RADIOENGINEERING, VOL. 34, NO. 4, DECEMBER 2025

725

Deep Learning-Aided OFDM Demodulation Scheme
for Undersea RF Short-Range Communication

Idnin PASYA?, Megat Syahirul Amin MEGAT ALI ?, Azrul Amri JAMAL 3

! Dept. of Computer Science and Engineering, University of Aizu, 965-8580 Aizuwakamatsu, Fukushima, Japan
ZMicrowave Research Institute, Universiti Teknologi MARA, 40450 Shah Alam, Selangor, Malaysia
3 Faculty of Informatics & Computing, Universiti Sultan Zainal Abidin, 22200 Besut, Terengganu, Malaysia

idnin@u-aizu.ac.jp, megatsyahirul@uitm.edu.my, azrulamri@unisza.edu.my

Submitted April 7, 2025 / Accepted October 13, 2025 / Online first December 12, 2025

Abstract. The realization of undersea wireless communica-
tion using radio frequency (RF) signals is hindered by se-
vere attenuation and signal distortion, particularly due to
complex propagation mechanisms and limitations of RF
hardware. This paper proposes a deep learning-based or-
thogonal frequency division multiplexing (OFDM) demodu-
lation scheme that employs a long short-term memory
(LSTM) network, thereby eliminating the need for conven-
tional channel estimation and equalization. The proposed
method is evaluated under two numerically modeled under-
sea RF channel scenarios: (i) direct-path propagation and
(ii) combined direct and lateral wave propagation. While
achieving performance comparable to conventional least
squares (LS) demodulation for BPSK, QPSK, and 8-PSK in
the direct-path case, the LSTM-based approach significantly
outperforms the LS method under combined direct and lat-
eral wave conditions, yielding a 2—6 dB improvement in bit
error rate (BER) across various modulation schemes. Nota-
bly, the gain is more pronounced with higher-order modula-
tions such as 8-PSK, demonstrating the potential of deep
learning to enhance the robustness of undersea RF commu-
nication in challenging environments.

Keywords

Undersea communication, OFDM, deep learning, long
short-term memory (LSTM)

1. Introduction

A reliable communication link is essential in undersea
applications such as environmental monitoring, search and
rescue operations, and resource exploration. Since wired
connections have physical limitations, wireless data trans-
mission is desirable in many cases. Conventionally, wireless
undersea communication systems are predominantly imple-
mented using acoustic systems. However, these systems
have a limitation in signal bandwidth, capping the achieva-
ble data rate. The utilization of radio frequency (RF) signals
for undersea wireless communication enables the use of
wider signal bandwidth, thereby increasing channel capac-
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ity. This presents a promising prospect for high-performance
undersea wireless short-range communication, which bene-
fits applications such as high-definition video streaming.
Nevertheless, transmission of the RF signal in the undersea
suffers from severe signal attenuation, especially at higher
frequencies [1]. In addition, several challenges remain, in-
cluding inefficient study of undersea RF propagation char-
acteristics and a lack of models emulating signal impair-
ments due to the noise of RF devices operating undersea.
These factors hindered the realization of high-performance
undersea RF transmission schemes, leading to ambiguous
measurements and disagreement between simulated and
measured results in some studies [2—4].

Under these critical circumstances, this work proposes
replacing the traditional block-based signal processing
method in undersea RF systems with a deep learning (DL)-
based demodulation scheme. The motivation behind this ap-
proach is to leverage the power of deep neural networks in
learning and compensating for the above-mentioned factors
in undersea RF transmission systems. Recently, due to rapid
advancements in deep neural networks, the use of DL meth-
ods in the physical layer of wireless communication has re-
ceived significant attention. Typical examples of such work
include the implementation of deep learning to partially re-
place the signal processing algorithms in 5G and future 6G
systems [5], [6], as well as the implementation of black box
models that replace both the transmitter and receiver with
autoencoders [7]. The majority of research works focus on
the former case; for example, DL-based networks are used
for resource allocation and management [8], beam optimiza-
tion [9], channel estimation [10-12], automatic modulation
classification [13], and joint channel estimation and symbol
detection [14]. One notable contribution in the regime of
DL-based demodulation is DeepRx by Honkala et al. [5],
which introduced a fully convolutional end-to-end receiver
trained to directly recover transmitted bits from raw orthog-
onal frequency division multiplexing (OFDM) signals. In-
stead of relying on explicit synchronization, channel estima-
tion, and symbol demapping, DeepRx replaces these
modules with a data-driven neural network that implicitly
learns to perform the corresponding tasks. While it performs
well under terrestrial multipath fading, DeepRx operates on
entire OFDM frames and lacks subcarrier- level modularity,
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Fig. 1. Scenario of communication links in an undersea RF wireless communication network considered in this study.
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Fig. 2. Comparison of the proposed DL-based OFDM scheme with conventional OFDM receiver: (a) Conventional, (b) Proposed. [30]

which limits its flexibility and efficiency for resource-
constrained platforms.

Several other deep learning-based OFDM demodula-
tion schemes have been proposed. Siriwanitpong et al. [15]
developed a one-dimensional convolutional neural network
(1D-CNN)-based demodulator for high-speed railway envi-
ronments, demonstrating low latency in the presence of
rapid Doppler shifts. Rahman et al. [16] introduced a hybrid
CNN-bidirectional long short-term memory (biLSTM) ar-
chitecture that combines spatial and temporal feature extrac-
tion for joint detection in 5G non-orthogonal multiple access
(NOMA)-OFDM systems. These models process full
OFDM frames and require reshaping of the input to 2D for-
mats, which increases complexity and may reduce flexibility.

More recently, ResNet-based architectures have been
adopted for demodulation. Zhang et al. [17] employed
a deep residual network to jointly perform channel estima-
tion and signal detection in underwater acoustic OFDM sys-
tems. This deep architecture improves feature learning
through skip connections, but is computationally expensive
and requires large memory footprints. Li et al. [18] proposed
TransDetector, a transformer-based detector for underwater
acoustic differential OFDM communications, achieving no-

table BER gains through multi-head self-attention and de-
noising. However, these networks are not tailored to the
unique properties of undersea RF channels, such as lateral
wave propagation and static fading.

