ o o
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Fig. 2. Explained variance for each of the 5 trained seeds over 1 million time
steps, shown with raw data (shaded) and smoothed data (bold).

We observe that the seeds converge at approximately 0.8,
suggesting that a significant proportion of the variance can be
explained by the model.

As a visual example of the agent’s actions during an episode,
we will consider a scenario where the agent starts in the
upper-right quadrant of the surveillance area, while the source
will follow a straight line trajectory. We can first see at time
step 1 in Figure 3, after a single measurement, how the
directional ambiguity results in two clusters formed around the
hypotheses. As the agent changes its course, the directional
ambiguity is resolved by the particle filter and the number
of possible hypotheses reduces to one. This can be seen at
time step 50. The distribution of particles is elongated due
to bearing-only measurements. In order to better localise the
source, the agent moves closer to the source, increasing the
changes in bearing angle (often referred to as bearing rate).
This behaviour is demonstrated at time step 100. The cluster
of particles becomes smaller, representing the improvement in
uncertainty and indicating a more precise estimation of the
source’s location. We can see that the agent’s motion exhibits
zigzag-like behaviour to improve the estimation of the range.



This motion is visually similar to that of Ekelund ranging,
which is a manual TMA technique to calculate the range of a
target by estimating bearing rates and speed of advance [28].
Over the remaining time steps during the episode, the source
remains localised.

The evolution of the scenario can be quantified by monitor-
ing the estimated bearing and range and calculating the radial
error, as illustrated in Figure 4.
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Fig. 4. Top: Bearings relative to the agent’s heading (true, estimated,

measured). Middle: Estimated vs. true range between agent and source.
Bottom: Radial error between estimated and true positions.

Bearings are shown relative to the agent’s heading. In the
depicted scenario, the source remains on the port side of
the agent, resulting in consistently positive bearings. Due to
minimal noise in the received signal from the source, the
measurements are accurate, as are the estimated bearings.

Given that we are dealing with bearings-only measurements,
the difference between the true range and the estimated range
remains large until the particle filter eventually converges at
approximately time step 80. The convergence occurs rapidly
as the agent approaches the source, driven by the increasing
bearing rate.

The estimation error is quantified by the radial error, reflect-
ing the difference between the true and estimated positions
of the source. Since performance hinges on accurate range
estimation, the error pattern mirrors the range estimation error.
Initially, the error increases as the agent faces the source
directly, reducing port-starboard discrimination and increasing
uncertainty. When the agent is broadside to the source, the
particle filter converges, reducing the error. The slight increase
in error in the final time steps is due to the agent moving away
from the source.
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Fig. 3. Evolution of the scenario over time, illustrating the sensor array,
source, source estimate and particle distributions at four distinct time steps.



VII. CONCLUSION

In this paper, we have deployed a state-of-the-art reinforce-
ment learning algorithm in a simplified underwater environ-
ment to control a passive towed array sonar system, with
the objective of tracking a moving source whilst maintaining
desirable operating procedures. Our results show convergence
to an optimal policy given a sparse reward structure, utilising
invalid action masking to improve convergence time and
promote practical behaviour. We have considered challenges
such as directional ambiguity inherent in the sonar system and
have shown that reinforcement learning, in collaboration with
an efficient particle filtering method, can learn an effective and
sensible policy. We have also accounted for transmission loss
in underwater acoustic propagation and implemented a signal
processing chain to more accurately reflect sonar operations.

In this work, we explored proximal policy optimisation
and observed promising results. Future research will ex-
tend to Bayesian reinforcement learning, which incorporates
uncertainty into the learning process and decision-making
[29]. This approach enhances adaptability and robustness in
complex, dynamic environments, enabling better navigation
and reasoning within complex and dynamic environments.
Additionally, improving the reward structure to provide more
frequent feedback could help the agent to discover strategies
that better generalise to new scenarios.

Our aim is to introduce greater complexity into the simu-
lation by incorporating clutter, multiple targets, and a three-
dimensional state-space. Evaluating our methods in environ-
ments with clutter will help us assess their robustness under
more realistic and challenging conditions. The inclusion of
multiple targets will enable us to test and refine our algorithms
for scenarios involving target discrimination and association.
Expanding to a three-dimensional state-space will enhance the
realism of our simulations, allowing us to explore underwater
applications where both the source and receiver vary with
depth. Recent developments in three-dimensional bearings-
only target motion analysis (TMA), such as those in [30],
incorporate both azimuth and elevation to improve tracking
performance. These advancements will provide a more com-
prehensive evaluation of our approach and pave the way for
its application in a wider range of operational scenarios.
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