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Underwater acoustic networks enable critical applications including environmental
monitoring, offshore infrastructure inspection, maritime security, and Autonomous
Underwater Vehicle (AUV) operations. Their design, however, is fundamentally constrained
by the acoustic propagation environment, characterized by severe bandwidth limitations,
long and variable delays, strong Doppler effects, complex multipath, non-Gaussian noise,
and the absence of widely accepted statistical channel models. These challenges significantly
limit the effectiveness of traditional model-driven approaches. In terrestrial Radio Frequency
(RF) systems, Artificial Intelligence (AI) has successfully enabled data-driven inference and
control across the protocol stack. Motivated by these advances, recent work has begun
exploring Al-driven underwater acoustic communications, yet adoption remains limited due
to strong non-stationarity and environmental dependence. Using motivating examples based
on real underwater data, we show that learned models exhibit limited generalization across
environments. This paper presents a research roadmap toward Al-enabled autonomous
underwater acoustic networks and sensing applications, identifying key challenges and
outlining directions for robust, adaptive inference and control under stringent energy,
computational, and environmental constraints.
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1. INTRODUCTION

Artificial Intelligence (AI) has emerged as a foundational technology reshaping the design,
operation, and optimization of modern communication networks. By enabling systems
to learn directly from data generated across multiple layers of the protocol stack, Al
offers a powerful alternative to traditional model-based approaches, which often rely on
closed-form analytical models that fail to capture the full complexity, non-stationarity,
and heterogeneity of real-world network dynamics. Instead, data-driven methods offer
adaptive, context-aware solutions capable of performing complex inference, prediction,
and control tasks with increased flexibility and robustness. This paradigm shift is
fundamentally redefining how communication networks are designed, from static, pre-
engineered systems to adaptive platforms capable of autonomous operation in highly
dynamic and uncertain environments.

Building on these capabilities, Al has been successfully adopted across a broad range
of classification, prediction, and control tasks in RF wireless networking systems. Data-
driven techniques have been applied throughout the protocol stack, enabling spectrum
usage identification, signal and modulation classification, and device identification at
the physical layer, including deep learning approaches for radio fingerprinting [1, 2,
3, 4, 5] and physical-layer feature extraction [6, 7]. In higher layers, Al has been used
for traffic profiling and demand inference [8], as well as the prediction of user mobility,
beamforming patterns, and traffic dynamics [9, 10, 11].
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Beyond inference, Al has also demonstrated strong po-
tential as a control mechanism, supporting adaptive load
balancing, scheduling, and radio resource management
strategies [12, 13]. Only a limited number of studies
have begun to explore Al-driven solutions specifically
tailored to underwater acoustic communications. Among
these, real-time deep learning approaches for underwater
acoustic spectrum sensing and modulation classification
have been proposed that leverage convolutional neural
networks to localize and identify physical-layer protocols
directly from raw I/Q samples [14, 15].

These early efforts highlight both the promise of Al in the
underwater domain and the substantial gap that remains
relative to the maturity achieved in terrestrial RF systems.

This imbalance is not due to a lack of opportunity, but
rather to fundamental structural differences between un-
derwater networks and their terrestrial RF counterparts.

These differences arise not only from distinct propaga-
tion physics, but also from the absence of universally
accepted statistical channel models applicable across di-
verse environments. While RF communication benefits
from standardized and widely validated fading mod-
els that support reproducible and transferable system
design, underwater acoustic channels remain strongly
environment-dependent and difficult to generalize across
locations and conditions [16, 17, 18].

These limitations suggest that future underwater com-
munication systems must move beyond static, model-
driven designs toward architectures capable of adapting
to highly dynamic channel conditions and operational en-
vironments. Achieving this level of adaptability requires
mechanisms that can extract actionable information di-
rectly from observed signals and environmental measure-
ments. In this context, artificial intelligence provides a
powerful framework for enabling data-driven inference,
adaptive control, and intelligent decision-making across
multiple layers of the underwater communication stack.

1.1 Motivation and contributions

In this context, Al can provide the foundational tools
required to design, develop, and prototype the next gen-
eration of underwater communication transceivers and
networking systems. At the physical layer, Al-driven
techniques can be used to continuously monitor the
acoustic spectrum, detect and classify incoming signals,
infer their bandwidth and modulation characteristics,
and enable robust decoding under severe channel im-
pairments. Beyond inference, Al can support adaptive
control of transmission operations by dynamically adjust-
ing key parameters in response to time-varying channel
conditions, topology, and traffic patterns. These include

the selection of Modulation and Coding Schemes (MCS),
transmission bandwidth and power, pilot placement, as
well as higher-layer decisions such as routing and re-
source allocation. By tightly integrating inference and
control across layers, Al-enabled systems can move be-
yond inflexible, preconfigured designs toward flexible
and autonomous underwater networks capable of learn-
ing from, and adapting to, the environments in which
they operate.

The goal of this paper is to identify and systematically
analyze the key challenges and opportunities associated
with the use of Artificial Intelligence (AI) in underwater
acoustic communication and networking systems, and to
articulate a research roadmap toward the realization of
Al-enabled autonomous underwater networks. To this
end, we first examine the fundamental characteristics of
the underwater environment that distinguish it from ter-
restrial wireless systems and impose unique constraints
on learning-based solutions. We then review and synthe-
size existing work on Al for underwater communications
and networking, highlighting both successful applica-
tions and current limitations. Finally, we outline a set of
promising use cases and open research directions where
Al-driven inference, prediction, and control can play a
transformative role in enabling more adaptive, efficient,
and resilient underwater networking systems.

The remainder of this paper is organized as follows.
Section 2 provides technical background on deep learning
and underwater communications. Section 3 introduces
the proposed architectural framework. Section 4 reviews
the key challenges and characteristics of underwater
acoustic environments. Section 5 presents Al-driven
inference and control mechanisms across the protocol
stack. Section 6 illustrates representative application
scenarios and case studies. Section 7 discusses open
challenges in enabling underwater Al Finally, Section
8 concludes the paper and outlines directions for future
research.