To the best of our knowledge, investigation into DL
demodulation in undersea RF systems is absent from the lit-
erature. In this article, we propose a DL network in an un-
dersea RF OFDM scheme, for joint channel estimation and
symbol demodulation, to realize a more robust performance
in the undersea RF channel. The DL network is used to ini-
tially learn the characteristics of the undersea channel affect-
ing the received OFDM symbols and later utilized to demod-
ulate the OFDM symbols without knowledge of channel
state information (CSI) obtained through pilot symbols and
equalization (Figs. 2 and 3). We consider an undersea wire-
less sensor network comprised of underwater sensor mod-
ules, autonomous underwater vehicles (AUV) and data re-
lay/repeater unit is considered, as depicted in Fig. 1. In this
stage of investigation, this study considers two representa-
tive cases of data transmission: (1) Case 1 — communication
between sensors, AUV and data relay/repeater unit,
(2) Case 2 — communication between sensor modules posi-
tioned near the seabed. The details of each case are explained
in the following Sec. 2.
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Fig. 3. Block diagram of the proposed DL-based OFDM scheme used in this study.
DL . Demodulation Training
Method Architecture Target Domain Input Format type Granularity Remarks
Fully - . - Replaces complete Rx
Honkala et al. [5] convolutional Terrestrial RF Raw 1Q samples End-to-end bit Entire OFDM chain; Lacks subcarrier
- (5G) recovery frame .
DL receiver level granularity
Siriwanitpong et al. High-speed 1D time domain Frame-wise Entire OFDM Simple and fast;
1D-CNN - o .
[15] railway network sequence classifier frame No temporal modeling
Combine spatial and
. - 2D reshaped Joint estimation Entire OFDM temporal features;
Rahman etal. [16] | CNN +biLSTM | 5G/NOMA uplink OFDM frame and detection frame High computational
burden
Underwater Joint estimation Entire OFDM Tailored for acoustic
Zhang et al. [17] ResNet - Spectrogram . channels;
acoustic and detection frame . .
High complexity
Transformer - . Differential - Tailored for multipath-
Lietal. [18] network with Underwgter Time domain OFDM symbol Entire OFDM rich acoustic channels;
. acoustic OFDM sequence : frame - -
self-attention detection High complexity
Modular and
parallelizable inference,
faster convergence, and
1D OFDM lower training complexity
This work Subcarrier-wise Undersea RF subcarrier Symbol-level Per subcarrier per subcarrier,
(proposed) LSTM (short-range) stream demodulation (modular) Enables adaptive
retraining;
Aggregate overhead
increases with the number
of subcarriers

Tab. 1. Comparison with state-of-the-art DL-based OFDM demodulators.

The proposed DL-based undersea RF system is evalu-
ated over an OFDM transmission scheme due to its spectrum
efficiency, robustness, and scalability. Unlike the reports in
[15] and [16] that used DNN and CNN as the learning net-
work, this study implements a long short-term memory
(LSTM) network at the OFDM receiver. This approach ex-
ploits the temporal dependencies in the received OFDM
symbols to achieve robust demodulation at the subcarrier
level. In addition, unlike CNN, LSTM networks do not re-
quire conversion of the bit stream into 2-dimensional matri-
ces for the convolutional layer.

In this proposed scheme, an LSTM network is trained
at each data subcarrier, where it is embedded with known
OFDM symbols (training data) and the corresponding output
(labels) for that subcarrier. The fully trained LSTM network
processes and predicts the output at the subcarrier, and the
overall received OFDM symbols are obtained by concate-
nating the predicted symbols from each data subcarrier.

The core novelty of the proposed scheme lies in its sub-
carrier-wise training strategy, where an individually trained
LSTM network handles each data subcarrier. This modular
design enables scalable and parallelizable deployment,
which aligns well with multi-core architectures in embedded

processors, where computational load can be distributed.
Additionally, subcarrier-specific models reduce input di-
mensionality and learning complexity, allowing faster con-
vergence and improved training efficiency. A specific sub-
carrier can also be selectively fine-tuned in response to
evolving channel conditions, without retraining the entire
system. This LSTM architecture also inherently captures the
temporal dynamics of the received signal, which are signifi-
cant in underwater RF channels represented in Fig. 1.
A summary of the key differences between the proposed model
and existing DL-based demodulators is provided in Tab. 1.

The authors have previously investigated the potential
of the proposed LSTM network [19], where the effects of
training data parameters on the demodulation performance
were evaluated at one OFDM subcarrier. In this paper, we
present a comprehensive analysis of the proposed scheme's
performance, considering all data subcarriers, and assess the
practical computational cost using representative embedded
processing platforms. The contribution of this present paper
is listed as follows:

1. Focus on the implementation of a DL-based demod-
ulation for OFDM systems operating in undersea RF chan-
nels, evaluating the capability of the network to learn the
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channel characteristics, and perform demodulation instead of
conventional channel estimation and equalization. Perfor-
mance is assessed in practical RF signal transmission condi-
tions in an underwater wireless sensor network.

2. Present the implementation framework of the pro-
posed DL-based undersea RF OFDM system, particularly de-
scribing the method to train the network separately on each
of the OFDM subcarriers. This modular architecture natu-
rally enables parallel processing, improved training effi-
ciency per subcarrier, and allows adaptive retraining.

3. Based on the analysis of the numerical simulations,
the proposed scheme outperforms the conventional channel
equalization using the least squares (LS) method. It is also
shown that the proposed scheme offers greater performance
improvement in the case of higher-order subcarrier modula-
tion.

4. The performance of the proposed scheme is evalu-
ated and benchmarked with conventional demodulation
schemes and similar DL-based demodulation in terms of per-
formance and complexity.

The remainder of this paper is organized as follows.
Section 2 describes the proposed DL-based undersea RF
OFDM scheme model, a detailed description of the consid-
ered undersea RF channel model, network architecture, and
training methods. Results and analysis are presented in
Sec. 3, and Section 4 provides the concluding remarks and
future works.

2. The Proposed Deep Learning-based
OFDM Demodulation

2.1 Traditional OFDM Receiver and Frame
Structure

The parameters of the base OFDM scheme used in this
study are summarized in Tab. 2. Each OFDM symbol con-
sists of N = 64 subcarriers, including 48 data subcarriers, and
16 null subcarriers (as guard bands). A cyclic prefix (CP) of
either CP = 2 or 16 samples is appended, corresponding to
1/32 or 1/4 of the useful symbol duration, respectively. With
a system sampling rate of 2 MHz and a subcarrier spacing of
31.65 kHz, the useful OFDM symbol duration, Tsymbol, iS ap-
proximately 31.6 ps, and the CP durations, Tcp, correspond
to 1 ps and 8 ps, respectively.

We consider a transmission frame consisting of a total
of L OFDM symbols, as illustrated in Fig. 4. The index of
the OFDM symbol within the frame is denoted as I, where
1=0,1,...,L-1. Pilots are inserted using the block-type
method, where odd-indexed symbols (1=1, 3,5, ...) are
designated as pilot symbols, and all 48 active subcarriers in
those symbols carry known pilot values. The even-indexed
symbols (1=0, 2, 4, ...) are used as data symbols. This ar-
rangement enables robust channel estimation at the receiver.
In this study, we assume perfect synchronization at the re-

Parameters Value
Center frequency, f. 1 MHz
No. of subcarriers, N 64
Subcarrier spacing 31.65 kHz
No. of data subcarriers, B 48
Number of null subcarriers 16
Cyclic prefix (CP) Maximum 16 @
Symbol modulation BPSK, QPSK, 8-PSK
Symbol mapping Gray coded

@ CP =16 correspond to 1/4 of the OFDM symbol duration.

Tab. 2. Main parameters of the base OFDM scheme.

Total 16 null
subcarriers

48 data subcarriers
Freq

LT oo
‘y‘yyﬁy‘y v (1%1)" symbol
i/jiji *+2< (1+2)" symbol
yyyfy‘y < (1+3)t symbol

Data subcarriers

Wy Pilot subcarriers

Null subcarriers

Illustration of the base OFDM frame: the time axis
shows alternating data and pilot symbols, the frequency
axis shows the allocation of data, pilot, and null subcar-
riers, and the CP is appended in the time domain before
each OFDM symbol.

Fig. 4.

ceiver to isolate and evaluate the demodulation performance
of the proposed scheme.

Channel estimation is carried out in the frequency
domain using the Least Squares (LS) estimator [20] on the
pilot symbols

FERALY M

X (k)

where Y(k) and X(k) are the received and known pilot values,
respectively. Equalization is then performed using the Zero-
Forcing (ZF) algorithm [20], where each received subcarrier
is divided by the estimated channel response before symbol
demapping.

2.2 Proposed Deep Learning-based OFDM
Scheme

The baseline OFDM receiver structure, including CP
and pilot arrangements, is described in Sec. 2.1. In this sec-
tion, we developed the proposed DL-based demodulator that
builds on this system. The schematic of the proposed scheme
is depicted in Fig. 3. A series of binary data sequences is ini-
tially modulated with an M-ary modulation scheme using
phase shift keying (PSK). In this study, gray-coded binary
phase shift keying (BPSK), quadrature phase shift keying
(QPSK), and 8-phase shift keying (8-PSK) are considered for
analysis. The modulated signal is converted from serial to
parallel, and pilot symbols are inserted for implementation of
channel estimation, in the case of conventional demodulation
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Fig. 5. Undersea RF transmission modes under consideration
(Reproduced from [19]): (a) Case 1 and (b) Case 2 (Near
seabed).

methods, for benchmarking purposes. For the sake of sim-
plicity, the utilization of coding techniques such as turbo and
convolutional codes for forward error correction (FEC) is not
considered at this stage of the investigation. Important pa-
rameters for the OFDM scheme are listed in Tab. 2. The time-
domain signal X'(n) is obtained by conducting N-point IFFT
over all of the subcarriers. We define this operation as

X'(n)=IFFT| X'(k
(n) 1 I (jZk)n} @
X'(n)eV,n=012..,N-1

N

k=0
where X’(k) is the transmitted frequency-domain OFDM
symbol. A cyclic prefix (CP) of duration Tce is appended to
each OFDM symbol by copying the last Tcr samples of the
symbol and placing them at its beginning, to form the trans-
mitting signal denoted as Xcp(n).

Next, Xcp(n) is passed through an undersea RF com-
munication channel with channel impulse response matrix
Hsea. The signal entering the OFDM receiver is then modeled
using standard baseband representation with additive white
Gaussian noise (AWGN) [20], given by

Yep (1) =Hyg, (n)*Xp ()€™ +W(n) (3)

where W(n) is the AWGN with zero mean and a defined var-
iance. The term exp(j2fanTs) models the accumulated phase
change over time, where fq is the frequency shift representing
phase rotation applied to Ycp(n), and Ts is the sampling pe-
riod. This accounts for Doppler effects resulting from dy-
namic channel behavior, which is attributed to relative mo-
tion or hardware-induced carrier frequency offsets.
Removing CP yields Y(n), which is converted back to the
frequency domain using FFT [19]:

Y (K)=FFT[ Y (n) ] =[H, (k) Xe (K)ID(K)+ W (k) (4)

Here, Heea(K), Xcp(k), and W(K) are the FFT output of Hsea(n),
Xcp(n), and W(n), respectively. D(K) is the frequency-domain
representation of exp(j2fynTs), and * denotes convolution
over subcarriers. After guard band removal, the frequency-
domain signal is input to the LSTM network for DL-based
demodulation. All OFDM symbols across all subcarriers at
time t are fed to an LSTM network that demodulates the b™"
subcarrier. For each data subcarrier b, the LSTM network
processes input X; across T time steps to output yy; as the de-

modulated output of the b data subcarrier at time t. This de-
modulation process is conducted at each OFDM data subcar-
rier, and the demodulated output for each data subcarriers are
then concatenated to form

Y, = [th" Yopseo yB,t‘:| ®)
where the full demodulated OFDM symbols over time T are
Yg:[Yl,Yz,...,YT]e(CTXB- (6)

2.3 The Undersea RF Channel under Consid-
eration

This section describes the two representative cases of
undersea RF transmission that are considered. As depicted in
Fig. 1, Case 1 considers transmission between sensors and a
data relay unit, which is primarily a direct wave between the
transmitting and receiving antennas. This scenario is mod-
eled as a line of sight (LOS) transmission between a pair of
transmitting and receiving antennas separated by a distance
d. Here, the antenna height h is assumed to be sufficiently
large. Hence, only a direct wave along Path 1 exists in the
channel (Fig. 5(a)). The channel, therefore, emulates a LOS
channel with AWGN. The path loss Lse for Case 1 is defined
by [19] as

Lsea = LPathl :10|Og10 (e—Zad ) (7)

where d is the distance between the transmitting and receiv-
ing antennas, and « is the attenuation constant given by [21]

as
a=w ’ug( 1+[sz—l}. C)
2 we

Here, w =2nf. w = 2nf.and &, u, and o are the permittivity,
permeability, and conductivity of sea water.