2. TECHNICAL BACKGROUND

2.1 Deep learning

Deep Learning (DL) techniques have been widely used
in computer vision, speech processing, and natural lan-
guage processing due to their ability to learn complex
mappings between inputs and outputs directly from
data [2, 3]. DL utilizes parameterized models, typically
composed of multiple layers of neural networks, that
approximate nonlinear relationships through learned nu-
merical weights. These models are trained by optimizing
a loss function using gradient-based methods such as
backpropagation.
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Figure 1 - Al-enabled inference applications in underwater wireless communications

Depending on the application, learning can occur under
different paradigms, including supervised, unsupervised,
and reinforcement learning. Supervised learning relies
on labeled datasets in which the model learns to map
inputs to known outputs. In contrast, unsupervised learn-
ing extracts patterns or structure from unlabeled data
through objectives such as clustering or representation
learning.

Reinforcement Learning (RL), and its deep learning vari-
ant Deep Reinforcement Learning (DRL), address sequen-
tial decision-making problems where an agent interacts
with an environment and learns policies that maximize
long-term rewards [19]. DRL combines neural networks
with reinforcement learning to enable decision-making
in complex environments with high-dimensional obser-
vations.

2.2 Deep learning for RF wireless communi-
cations

Recently, DL and DRL have gained increasing attention
in the wireless networking community due to their abil-
ity to support both inference and control tasks [19, 20].
From classifying physical layer characteristics to allocat-
ing network resources, DL and DRL have proven highly
conformable to the RF domain [20]. For wireless com-
munications, the inputs to the parameterized models can
take on many shapes. Generally the inputs to the models

are some representation of the wireless environment or
channel (e.g., raw IQ samples, power spectral density,
network requests, etc.) that map to outputs representing
aspects of the channel or the transmitted signal for classi-
fication tasks (e.g., modulation, coding, device identifier,
etc.) or actions to be taken by devices for control tasks
(e.g., network resources to allocate, modulation to trans-
mit, frequency to use, etc.). A more in depth survey of the
current applications of DL in wireless communications
and networking can be found in [20, 21].

2.3 Underwater wireless communications

Even though the Underwater Wireless Communications
(UWC) have common features, which are already present
in the RF domain, it is clear that the UWC presents many
unique aspects and challenges that can be addressed with
data-driven DL algorithms. This section summarizes
these unique aspects and challenges that should inspire
novel research on the use of DL for UWC.

- Acoustic Waves for Communication. A wireless commu-
nications area is dominated by the usage of RF waves
for terrestrial, cellular or sensor networks. However, RF
waves suffer from high attenuation underwater, where
long range communication can only be achieved with
very low frequency (30-300 Hz) transmission, which re-
quires large antennas and high transmission power while
also impacting the data rate severely. Optical commu-
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nication is an alternative to RF signals but alignment
requirements and medium communication range pro-
hibits this modality to be commonly used. Thus, acoustic
wireless communication is the dominantly used modality
for underwater wireless communication, mainly because
of its low attenuation and long range signal transmis-
sion [18]. However, the Underwater Acoustic (UW-A)
channel poses formidable challenges that are usually not
present in any other modality. High path loss, colored
noise, multipath, Doppler spread, and long propagation
delays are some of these effects which characterizes this
bandwidth limited, temporally and spatially varying
communication channel.

- No Accurate Channel Model. Unlike in the RF domain
where a number of models for both the probability dis-
tribution (e.g., Rayleigh fading) and the power spectral
density of the fading process (e.g., the Jakes” model) are
well-accepted and even standardized, as of today there
is no consensus on statistical characterization of acous-
tic communication channels. Indeed, current models
involve experimental measurements that are often made
to assess the statistical properties of the channel in a par-
ticular deployment site at a particular time frame which
limits their ability to generalize due to the space and time
variability of the UW-A channel. Overall, the absence of
accurate channel models significantly complicates the de-
sign of optimal communication systems and algorithms
based on traditional block-based design principles [22].

- Scarcity of Spectrum Resources. Unlike in RF-based ter-
restrial communication systems where tens or even hun-
dreds of MHz bandwidths per user and tens of GHz of
total bandwidth are available and even standardized, in
underwater acoustic communication channel available
spectrum resources are exceedingly scarce. Underwater
communication systems operating over long-range links
(i.e., 10 - 100 km) may have available bandwidths of only
a few kHz, while systems operating over medium-range
links (i.e., 1 - 10 km) and over short range links (i.e., 0.1 -
1 km) have available bandwidths of on the order of 10
kHz and few tens of kHz, respectively. Only systems
operating over very short-range links (less than 100 m)
may have more than a 100 kHz of bandwidth [18].

- Lack of Spectrum Regulations. One of the unique aspects of
underwater communications is the lack of regulation of
underwater acoustic spectrum. Unlike the RF spectrum,
underwater devices do not require licenses to operate at
certain underwater acoustic spectrum bands. There is no
spectrum allocation plan or power limitations, therefore
underwater nodes can utilize any portion or the entire
spectrum at any time with virtually unlimited transmit
power levels. In addition to the lack of frequency alloca-
tion regulations, the spectrum is not exclusively used for
communication links and various scientific and maritime
applications. These applications utilize the underwater
acoustic medium and are used in seismology, profiling,

navigation, and marine biology areas. Apart from these
applications, marine life also uses certain parts of the
spectrum. For instance, some marine mammals emit
sounds for navigation and communication while some
species generate noise. The coexistence of these users
results in an unpredictable environment for communica-
tion links, where spectrum resources are, may experience
strong interference both in frequency and time.

3. TOWARD INTELLIGENT UNDERWATER
ACOUSTIC SYSTEMS

Al-driven underwater systems blend sensing, inference,
communication, and adaptive control into a cohesive
processing architecture capable of operating under the
challenging characteristics of underwater acoustic propa-
gation. Unlike traditional pipelines, typically built upon
fixed model assumptions and manually tuned Digital
Signal Processing (DSP) blocks, Al-enabled platforms
exploit learned representations that can generalize across
deployments, hardware variations, and environmental
conditions. These capabilities enable underwater systems
to extract structure from complex acoustic observations,
infer operational context, achieve situational awareness
of the surrounding environment, and adapt communica-
tion strategies and system configurations in real time.

Al-enabled underwater applications can be categorized
based on their functional role within the system. Specif-
ically, we distinguish between inference functions that
focus on extracting semantic or physical information
from acoustic observations, control functions that adapt
system parameters and operational behavior based on
available information, and joint inference—control func-
tions in which perception and adaptation are tightly cou-
pled through closed-loop operation. This categorization
provides a conceptual framework for the architectural
views and application examples discussed throughout
this section. The applications summarized in Table 1 are
representative of those examined in this paper and are
not intended to be exhaustive.