Conversely, Case 2 considers RF signal transmission
between sensors placed near the seabed. In this scenario, the
antenna height h is assumed to be sufficiently small, inducing
a lateral wave along the seabed [22-24]. Figure 5(b) illus-
trates a case modeled by both the direct wave along Path 1
and lateral waves propagating along Path 2. This channel is
modeled as a two-ray Rician fading channel, where the direct
wave corresponds to the dominant LOS path, and the lateral
wave represents multipath caused by the near-seabed propa-
gation. For simplicity, a quasi-static fading channel is as-
sumed, given the low-mobility nature of the environment.
The channel incorporates physical layer propagation effects
such as attenuation constants, boundary loss at the seawater-
seabed interface, and differential delay between the two
paths. We define the total path 10ss Lseapeq aS

Lseabed = LPath 2 + 2I‘Palthl + Lboundary =

9)
10logy, (eiz%dsb )+ 2[10 0g, (e_zad )] +1

boundary

where the attenuation constant for the lateral wave ag, IS
derived from [21] as
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2
asb = /'lsbgsb 1+( asb j _1 (10)

and &p, i, and oy, are the permittivity, permeability and
conductivity of the seabed. The boundary 10SS Looundary IS
defined by [21] as

Zz — Zl
Z,+7Z,

L (11)

boundary =

where Z; and Z; are the intrinsic impedance of seawater and
the seabed, respectively. The intrinsic Z for a medium is
given by [21]

7o [ der (12)
o+ Jwe

where ¢ and y refer to the permittivity and permeability of
the respective media. The path delay is estimated from the
difference of the time-of-arrival between the direct and
lateral waves, which is derived as

Ad
T=

: (13)
o

Here, Ad is the difference of path length between the direct
and lateral waves’ path, and ¢’ is the effective velocity of
wave, given by

¢ =fA (14)
where the effective wavelength A’ is defined as

pe—to (15)
/’lrgl'

Here, Ao is the wavelength in the atmosphere, and & and
are the relative permittivity and permeability of the medium,
respectively. The Rician K-factor is calculated based on the
ratio of received power in the direct path to that in the lateral
path. The received power levels for both components were
calculated using the distance-related path loss from (7) to
(12).

Table 4 shows the numerically estimated undersea RF
channel parameters while varying the distance between the
antennas, using the system parameters, and undersea prop-
erties listed in Tabs. 2 and 3. It can be observed in the table
that when the distance is 5 meters or more, the K-factor be-
comes significantly high, resulting in a near AWGN case for
the channels, and channel equalization is not required in
such cases. Therefore, in this study, we focus the perfor-
mance analysis on Case 1 and Case 2 for d =3 m, where
K = 5.9. For these Rician fading cases, the multipath channel
is modeled with two taps, corresponding to a dominant direct
path and a weaker delayed component caused by lateral
wave propagation near the seabed. The relative path delays
are set to 0 and 0.5 ps, with average path gains of 0 dB and
-5.9 dB, respectively. A Rician K-factor of 5.9 dB is used to
characterize the power ratio between the direct and scattered
paths. The system sampling rate is 2 MHz, ensuring that the

delay spread remains well within the cyclic prefix duration
of the OFDM symbols.

Additionally, to emulate dynamic channel conditions
and hardware-induced impairments, we incorporated Dop-
pler-induced frequency shifts into the transmitted signal.
Specifically, based on (2), the time-domain baseband signal
was multiplied by a complex exponential exp(—j2f:nTs).
Two representative Doppler values were used: 10 Hz, corre-
sponding to typical relative velocities (3—-5 m/s) in underwa-
ter mobile scenarios, such as divers or AUVs [25], and
400 Hz, representing typical hardware-induced carrier fre-
quency offsets (CFOs) commonly caused by oscillator mis-
match in practical transceivers [26]. We evaluated both con-
ventional and deep learning-based demodulators with and
without CFO compensation.

2.4 Proposed LSTM Network and Training
Specification

As mentioned in the previous sections, the LSTM net-
work is implemented to process the received OFDM sym-
bols that passed through the undersea RF channels and pre-
dict the demodulated output at the b™ data subcarrier. In this
study, the LSTM network architecture used at each subcar-
rier generally follows the structure illustrated in
Fig. 6. The overall network consists of an input sequence
layer which receives the real and imaginary components of
the received OFDM symbols, LSTM layers which are cus-
tomized for each case of modulation order, fully connected
layer that maps the output to their designated classes, and
finally the softmax layer and output classification layer for
the computation of the class probabilities and selects the
most likely demodulated OFDM symbol. As shown in
Fig. 6, for BPSK modulation, a network with two LSTM
layers, each with 32 and 16 hidden units, was used, respec-
tively (hereafter referred to as LSTM-Net 1). For the QPSK
and 8PSK modulation schemes, three LSTM layers were
employed, each with 64, 32, and 16 hidden units, respec-
tively. This three-layer LSTM network is trained separately
for QPSK (named LSTM-Net 2) and 8-PSK (named LSTM-
Net 3). This modulation-based customization was imple-
mented to optimize performance and prevent issues of un-
derfitting and overfitting.