Fig. 2 illustrates the sensing and perceptual front end
of an intelligent underwater system, summarizing the
acoustic sources and environmental factors that must be
captured and interpreted. These include marine mam-
mals, surface and underwater vessels, Unmanned Un-
derwater Vehicles (UUVs), anthropogenic activities, and
communication waveforms transmitted by nearby nodes.
All such sources are embedded within an acoustic field
shaped by Doppler shifts, multipath propagation, and
non-stationary noise, which collectively influence the
structure and reliability of the received waveform. The
figure highlights how the DSP front end of platforms
such as HydroNet Nexus, a software-defined modem and
edge platform [36], receives raw acoustic signals and
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Table 1 - Data-driven underwater acoustic applications, organized by functional role and system layer.
Note: The learning methods listed represent examples used in the referenced work and are not exhaustive.

Domain Type Layer Application Learning Tool Ref
Spectrum sensing DL (CNN, autoencoder, multi- [14, 23]
modal feature learning)
Inference PHY . ..
g Modulation recognition DL (RNN, CNN) [15, 24]
% Doppler estimation / tracking DL, Machine Learning (ML- [25,26]
é’ based)
g Channel estimation DL [27, 28]
§ Modulation and coding selection DL, Reinforcement Learning [29]
PHY Pilot design / placement Reinforcement Learning [30]
Control Power control DL [31]
Adaptive TX/RX pair DL, Reinforcement Learning [29, 15,
24]
MAC Medium access control Reinforcement Learning [32]
Marine mammal detection / clas- DL [33]
=y sification
% Inference  APP Vessel detection and classifica- DL [34, 35]
A

tion

converts them into suitable signal representations, such
as spectrograms, wavelet coefficients, or time-domain IQ
sequences, that preserve the temporal-spectral charac-
teristics required for both sensing and communication
tasks and then applies necessary Al inference and control
algorithms at the edge.

These representations expose discriminative patterns in
the waveform that drive the neural inference process,
enabling the system to associate observed patterns with
corresponding acoustic sources, generate characteristic
signatures, or inform decisions on subsequent actions
aimed at improving overall system performance. Deep
models based on convolutional, recurrent, or transformer
architectures, among others, operate on these represen-
tations to learn compact feature embeddings that allow
HydroNet Al to disentangle overlapping acoustic sources,
recognize event signatures, and infer contextual infor-
mation about the surrounding environment. Beyond
supporting high-level semantic outputs such as detection
and classification, these learned embeddings also serve
as internal features that guide adaptive communication
functions at the physical layer and, when applicable, at
higher layers.

Fig. 3 extends this architectural view to a broader land-
scape of Al-enabled underwater applications, illustrating
how learned representations support a wide range of

sensing and communication functions. Building upon
reliable event detection and representative datasets, Al-
powered underwater systems enable sensing applications
that are well established in underwater acoustics, includ-
ing marine mammal detection and species classification,
vessel detection and classification, UUV acoustic signa-
ture characterization, and monitoring of anthropogenic
activities such as shipping and pile-driving operations.
While some of these applications have traditionally relied
on handcrafted signal processing pipelines, others remain
challenging due to environmental variability and lim-
ited generalization across deployment conditions. Data-
driven approaches provide a path toward more robust
and scalable realizations by learning acoustic structure
directly from observations, allowing systems to interpret
complex and non-stationary underwater soundscapes
across diverse environments.

At the physical layer, Al enables adaptive transmitter and
receiver architectures capable of coping with the highly
time-varying nature of underwater acoustic channels,
where accurate analytical models are often unavailable.
Data-driven methods for tasks such as channel estimation,
Doppler compensation, and equalization learn channel
characteristics directly from observations and can sup-
port adaptive communication strategies including modu-
lation, coding, and waveform selection. At higher layers,
Al can also assist network coordination by leveraging
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Figure 2 — Al-enabled sensing and communication front end of an
underwater system. The figure illustrates representative sensing targets
and acoustic sources, environmental effects shaping the received signal,
and an Al-driven edge platform capable of joint sensing, inference,
decision-making, and adaptive communication.

locally inferred channel and link information to support
routing and other network-level decisions. Detailed
examples of joint inference—control mechanisms are dis-
cussed later in Section 6. A central challenge underlying
these capabilities is generalization across environments.
To address this, Al-based techniques such as transfer
learning, domain adaptation, self-supervised representa-
tion learning, and continual adaptation enable models to
recalibrate using limited or unlabeled data collected in
new deployments.

Figures 2 and 3 illustrate a unified learning-driven ar-
chitecture where sensing, inference, and adaptive com-
munication co-evolve. In this framework, the HydroNet
Nexus modem acts as an intelligent processing unit that
interprets the acoustic environment, adapts transmitter
and receiver configurations, and enables reliable com-
munication under dynamic underwater conditions while
supporting edge Al analytics for inference and control.
This approach marks a shift from rigid model-based
pipelines to data-driven underwater communication sys-
tems capable of resilient operation across diverse mis-
sions. The following sections explore applications in
inference and control and present a case study of joint
inference—control operation.

4. APPLICATIONS IN INFERENCE

4.1 Spectrum sensing

As detailed in Section 2.3, UW-A channel spectrum is
scarce and can most times experience strong interference

due to number of man-made and natural noise sources
that are frequency-dependent and may vary based on the
location and time. Moreover, the spectrum access is not
under regulation for frequency bands, which means users
can access any part of the spectrum at any time with any
transmission power level. In practice, some nodes such
as battery-powered sensors may use little transmit power
as they use energy sparingly to prolong their lifetimes
while some others like SONAR systems on commercial
vessels may transmit narrow-band signals with orders
of magnitude more transmission power causing severe
interference.

In the case of communication networks, centralized
scheduling is uncommon since large delay spreads make
time synchronization very challenging. Unlike the RF
spectrum, the underwater acoustic spectrum can be un-
predictable due to a variety of noise and interference
sources that are dependent on environment and time.
Usually, in underwater channels transmissions are spaced
apart in time due to synchronization and delay spread
constraints and may even appear infrequent compared
to the RF channels. Unlike spectrum sensing in the RF
domain, detection latency is not crucial in this setting. Al-
enabled underwater nodes can sense the spectrum and
adapt to the dynamic environment to determine the set of
spectrum resources that satisfy the link requirements [14,
23].