The LSTM networks are trained using a supervised
learning approach to map received OFDM symbols to their
corresponding transmitted symbols, as an M-class classifier,
where M refers to the modulation order of the OFDM
symbol, representing BPSK, QPSK, and 8-PSK, where the
symbols are mapped to 2, 4, and 8 classes, respectively. The
network is trained using the standard cross-entropy loss
function [23], defined as:

C
Lemropy = Zyclog ( yc ) (16)
c=1

where C is the number of symbol classes, y. is the ground
truth label (one-hot encoded), and . is the predicted
probability from the softmax layer. The training process
follows these steps:
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1. Forward Propagation: Input sequences are fed into the
LSTM network, and the predicted class probabilities
are computed using the softmax activation function.

2. Loss Computation: The cross-entropy loss is calculated
to measure the discrepancy between the predicted and
actual symbol classes.

3. Gradient Computation & Backpropagation: Gradients
are computed using the backpropagation algorithm, ad-
justing weights via the chosen optimizer.

4. Weight Update: Parameters are updated iteratively us-
ing mini-batch training

The size of the input sequences was B x no. of OFDM
symbols. For each symbol constellation, 5000 OFDM sym-
bols were simulated. The main hyperparameters used for
training the network are summarized in Tab. 5. For each net-
work, training was conducted under various simulated con-
ditions, including RF undersea channels (AWGN, Rician
fading channel, dynamic channel with Doppler shifts), dif-
ferent Eb/No levels, and varying CP length, as listed in
Tab. 6.

Input sjze =
Bx no of OFDM frames)

Input layer
LTSM layer

Dropout (20%)

LTSM layer

Dropout (20%)

LTSM layer

Dropout (20%)

Fully connected
layer
Softmax layer
Classification
output layer
Output Output

@) (b)

Fig. 6. Structure of the modeled LSTM network used in this
study: (a) LSTM-Net 1 and (b) LSTM-Net 2 and

Input g6 =
Bx no of OFDM frames)

Input layer
LTSM layer

Dropout (20%)

LTSM layer 16 -hidden units

Dropout (20%)
Fully connected
layer
Softmax layer

Classification
output layer

64 -hidden units

32 -hidden units

32 -hidden units

16 -hidden units

Softmax

- Softmax
normalization

normalization

Cross entropy

Cross entropy
loss calc

loss calc

LSTM-Net 3.
Layer Permittivity | Permeability [ Conductivity
£ U o [S/m]
Seawater 7145 1o 5.1
Seabed 5.0 10 20

Tab. 3. Properties of undersea and seabed layers used in
numerical calculation of undersea RF channel
(Reproduced from [23]).

Parameters Distance, d
3 [m] 5 [m] 7 [m] 10 [m]
K-factor 5.9 17.2 28.5 45.5
Path delay 100 [ns] 150 [ns] 200 [ns] 250 [ns]

Tab. 4. Calculated Rician K-factor and path delay for the con-
sidered undersea RF channel (f;= 1 MHz). The K-factor
corresponding to d = 3 m (K = 5.9) was used in simula-
tion evaluations.

731
Initial Learn. .
Network | learning | Drop Mln[batch Max Optimizer
size epoch
rate Factor
LSTM-
Net 1 400 15
LSTM- | 9001 | 01 500 20 Adam
Net 2
LSTM-
Net 3 1000 20

Tab. 5. Hyperparameters used for training of each LSTM
network used in this study.

Network Mod Channel Eb/No cp
Length
LSTM-Net
1 BPSK AWGN, 2dB, 6dB
N ici (6N
LSTM-Net QPSK R|C|an_, 2 dB, 6 dB, 10 dB 2,16
2 Dynamic
LST'\;'NM g-psk | MMel ) 4e 6B, 10 dB

@ CP =2 and 16 correspond to 1/32 and 1/4 of the useful OFDM
symbol duration, respectively.

Tab. 6. Parameters of input sequence to each LSTM network.

2.5 Hardware and Software Configuration

All simulations, including the modelling of undersea
RF propagation, channel generation, and BER analysis in
this study, were carried out using MATLAB R2022b on a
standard desktop PC with an Intel Core i5 12500H 2.75 GHz
processor, 16 GB RAM, NVIDIA GeForce RTX 3050 GPU,
and Windows 11 operating system. The proposed deep
learning architectures (LSTM networks) and training tasks
were implemented using MATLAB’s Deep Learning
Toolbox.

3. Results and Discussions

3.1 Results of DL Network Training

The training and validation accuracies and losses for
both networks at all of the OFDM data subcarriers are shown

LSTM-Net 1 (BPSK)  LSTM-Net 2 (gPSK) LSTM-Net 3 (8—PSK)
100 L ¥ 100 100 ¥

90 90 90
80 1 80 80
70 1 70 70
= = =
o 60 1o 60 o 60
o) oD o)
] 3 ]
£ 50 £ 50 £ 50
8 8 8
5 40 1% 40 5 40
o o o
30 1 30 30
20 Train. acc. 20 Train. acc. 20 Train. acc.
o Loss o Loss o Loss
10 * Valid. acc. 10 * Valid. acc. 10 * Valid. acc.
0I OI | 01
0 20 40 0 20 40 0 20 40
Data sub—carrier index Data sub—carrier index Data sub—carrier index
(@ (b) ©

Fig. 7. Result of training accuracies, losses, and validation
accuracies for the proposed networks: (a) LSTM Net 1,
(b) LSTM-Net 2 for QPSK, (c) LSTM-Net 3 for 8-PSK.
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in Fig. 7. It is observed from the figure that all networks
achieved average training accuracy above 97%, with train-
ing losses below 0.01%, at all data subcarriers. The valida-
tion accuracy also agrees well with the training accuracies,
indicating that utilization of two LSTM layers for BPSK,
and three layers for QPSK and 8-PSK, is appropriate for suf-
ficient training with no overfitting issues.

Figure 8 depicts examples of the confusion matrix ob-
tained on the validation data set at the data subcarrier index
b =24, for all networks. Each confusion matrix provides
a detailed breakdown of classification performance: the
rows indicate the predicted classes, and the columns indicate
the true transmitted classes. Diagonal cells show the number
and percentage of correctly classified OFDM symbols, while
off-diagonal cells correspond to misclassified symbols. The
grey summary bars on the far right of each matrix visualize
the precision (positive predictive value) and false discovery
rate for each predicted class. Similarly, the summary bars at
the bottom of the matrices represent the recall (true positive
rate) and false negative rate for each true class.