4.2 Modulation recognition

Similar to spectrum sensing, modulation recognition for
underwater acoustic communications can be a crucial
feature for efficient and adaptive communication. Due to
high delay spread and low bit rate capability, decreasing
the header length or avoiding a handshake mechanism
can be accomplished with the help of Al-enabled mod-
ulation recognition. By eliminating the usage of infor-
mation that does not contain actual data, the data rate
can be increased. Additionally, automatic modulation
recognition systems can be used to design polymorphic
receivers. In this approach, the transmitter can send
information bits without requiring acknowledgments us-
ing multiple modulation schemes and randomly varying
packet parameters, making it significantly more difficult
to eavesdrop on the communication channel.

Recently, several studies have been presented for modu-
lation recognition using Al, which mostly exploits Convo-
lutional Neural Networks (CNN) and Long Short-Term
Memory (LSTM) network structures for automatic mod-
ulation recognition at the receiver chain [37, 38, 39, 40, 14,
15]. However, implementation of real-time Al-enabled
automatic modulation recognition systems, feasible on
computational complexity, energy efficiency, and adap-
tive to the time-varying channel conditions employed
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Figure 3 — Landscape examples of Al-enabled underwater applications and system capabilities.

Frequency (kHz)

(a) Spectrogram of the received signal

|0Empty s FSK = CSS s OFDM ||

|| [

| | |

= || I 1
3 ] i
g F || 1
= A i
= i (| |
R, |
6 6 |
4 I

20 i

0 i I ! | | 1 | ! | | 1 L JA

0 0.5 1 1.5 2

Time (s)

(b) Joint localizer and classifier output

Figure 4 - Illustrative example: real-time deep learning-based modulation classification and localization of underwater acoustic signals [14]

on underwater sensor, mobile or stationary nodes is still
an open challenge for underwater acoustic communica-
tion. Fig. 4 shows the results of underwater experiments
using two acoustic modems, where one modem acts as
the transmitter (Tx) and the Al-powered receiver (Rx)
classifies the received signal modulation and localizes
the channel indices and indices [14].

Another work [15] investigated the trade-off between
input size (i.e., the number of received IQ samples) to
the deep learning-based modulation classifier, where
smaller input sizes imply a more efficient system, and
overall classification performance. Fig.5 illustrates how
classification accuracy and overall system latency vary
with the input size. These results are based on real under-
water experiments conducted using Hydronet modems
deployed at the MArena testbed [41], as reported in [15].

4.3 Doppler estimation

An important physical layer limitation that affects under-
water acoustic communication systems is the Doppler
effect. The effect is caused by the relative motion between
the transmitter and receiver, and it is an inherent problem
for network nodes on mobile platforms such as underwa-
ter vehicles (ROVs or AUVs)[42, 43]. On the other hand,
anchored nodes experience unintentional motion as they
are not completely stationary and drift over time. In
addition to node mobility, environmental processes such
as waves can also affect propagation speed and paths.
The resulting relative motion causes frequency shifts
and spreading at the receiver. Relative motion in the
order of a few m/s can result in non-negligible frequency-
dependent distortion. The resulting signal suffers heavy
performance degradation without compensation, espe-
cially in multi-carrier communication systems.

Therefore, estimating and compensating for frequency
shift and spread caused by the Doppler effect is a critical
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dashed line indicates overall classification accuracy, highlighting the latency—performance trade-off on the Hydronet SDM-EP platform [36, 15]

challenge in the realization of high data rate communica-
tion systems in mobile settings. Conventional approaches
to Doppler compensation systems typically insert train-
ing signals into the packets to estimate the duration of the
packet at the receiver. From these estimations, time dila-
tion/compression is calculated in the form of the Doppler
scale factor for the received packet. Combined with
frequency offset detection methods, non-uniform and
uniform Doppler that result in spreading and shifting
effects on the signal are estimated at the receiver [44, 45].
The efficacy of compensation depends on the accuracy of
the estimates, and compensation algorithms are usually
computationally intensive.

Doppler estimation can be implemented with Al to im-
prove efficiency. Intentional motion of mobile platforms
such as AUVs can be characterized in real time with
trajectory tracking. This information can then be used to
improve accuracy in the estimation phase in a closed-loop
feedback system. Similarly, channel utilization can be
improved by reducing the overhead used for Doppler
estimation.

5. APPLICATIONS IN CONTROL

5.1  Modulation and coding

A typical problem in underwater networking is dynam-
ical adaptation of the Modulation and Coding Scheme

©lnternational Telecommunication Union, 2026

(MCS) to reduce the BER under varying SNR conditions
[46]. In this context, Al can play a major role as a practical
tool to ensure reliable and high performance commu-
nications by, for example, using a DRL agent capable
of dynamically computing the optimal MCS that maxi-
mizes a set of performance metrics under varying channel
conditions and changing performance requirements.

In time-varying wireless communication channels, adap-
tive communication schemes are conventionally used
to achieve maximum throughput for changing channel
conditions. The majority of currently available adaptive
modulation schemes, however, heavily rely on feedback
mechanisms which, due to the increased latency and
overhead, have a detrimental effect on the performance
of the acoustic communication systems. Moreover, due
to the high delay spread, channel state information fed
back from the receiver can rapidly become obsolete by
the time it reaches the transmitter node, thus resulting in
inaccurate channel measurements. In this context, there
is an increasing need for solutions capable of recognizing
modulations at the receiver side and adapting MCS at
the transmitted side without any feedback mechanism in
place, which is where Al can play a huge role in paving
the way towards next-generation high-throughput and
low-latency underwater acoustic networks.

Future research efforts should be targeted at designing
zero-feedback DRL-based solutions that are capable of
adapting MCS in real time while ensuring high perfor-
mance and energy efficiency, as well aslow computational
complexity.
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5.2 Pilot design

Channel estimation and equalization is one of the most
critical challenges in underwater networks. Recently,
pilot-assisted estimation and equalization techniques
for underwater communications, especially in Orthogo-
nal Frequency Division Multiplexing (OFDM) systems
[30], have gained increasing momentum. By leveraging
DRL and generative learning techniques, it is possible to
develop data-driven adaptive pilot schemes where the
amount of pilot symbols and their location in frequency
is updated on a packet or frame basis. This adaptive form
of pilot allocation, as opposed to static pilot allocation,
can help avoid highly chaotic frequency selective inter-
ference, as well as increase resiliency as the underwater
channel becomes worse. Moving pilots to avoid inter-
ference and increasing the number of pilots in poorer
channel conditions.

For example, a transmitter node may estimate the channel
and select the optimal pilot configuration for a specific
channel condition based on feedback from the receiving
node (e.g., throughput and error rate measurements).
Indeed, pilots require a certain level of coordination be-
tween transmitter and receiver such that the latter can
detect their location and number. In this context, such
coordination can be achieved by either (i) allowing the
transmitter to choose from a limited pool of pre-shared
pilot configurations known to both the transmitter and
receiver; or (ii) using deep learning techniques capable
of classifying packet structures that identify and charac-
terize pilots. For example, a practical approach is that of
using a neural network to determine which I/Qs belong
to preambles and which correspond to payload data or
pilots.

5.3 Medium access control

Due to the large delay spread and channel variability,
scheduling and Medium Access Control (MAC) in the
underwater network poses a much greater challenge than
in the RF domain. For instance, Carrier-Sense Multiple
Access (CSMA)-based MAC protocols, which are widely
used in RF systems, may sense the channel as idle while
a transmission is ongoing, as the signal may not have
reached the receiver yet due to the large propagation
delay. On the other hand, ALOHA or Time-Division
Multiple Access (TDMA) based protocols can only offer
limited channel utilization and consequently reduced
throughput.

On the contrary, Al techniques can offer a paradigm shift
in the design of medium access control mechanisms.

By utilizing deep learning mechanisms such as DRL,
adaptive or dynamic MAC, strategies can be developed
based on observed channel conditions and network states.
Recent work has explored DRL-based approaches for
wireless networking and resource allocation, demonstrat-
ing the potential of learning-based protocols to optimize
spectrum access and transmission scheduling in dynamic
environments [19, 47]. Unlike traditional MAC protocols
that rely on predefined models or static channel assump-
tions, learning-based approaches can adapt their poli-
cies through interaction with the environment, enabling
improved robustness under uncertain or time-varying
channel conditions. Developing environment-adaptive
control mechanisms suitable for ad hoc deployments is
particularly important for underwater networks, where
node mobility, intermittent connectivity, and limited
prior channel knowledge make traditional protocol de-
sign challenging.

To this end, mechanisms that rely on distributed MAC
solutions (as opposed to centralized schedulers) may be
easier to integrate with Al-enabled control mechanisms,
particularly when considering feedback-based learning
approaches such as DRL. Recent work on distributed un-
derwater robotic systems and multi-AUV coordination
highlights the importance of decentralized communica-
tion and control architectures [48, 49].This is because
feedback may not be easily achieved in the underwater
setting, especially if the wrong scheduling or control ac-
tion is taken, which may result in a complete link loss or
packet drop. Indeed, a centralized solution with a unique
node providing feedback to multiple nodes introduces
a unique point of failure that can prevent the proper
execution of networking functionalities, especially in the
case of link failures and lost packets. So focusing on more
distributed Al-enabled MAC topologies may be easier
to establish in the underwater channel and have higher
resilience to chaotic channel conditions.

5.4 Power control and relay

Long-distance underwater communications will gener-
ally require optimization of power control and relay
mechanisms. Due to the high absorption of acoustic sig-
nals by water over large distances and the limited battery
power of nodes, maximizing SNR and minimizing com-
munication distance are heavily constrained. The energy
limitation for underwater networks, as it, determines the
lifetime. Depending on the topology, depleted nodes
may result in premature loss of network connectivity, and
therefore, lifetime is a crucial metric for routing protocols.
By using deep reinforcement learning, nodes can tweak
their transmission powers and, subsequently, their relay
paths based on their interactions or changes with their
environment while keeping battery constraints in mind.
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In practice, these techniques are required to be lightweight
in the sense that full network awareness (or network
topology) will not fully be known or even available in
many cases. Therefore, much of the challenge in effec-
tively deploying power control/relay control agents will
be in minimizing the overhead of the deep reinforcement
learning feedback or reward system to allow the node to
change with its environment. Future work should focus
not only on high-performing DRL agents in this space
but feedback protocols that are conducive to a DRL agent
and consider DRL agents as a natural part of the TX/RX
chain.

Energy efficiency of underwater acoustic communication
systems can also be increased with recognizing the mod-
ulation at the receiver side without supplying any header
information. Compared to traditional RF wireless de-
vices, underwater modems consume much more energy
for transmission in order to maintain long distance com-
munication. Instead of the traditional energy consump-
tion structure Er > Ex = E; > Ep, where Er, Eg, E; and
Ep represent the energy consumption for transmitting,
receiving, idle listening and processing respectively, the
energy consumption structure in underwater communi-
cation system can be represented as Et >> Eg = E; > Ep
[50]. Also due to the fact that underwater modems are
battery powered devices with limited energy storage
and hardly accessible (deep ocean, remote location de-
ployments) for recharging or switching batteries, energy
efficiency is a major performance parameter for these
systems. Hence, reception and idle listening is a more
energy efficient task to operate for power constrained
underwater devices. Even with the implementation of en-
ergy harvesting mechanisms or Al-enabled modulation
recognition capable wake-up receiver structures, under-
water sensor nodes can potentially operate as battery-less
platforms [51]. In such architectures, lightweight infer-
ence models executed on ultra-low-power hardware can
enable event-driven activation of the main communica-
tion and processing subsystems, significantly reducing
idle listening and energy consumption. This approach
highlights the importance of designing energy-efficient
Al mechanisms tailored for resource-constrained under-
water sensing platforms[52].

6. CASE STUDY: JOINT INFERENCE AND
CONTROL

This case study illustrates how inference and control
operate jointly within an Al-enabled underwater com-
munication system. We consider a representative deploy-
ment scenario in which multiple underwater nodes per-
form local acoustic sensing and inference while adapting
their transmission and reception strategies in response to
changing channel conditions and environmental dynam-
ics. The objective is to demonstrate how the architectural

Figure 6 - CQT representation of a North Atlantic Right Whale (NARW)
vocalization, illustrating characteristic spectral-temporal structure.

principles discussed earlier can be realized in practice,
rather than to provide a comprehensive performance
benchmark.