The bottom-right cell shows the overall classification
accuracy achieved by the network. From the figure, it can be
observed that all networks demonstrated high symbol decod-
ing and classification rates, with ground truth and predicted
class matching well, except for a few small missing classes.

3.2 Performance Analysis

The performance of the proposed scheme is analyzed
in terms of average bit-error-rate (BER) and benchmarked
with a conventional OFDM scheme implementing channel
estimation and equalization based on the LS method. The LS
method is selected due to its computational simplicity and
widespread use in practical OFDM systems, making it a suit-
able reference for assessing the potential improvements in-
troduced by the proposed approach.

First, the BER performance is analyzed for Case 1,
where the channel is equivalent to an AWGN channel
(Fig. 9). The theoretical BER curves for BPSK/QPSK and
8-PSK are presented as reference. Both the simulated con-
ventional OFDM demodulation (channel equalization is not
required) and the proposed DL-based scheme produced BER
curves that agreed well with the theoretical AWGN curve.
Similar results were obtained for BPSK, QPSK, and 8-PSK
modulation schemes, demonstrating the capability of the
DL-based method to perform demodulation with compara-
ble performance to conventional OFDM demodulation, even
for higher-order modulation schemes such as 8-PSK, pro-
vided the network is properly trained. It is also worth noting
that for all modulation orders, training the networks at 6 dB
of Ew/No is sufficient for demodulation for the whole range
of 2 to 14 dB of Ep/No.

Next, the BER performance for Case 2, where the RF
undersea channel resembles a Rician fading channel with
K =5.9, is analyzed. For this case, channel estimation and
equalization using the LS method were applied in conven-
tional OFDM demodulation. Figure 10(a) shows the BER

performance for the case of BPSK. Conventional OFDM
demodulation without channel equalization marked a BER

LSTM-Net 1 (BPSK) (b = 24)

; 4991 7 99.9%
49.9% 0.1% 0.1%
[}
s
B2 9 4993 99.8%
° 0.1% 49.9% 0.2%
>
~
|_
99.8% 99.9% 99.8%
0.2% 0.1% 0.2%
N a
Predicted class
(@)
LSTM-Net 2 (QPSK) (b = 24)
1| 4990 0 1 o |1000%
249% | 00% | 00% | 00% | 00%
,| 8 4997 0 5 99.7%
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o .l 2 0 4996 o |1000%
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4 0 3 3 4995 | 99.9%
00% | 00% | 00% | 250% | 0.1%
99.8% | 99.9% | 99.9% | 99.9% | 99.9%
02% | 01% | 01% | 01% | 0.1%
N a“v S ™
Predicted class
(b)
LSTM-Net 3 (8-PSK) (b = 24)
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Fig. 8. Examples of confusion matrices for the proposed
networks: (a) LSTM Net 1, (b) LSTM-Net 2 for QPSK,
(c) LSTM-Net 3 for 8-PSK.
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Fig. 9. BER performance of the proposed networks for Case 1
(Static AWGN channel).

floor around 0.5 across all Ep/No, indicating that equalization
is essential for the simulated channel conditions. The LS-
based equalization methods, particularly with CP =16
(= 1/4 symbol duration), yield a BER curve with a similar
trend to the theoretical BPSK BER curve, with approxi-
mately 2 to 4 dB degradation, but still provide reasonable
performance. When the CP is shortened to 2 (= 1/32 symbol
duration), the BER deteriorates further, indicating that inter-
symbol interference (ISI) plays a vital role in performance
degradation. Deep learning-based equalization notably im-
proves the BER, demonstrating its effectiveness in handling
complex channel distortions. In this scenario, the DL-based
approach provides approximately 2 dB improvement over
the LS-based methods. For the case of the DL-based ap-
proach, an identical BER curve was obtained with a shorter
CP length (CP = 2).

The BER performance is further analyzed using higher
modulation orders, namely QPSK and 8-PSK schemes.
Firstly, as shown in Fig. 10(b), conventional OFDM demod-
ulation with QPSK vyields a similar BER trend to the BPSK
case, either without or with equalizations, but with slight
degradation. This is attributable to the reduced Euclidean
distance between the QPSK symbols, compared to BPSK.
Similar to the case of BPSK, reducing the CP length to 2 in
the conventional QPSK demodulation degrades the BER
performance. When the proposed DL-based approach is
used, a significant improvement in BER was observed,
providing approximately 4 dB of improvement. This implies
that DL models can better capture and compensate for com-
plex distortions in QPSK, leading to a larger performance
gain compared to only 2 dB in the BPSK case.

The BER for the case of 8-PSK is observed. Fig-
ure 10(c) shows that for these simulated channel conditions,
the conventional 8-PSK with the LS method has the worst
BER performance compared to the other two modulation
schemes, due to its much smaller Euclidean distance. From
the figure, the proposed DL-based scheme provides greater
BER improvements compared to the previous cases, more
than 6 dB when Ep/Ng is above 12 dB. This aligns with the
expectation that deep learning-based methods, which can
learn complex nonlinear channel behaviors, have a greater
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Fig. 10. BER performance of the proposed networks for Case 2
(Rician K=5.9, static channel) with cyclic-prefix
lengths of 2 and 16 samples (= 1/32, 1/4 of the useful
symbol duration): (a) LSTM Net 1 (BPSK), (b) LSTM-
Net 2 (QPSK), (c) LSTM-Net 3 (8-PSK).
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True False False 10°
Label | Positive | Positive | Negative | Precision | Recall F1 R R T R CAEE IR SR IR NI
(TP) (FP) (FN)
1 23967 23 56 0.9990 | 0.9977 | 0.9984 10 1‘_5:33 |
2 23954 56 23 0.9977 [ 0.9990 | 0.9984 TR
@ B,
True False False 2102 n‘\.‘\ 5
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2 6044 1 0 0.9998 1 [o0.9992 @
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6 6020 18 1 0.9970 | 0.9998 | 0.9984
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© ol
Tab. 7. Calculation of F1 score (E/No = 20 dB, No. of OFDM L1072t Ry 3 .
symbols = 1000): (a) LSTM-Net 1, (b) LSTM-Net 2, o« G‘\é\é*a e
and (c) LSTM-Net 3. 5 -3\
. . . . . T el g
impact when traditional estimation techniques struggle. The 1070 1
classification performance in terms of F1 results for all
LSTM-Net 1, LSTM-Net 2, and LSTM-Net 3 iS I|Sted in —-—@-—- QPSK Conv perfect comp. (f; = 400 Hz)
H 104 X QPSK Conv w/o comp. (f; = 10 Hz) ]
Tab. 7, calculated using 1000 OFDM symbols at 0 OPSK Come oo e 00 Ty
Eb/NOZ 20 dB A” netWOrkS ShOWEd eXce”ent and con- —-—>-— QPSK DL-based perfect comp. (f; = 400 Hz)
H O QPSK DL-based (f; = 10 Hz)
sistent performance across all classes, and low error rates A OPSK DL baced (1, — 400 Fiy)

(False Positives/False Negatives) across the board, which
suggests that the model is robust and highly accurate.