6.1 Marine mammal acoustic inference

Marine mammal acoustic inference is a challenging prob-
lem due to the diversity of vocalization patterns and
the highly variable underwater environment in which
they are produced and recorded. Vocalizations differ
significantly across species and behaviors, and are of-
ten corrupted by environmental noise and interference
from other natural and anthropogenic sources. Reliable
classification of these signals is nevertheless important
for applications such as species monitoring, behavioral
analysis, and assessing the impact of human activities on
marine ecosystems.

Fig. 6 shows a representative Constant-Q Transform
(CQT) time—frequency representation of a North Atlantic
right whale (NARW) vocalization. The CQT provides
a compact description of spectral-temporal structure
across a wide frequency range, capturing harmonic struc-
ture and temporal-spectral patterns characteristic of this
species. While shown here for illustrative purposes,
such representations highlight the signal structure typi-
cally exploited for downstream inference tasks in marine
mammal monitoring.

The development and validation of marine mammal in-
ference methods are further complicated by challenges
associated with data availability and labeling. Widely-
used reference datasets, such as the Watkins Marine
Mammal Sound Database (WMMD) [53], provide valu-
able recordings spanning multiple decades and species,
but also exhibit variability in recording conditions, back-
ground noise, and class imbalance. In addition, some
species remain underrepresented, limiting the ability
to construct uniformly robust inference methods across
different environments and deployment scenarios.
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Figure 7 — Marine mammal acoustic inference results for a small
dataset of multi-class species classification. The confusion matrix is
obtained using a CNN-based classifier operating on time-frequency
representations of the acoustic signals.

Fig. 7 presents representative classification results ob-
tained for marine mammal acoustic inference using
spectral-temporal representations derived from the CQT.
In this implementation, the time—frequency inputs are
processed by a CNN classifier that extracts time—frequency
features and maps them to species labels through a fully
connected softmax classification head. The model is
trained using supervised learning with a cross-entropy
loss objective. The results demonstrate that meaning-
ful separation between classes can be achieved using
time—frequency structure alone, while also revealing sen-
sitivity to signal variability, environmental conditions,
and dataset composition.

Within the broader system architecture, this marine mam-
mal inference stage serves as a perceptual front end that
provides situational awareness of biologically relevant
acoustic activity. The inferred information can be used
to detect the presence of protected species and to trigger
appropriate system-level responses, such as modifying
operational behavior or enforcing mitigation measures
aimed at reducing disturbance to marine life. These
results are included to illustrate system capability rather
than to provide a comprehensive performance evaluation.
Additional data collection and broader experimental cov-
erage are required to obtain a more complete characteri-
zation of performance across species and environmental
conditions; nevertheless, the observed behavior indicates
a promising direction for integrated underwater sensing
and inference within the proposed system framework.

For the inference task, spectral-temporal representations
derived from the CQT are used as inputs to a CNN clas-
sifier. The network extracts hierarchical time—frequency
features from the input representation and feeds them
to a fully connected classification head with a softmax
output layer to perform multi-class species identification.
The model is trained using supervised learning with a
cross-entropy loss function, where labeled recordings
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Figure 8 — High-level conceptual diagram of adaptive transmitter and
receiver.

from the dataset are used to optimize the network param-
eters. This architecture provides a compact yet effective
approach for learning discriminative acoustic features
associated with different marine mammal vocalizations.

These results are included to illustrate the feasibility of
the proposed inference pipeline rather than to provide
a comprehensive benchmark comparison. A detailed
performance evaluation against alternative models and
larger datasets is left for future work.

6.2 Adaptive transmitter and receiver pair

Deep learning-assisted inference and control tasks de-
scribed in the previous sections can be integrated into an
adaptive communication scheme. The nodes use spec-
trum sensing for interference avoidance and discovering
high SNR regions to decide on the spectrum resources to
use. The transmitter can select the optimal modulation
and coding based on the perceived channel conditions
as trained. Whereas the receiver can identify this se-
lection from the incoming packet without the need for
an explicit header; Fig. 8 shows a high-level conceptual
diagram of the deployment. A similar mechanism can be
implemented for channel estimation with the use of adap-
tive pilot design techniques. If the transmitter expects a
severe multipath channel based on measurements and
feedback, the complexity of the pilots can be increased
to improve estimation accuracy and reduce packet loss.
Transmit power control complements these decisions to
further optimize the link performance.

Overall, these methods aim to sustain near optimal link
performance. In addition to increasing throughput, they
can also increase energy efficiency and reduce outage
probability and latency by preventing costly retransmis-
sions due to avoidable packet loss. Similarly, an excess
number of transmissions in the case of underutilized link
performance are avoided. Models can be further trained
to avoid or mitigate the effects of jamming.

This adaptive link structure can work with or without
feedback from the receiver. If a feedback link is present,
performance metrics such as signal-to-noise ratio or bit
error rate can be reported to the transmitter as a reward.
The inference tasks are not latency sensitive as they
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are in the RF domain. The signal bandwidths used in
acoustic channels are significantly narrow compared to
RF channels, thus a packet with a reasonable payload
size would last more than tens of milliseconds.

A sensor node may choose to defer transmission if chan-
nel conditions require the use of a low code rate along
with high transmission power. Instead, to preserve en-
ergy, it can wait and monitor the spectrum and transmit
the accumulated data with a higher rate scheme at an
instance when packet error probability is estimated to
be lower. If either intentional or unintentional platform
motion is detected at the transmitter, it can switch to a
Doppler-resistant physical layer scheme to retain a robust
communication link.

6.3 Al-based modulation classification exam-
ple

To illustrate the role of AlI-powered inference in under-
water communication systems, we consider a modula-
tion classification example using Orthogonal Frequency
Division Multiplexing (OFDM) and Orthogonal Time
Frequency Space (OTFS) waveforms collected from a real
underwater acoustic deployment using Hydronet Nexus
platforms [17]. Two Hydronet Nexus modems are used
as the transmitter and receiver. The transmitter oper-
ates under predefined configuration settings, while the
receiver captures and labels the corresponding signals
to build a dataset for training a deep learning model.
During operation, the pretrained model should run at the
receiver to infer the configuration of the incoming signal,
such as waveform type, bandwidth, and FFT size, and
automatically adjust the receiver parameters accordingly.

The experiments evaluate whether a classifier can infer
key transmission parameters, such as waveform type,
bandwidth, and FFT size, from only a limited portion of
the received payload. Two input lengths, 1024 and 1600
In-phase and Quadrature (IQ) samples, are evaluated.

Fig. 9 presents the confusion matrices for the Al-based

modulation classification example using two input lengths.

Increasing the observation window from 1024 to 1600 IQ
samples improves overall classification accuracy from ap-
proximately 91% to 96%, indicating that larger input seg-
ments capture more discriminative signal features within
a single deployment. However, even a well-performing
CNN classifier trained in one environment can experience
significant performance degradation when applied across
different underwater conditions. This generalization gap
highlights the challenges of deploying learning-based
receivers in dynamic underwater environments and un-
derscores the need for adaptive and environment-aware
Al-driven communication architectures.
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Figure 9 — Confusion matrices illustrating classification performance
across eight waveform categories defined by waveform type (OFDM or
OTFS) and bandwidths with FFT size fixed to 4096. Results are shown
using portions of the received payload waveform: (a) (top) input size
of 1024 1IQ samples; (b) (bottom) input size of 1600 IQ samples [15]

6.4 End-to-end Al enabled wireless system

In addition to utilizing Al to help automate individual as-
pects of the encoding or decoding process (i.e. block code
size, MCS, pilot design), there exists work in the RF do-
main to replace the entire encoding or decoding process
with deep learning [54, 55, 56]. This involves a model
at the transmitter that encodes m bits into k encoded
symbols and a model at the receiver that does the inverse
mapping. The advantage of such systems being the data-
driven approach allows for the adaptation of nodes to
their wireless channel rather than relying on assumed
channel models or channel statistics. This has a clear
advantage for the underwater domain as the channel is
ever-changing and consistent channel models are unavail-
able for the underwater domain. The challenge here lies
inback-propagation which is more difficult as the channel
is considered to be part of the DL model, therefore up-
dating the weights of the transmitter is not rudimentary
if the channel model is unknown. This incurs training
overhead which many works in the RF domain address
and something that underwater implementations would
need to make use of as well. Finding alternative ways to
update the gradients in the transmitter while jointly re-
ducing training overhead or deployment can prove very
effective in overcoming channel stochasticity, especially if
deployed in an online setting, as discussed in more detail
in Section 7.2. Fig. 10 illustrates a complete example of
an Al-based, real-time, end-to-end system deployment
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pipeline. While the example is instantiated for modu-
lation classification, the same processing pipeline can
be applied to a wide range of underwater applications,
including adaptive transmitter and receiver operation,
vessel detection and classification, among others. By
tailoring the underlying Al or deep learning models to
specific system requirements and available observations,
this architecture enables multiple inference and control
tasks to be supported within a unified framework.

7. OPEN CHALLENGES IN ENABLING UN-
DERWATER Al

7.1 Dataset generation

Dataset generation is a demanding task as it typically
requires a deployment setup with multiple vessels. The
process is time-consuming and costly and therefore ex-
isting research often utilize datasets collected in past

experiments. Although on-site dataset recordings are
authentic and provide the best experimental evaluation
method for Al models, it is impractical to record large
datasets that capture temporal variations at a wide range
of locations. Though not all networks require labeled
datasets, such as unsupervised networks, these can be
harder to train or give poor performance or generaliza-
tion.

Meaningful dataset generation poses as one of the most
crucial challenges in enabling underwater learning. More
specifically, curating datasets that not only utilize real
underwater signals, but which have high diversity or
generalization and can in turn lead to generalizing learn-
ing algorithms. Dataset generalization here means the
dataset contains signals gathered from a wide variety of
settings and parameters (i.e., locations, distances, scenar-
ios, signal-to-noise ratios). This is especially important
when considering inference tasks as they are trained us-
ing past data and new scenarios may cause classification
inaccuracies. Therefore, a community effort to curate
more datasets for underwater learning is critical.

However, it is clear to see that achieving generalization is
a largely time-encompassing task that may not be feasible
in underwater. For example one can approximate the
time, T it takes to collect a dataset of size N samples
with M IQs per sample and a sampling rate of f; for
training/testing as T = %’I In Table 2 we show the
difference in time it takes to collect datasets of the same
size in RF and underwater. We can see underwater
dataset collection is largely bottle-necked by the small
sampling rates. Therefore, there is a need to curate
datasets in a more intelligent manner, or utilize learning
algorithms designed for small imbalanced datasets. A
simple way to help DL algorithms deal with unknown
scenarios that are also indifferent to the classifier is by
collecting data for an "other" class. This means not only
collecting data for the classes of interest but also adding
an extra class that contains data representing useless
information. Generally, this involves collecting data from
the underwater channel during periods when no active
communication is present. The collected data therefore
contains ambient noise and interference typical of the
underwater environment, as well as other undesired
signals that may be present in the deployment area.

Table 2 — Duration of data collection for datasets of different sizes in
RF and underwater

# of #of RFTime(s) UW Time (s)
Dataset Samples 1Qs  f; =20MSps  f, = 200kSps
100,000 256 1.28 128
500,000 512 12.8 1280
1,000,000 1024 512 51,200
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Furthermore, data augmentation has some existing work
in the RF domain for dealing with sparse datasets and
can easily translate to the underwater realm. This can
involve a combination of recorded and augmented data.
For example, collecting a small "in the wild" dataset which
can be extended through augmentation techniques that
modify SNR, multipath, and interference. The advantage
here, is that the dataset is not entirely synthetic. Another
way of augmenting data is to train a DL model such as a
Generative Adversarial Network (GAN) to emulate or
mimic the underwater channel (think "deep fake" as it is
colloquially termed), as done in RF [57, 58]. This offers a
data-driven method of modeling the underwater channel
which can be used for generating new semi-augmented
datasets without the need for further deployment. The
drawback here is a sort of catch-22 as in order to train a
good channel emulator you need to generate a dataset
to train it initially. Another drawback is that the GAN
channel model will most likely be a good emulator of the
channel with which it was trained in, and not generalize
into completely different bodies of water.

7.2 Online learning

Online learning can enable constant learning and keep
Al-enabled underwater nodes adaptable to new envi-
ronments. This is an especially attractive quality as it
minimizes the need for large dataset collection and fur-
thermore can achieve a high level of generalization. The
current challenge in developing online learning for un-
derwater nodes mainly deals with increased complexity
and overhead. Underwater nodes have limited battery
lifetime and constant learning can constrain mobile un-
derwater devices. Future work must focus on jointly
optimizing hardware constraints with performance and
Al complexity to be conducive with mobile underwa-
ter devices. For example, embedded deep learning is a
vastly studied field that can hugely benefit the underwa-
ter community, using techniques such as dimensionality
reduction and pruning to develop computationally effi-
cient DL and DRL algorithms. Such models can help ease
processing latencies in already lengthy training times.