Additionally, we investigated the performance of the
proposed scheme in dynamic channel conditions by observ-
ing the impact of the Doppler-induced carrier frequency off-
set (CFO) on demodulation accuracy by introducing uncor-
rected Doppler shifts at the transmitter. As shown in Fig. 11,
the conventional demodulators (BPSK, QPSK, 8-PSK) ex-
hibited severe performance degradation in the absence of
CFO compensation. For example, a modest Doppler shift of
10 Hz resulted in the BER for BPSK and QPSK approaching
0.5, indicating total symbol misdetection. By contrast, our
proposed DL-based demodulator, when trained with Dop-
pler-augmented data, maintained reliable detection across all
modulation formats. The performance degradation due to
10 Hz and 400 Hz Doppler was limited to approximately
1-2 dB of Ew/No, demonstrating strong resilience to fre-
quency offsets. These results confirm the advantage of data-
driven models in handling dynamic channel variations com-
prising the uncorrected Doppler shifts, subject to the inclu-
sion of Doppler-impaired inputs in the training data.

Overall, the results indicate that the application of deep
learning in place of equalization provides noticeable im-
provements, particularly in the simulated undersea RF
channels and base OFDM system under consideration. While
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Fig. 11. BER performance of the proposed networks in dynamic

channels (fy= 10 and 400 Hz, Rician K=5.9, CP = 16
samples (=~ 1/4 of the useful symbol duration)):
(a) LSTM Net 1, (b) LSTM-Net 2 for QPSK, (c) LSTM-
Net 3 for 8-PSK.
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BPSK exhibits better inherent robustness due to its simpler
constellation, QPSK and 8-PSK provide more data through-
put, given by the additional symbols transmitted simultane-
ously. The improved BER from the conventional LS method
in QPSK and 8-PSK suggests that the true advantage of DL-
based equalization becomes more evident as modulation
complexity increases. Similar traits were also reported in
works such as [6], [13]. It was also observed that the pro-
posed DL-based scheme is robust in dynamic channel con-
ditions involving Doppler shifts.

3.3 Performance and Complexity
Benchmarking

3.3.1 Performance Comparison

The proposed LSTM-based demodulator is bench-
marked against existing DL-based OFDM demodulation
schemes in terms of BER performance. Although originally
designed for different applications and channel conditions,
a 1D-CNN-based network [15] and a hybrid CNN-biLSTM-
based network for 5G systems [16] are considered here, as
both employ OFDM QPSK modulation and benchmark
against LS methods. It should be noted that these compari-
sons are qualitative rather than direct, since [15] assumes
a high-mobility terrestrial channel (50 km/h) and [16] re-
ports symbol error rate (SER) under a distinct propagation
environment. In contrast, our evaluation focuses on static
undersea RF channels with BER as the performance metric.
According to [15] and [16], the 1D-CNN and hybrid CNN-
biLSTM architectures achieve BER improvements of ap-
proximately 2 dB and 4 dB compared to LS equalization, re-
spectively. The proposed LSTM-Net 2 achieves comparable
or superior gains, with 4-6 dB improvement over LS,
thereby outperforming the 1D-CNN and matching or ex-
ceeding the hybrid CNN-biLSTM.

In addition, a ResNet-based demodulator we trained
and evaluated under the same dataset and undersea channel
conditions as LSTM-Net 2. As shown in Fig. 12, the ResNet
model achieves performance broadly comparable to the pro-
posed LSTM-based network. However, LSTM-Net 2
demonstrates slightly better BER in the low-SNR regime
(2-6 dB), which is critical for reliable undersea RF commu-
nication. At higher Ex/No values (above 10 dB), both the
LSTM and ResNet models converge to nearly identical BER
performance.
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Fig. 12. BER performance comparison between the proposed
LSTM-Net 2 and the ResNet-like network.

3.3.2 Computational Complexity Comparison

The computational complexity of the proposed DL-
based and traditional OFDM receivers can be assessed in
terms of asymptotic O notation, expanded into FLOP counts,
and finally translated into inference latency on an embedded
platform. The conventional OFDM receiver consists of CP
removal, FFT, LS channel estimation, and ZF equalization,
with a total complexity of O(NgerlogNger + B), where Neer
is the FFT size and B the number of data subcarriers. Ex-
panding this into FLOPs vyields approximately
10NeetlogoNeer operations for the FFT and about 30B
FLOPs each for LS estimation and ZF equalization. For
Neer=64 and B =48, the total cost is approximately
5.3 x 10% FLOPs per OFDM symbol, which is computation-
ally trivial but yields poor BER performance under the sim-
ulated Rician fading condition.

On the other hand, the computational complexity of
proposed LSTM-based demodulator with h hidden units at
each layer, input dimension M, and L stacked layers is
O(L(h?+ Mh)). In FLOPs, this corresponds to approximately
8(h?+ Mh + h) operations per time step, per layer [27], [28].
Considering B number of data subcarriers and time steps T,
the overall complexity scales as FLOPS.stm=
BTL-8(h?+ Mh + h). Using the QPSK case parameters (three
LSTM layers with 64, 32 and 16 hidden units), the resulting
cost is approximately 3.14 x 108 FLOPs per OFDM symbol.

Other DL-based schemes follow similar derivations.