In addition to reducing computational complexity of the
DL or DRL agent itself, to be able to deploy online in an
effective way, feedback needs to be easily obtained. This
can apply to both cases as a DRL agent will generally
need some form of feedback from the environment or
the receiving device. Also for the DL network, as in
the end-to-end case mentioned in Section 6.4, where a
transmitter must update its weights based on the per-
formance of the receiver. This poses a challenge in the
underwater domain as it may incur higher communi-
cation overhead in an otherwise unstable channel. An
even greater challenge exists if the underwater network
topology takes on a centralized structure due to the po-

tential single point of failure in sending out feedback to
multiple nodes. Developing protocols or mechanisms
that can mitigate the high communication overhead for
deploying underwater nodes is therefore crucial to its
functionality. Some ideas to consider may be to employ
nodes that aggregate multiple feedbacks or observations
before sending feedback for training the node, such as
many on policy methods in the DRL case. Although
the feedback packet size is larger there is less frequent
communication needed.

7.3 Federated learning

Another option for avoiding extraneous dataset collec-
tion is to utilize federated learning. Federated learning
involves training nodes locally, at the edge, then trans-
mitting the model weights, rather than any data, to be
aggregated and updated in the cloud or at a server. Fed-
erated learning is rarely considered in the underwater
space [59]. This is most likely due to: (i) the instability
of online learning which generally predicates the ability
to achieve federated learning and (ii) the centralized
topology that federated learning generally assumes for
model aggregation (in a cloud or base station). Although
a centralized topology may be feasible in the underwater
space, it provides a single point of failure in an already
difficult communication environment. Further work can
focus on enabling federated learning in underwater envi-
ronments that is conducive to an ad hoc or decentralized
topology, as well as centralized topology. A decentralized
form of federated learning is referred to as gossip learn-
ing [60]. This involves nodes communicating amongst
each other to aggregate and update the model shared
amongst them, without the need for a central server. For
federated learning in the reinforcement learning case,
methods such as A3C which involve agents learning in
parallel and aggregating every so often combined with a
decentralized aggregation can be very powerful.

7.4 Simulation-based training and digital twins

Beyond traditional dataset collection and augmentation
techniques, simulation-based training has emerged as
a promising approach for addressing data scarcity in
underwater Al systems. Physics-informed acoustic prop-
agation models, such as ray-tracing simulators (e.g., Bell-
hop), can generate large volumes of synthetic data repre-
senting diverse channel conditions and environmental
configurations [61]. These simulation environments en-
able controlled exploration of propagation phenomena
such as multipath, Doppler spread, and environmental
variability, providing valuable training data for learning-
based inference and control algorithms in underwater
communication systems.
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However, models trained purely on simulated data often
face a domain gap when deployed in real underwater en-
vironments. This discrepancy arises because even sophis-
ticated simulators cannot fully capture the complexity,
environmental heterogeneity, and non-stationarity of real
acoustic channels. To address this challenge, techniques
from the sim-to-real transfer literature, such as domain
adaptation and domain randomization, can be leveraged
to improve model robustness and generalization [62].
These approaches have been successfully applied in
robotics and autonomous systems, where models are
first trained in simulation and later adapted to real-world
conditions using limited experimental data [62].

An emerging concept that further extends this paradigm
is the development of digital twins for underwater com-
munication networks. A digital twin represents a virtual
counterpart of a physical deployment that integrates
physical models, environmental sensing data, and oper-
ational history to reproduce system behavior in a simu-
lated environment [63, 64]. In underwater settings, such
digital twins could incorporate acoustic propagation
models, environmental observations, and network-level
simulations to create a continuously evolving virtual
environment that mirrors real deployments. This envi-
ronment can be used to test new algorithms, evaluate
network protocols, and support Al model development
between costly at-sea experimental campaigns.

Hybrid training pipelines combining simulation and
real-world data offer a particularly promising direction.
In these pipelines, models are first pre-trained using
large volumes of simulated data and subsequently fine-
tuned using smaller datasets collected during real deploy-
ments [62, 65]. This strategy enables learning algorithms
to capture general physical relationships in simulation
while adapting to environment-specific characteristics
during field operation. Developing accurate and scal-
able digital twin frameworks for underwater networks
therefore represents an important research direction for
enabling robust, adaptive, and continuously evolving
Al-driven underwater communication systems [63].

8. CONCLUSIONS

The discussion in this paper underscores the growing
need for underwater acoustic systems to move beyond
rigid, model-driven designs toward architectures capable
of adapting to environmental variability and operational
uncertainty. The examples and system perspectives pre-
sented illustrate how data-driven processing can be em-
ployed not as a replacement for established acoustic prin-
ciples, but as a complementary mechanism for advancing
underwater applications toward more robust, reliable,
scalable, and adaptive system designs. In doing so, such
approaches support faster and more informed decision-

making while strengthening operational resilience and
system integrity.

Across sensing and communication tasks, the results
highlight both the promise and the limitations of learned
approaches. While data-driven methods enable im-
proved perception and adaptive operation in highly
non-stationary environments, their effectiveness remains
closely coupled to data availability, environmental diver-
sity, and deployment-specific constraints. In particular,
generalization across sites and missions emerges as a
central challenge, reinforcing the importance of adap-
tive, context-aware system design rather than static or
site-specific model deployment.

The case study further demonstrates how acoustic infer-
ence can provide actionable situational awareness under
realistic operating conditions, offering insight into how
perception-driven processing can inform higher-level
system responses. Although these results are prelimi-
nary, they illustrate the feasibility of integrating inference
and adaptation within a unified underwater process-
ing framework and motivate further exploration across
broader datasets, longer deployments, and more diverse
operational scenarios.

Looking ahead, continued progress in underwater acous-
tic systems will depend on deeper integration between
sensing, inference, and adaptive communication, guided
by practical considerations such as energy efficiency, com-
putational constraints, and robustness to environmental
change. By articulating how sensing, inference, and
adaptive operation interact within a unified architectural
perspective, this work provides a structured path forward
for future research and for system development efforts
aimed at enabling resilient, secure, and autonomous un-
derwater platforms capable of sustained operation in
complex and dynamic acoustic environments.
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