Scheme Complexity (O-notation) OEIS(I\)APssy‘rJr?lgol Parameters MEJFdF?Il(sS;ze Estimated toroc, P € [16,64]
Wﬁﬁ'évf'e]ﬂﬁgﬁ'zéh?n) O(NrerlogNeer + B) ~53x 10° N/A N/A ~1us
1D-CNN [15] O(LFk{N) ~6.8 x 10* ~12x10° ~ 25 MB ~1t04 us
CNN-biLSTM [16] | O(LFk,N) + O(L(8Mh + 8h?)) ~2.0x10° ~ 85 x 10° ~1.7MB ~ 31012 ps
ResNet O(2DFk:N) ~6.0 x 10° ~220 x 10° ~4.5 MB ~ 910 28 ps
LSTM (proposed) O(L(h?+ Mh) ~3.14 x 10° ~25 x 10° ~0.5 MB ~101t0 25 ps

Tab. 8. Computational complexity of conventional and DL-based OFDM demodulators expressed in O-notation, expanded into FLOPs per
OFDM symbol, parameter count to storage size, and estimated processing latency under parallel execution (P € [16,64]).
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The 1D-CNN complexity is O(LFksN), where F, ks, and N
denote the number of filters, kernel size, and input length,
respectively. The CNN-biLSTM combines CNN layers with
bidirectional LSTMs, doubling the recurrent cost:
O(LFksN) + O(L(8Mh + 8h?)). The ResNet-based model,
consisting of D residual blocks with two convolutional lay-
ers each, has complexity O(2DFksN). These asymptotic ex-
pressions are expanded into FLOPs using standard layer-
wise operation counts, showing that CNN-only models are
most efficient, while ResNet incurs the heaviest cost due to
its deep stacked convolutional blocks, as shown in Tab. 8.

To analyze the real time processing capability, the
above complexity analysis must be viewed in relation to the
OFDM symbol duration. With a sampling rate of 2 MHz and
Nrer = 64, the OFDM symbol duration is approximately
Teym= 31.6 ps. With CP lengths of 2 and 16 samples (equiv-
alent to 1/32 and 1/4 of the useful symbol duration, respec-
tively), the extended durations become roughly 32.6 ps and
39.6 us, respectively. These values define the hard pro-
cessing deadline per symbol. Since the proposed LSTM-
based demodulator requires about 3.1 x 10® FLOPs per
OFDM symbol, its latency must remain below this deadline
to ensure real-time operation. Let Cym be the computation
time per OFDM symbol (in FLOPSs) and @ the effective sus-
tained throughput of the processor (in FLOPSs/s). With P par-
allel workers (e.g., SIMD lanes, NPU tiles, CUDA warps, or
FPGA processing elements), the amortized per-symbol la-
tency is

£ Com (7)

procNQ.P'

Given with modest effective throughputs in the multi-
GFLOPI/s class and parallelism levels P € [16, 64] [29], the
amortized per-symbol latency of the proposed DL-based de-
modulation typically falls in the range of 10-25 ps, depend-
ing on hardware throughput and degree of parallelism. Both
ranges are well below the deadline dictated by the symbol
duration. In practice, batching and pipelined execution
across OFDM symbols further improve throughput, while
model-level optimizations (e.g., INT8/FP8 quantization,
pruning, kernel fusion) reduce Csym. Hence, the proposed de-
modulator is well matched to parallelism-based processors
(mobile NPUs, embedded GPUs, FPGAs, or DSPs with
wide SIMD), meeting real-time constraints without reliance
on a single specific device.

For completeness, we also discuss the model size in
terms of trainable parameters. Parameter counts can be gen-
eralized for each architecture using their dominant scaling
terms. Specifically, the LSTM network scales as
O(h?+ Mh), CNN layers as O(FksM), CNN-biLSTM as
acombination of CNN and bidirectional LSTM
(O(FksM + h?+ Mh)), and ResNet blocks as O(DFksM).
Here, M the input dimension. For the proposed three-layer
LSTM network (64-32—16 hidden units, QPSK case), this
results in approximately 25k parameters, corresponding to
< 0.5 MB of model size in FP16 (16-bit floating point) pre-
cision, a widely adopted low-precision format in embedded
Al accelerators. This is significantly smaller than ResNet-

like architectures (=~ 220k parameters with ~ 4.5 MB model
size), ensuring that storage and memory overheads remain
modest for deployment on embedded devices (Tab. 8).

In summary, the complexity and latency analyses con-
firm that the proposed LSTM-based demodulator achieves
a balanced trade-off between computational demand and
BER performance. While more demanding than lightweight
CNN-only models, it remains significantly less complex
than deeper ResNet-style architectures and is capable of
meeting hard real-time deadlines dictated by the OFDM
symbol duration. The analysis further shows that, with mod-
est levels of parallelism, the per-symbol processing time re-
mains in the order of tens of microseconds, comfortably be-
low the symbol interval (32—40 ps) used in our system.
These results demonstrate that the proposed approach is not
only effective in terms of reliability under challenging un-
dersea RF conditions but also practical for deployment on
modern embedded processors with parallelism support.

4. Concluding Remarks

This paper presented an investigation of a DL-based
OFDM receiver for short-range undersea wireless communi-
cation, where an LSTM network is employed at the OFDM
receiver to replace conventional channel estimation, equali-
zation, and symbol demapping. The LSTM-based network is
trained using supervised learning, with varying architectures
optimized for BPSK, QPSK, and 8-PSK. By leveraging se-
quential feature extraction of LSTM, the proposed approach
eliminates reliance on explicit channel estimation, thereby
improving robustness and complexity. The LSTM network is
evaluated in two representative cases of data transmission
mode in an undersea wireless sensor network, where a direct
wave and both the direct and lateral waves are considered. It
was found that in the direct wave case, the proposed scheme
performs equally with conventional demodulation. For the
case of near seabed transmission, the proposed DL-based
OFDM scheme marked improved BER performance com-
pared to conventional demodulation using the LS channel
equalization method, by 2 to 4 dB. This BER gain is more
evident at higher modulation orders such as 8-PSK, indicat-
ing more than 6 dB of improvement. It was also observed that
the proposed DL-based scheme was resilient to frequency
offsets in dynamic channel conditions involving Doppler
shift.

While the current results offer a strong proof-of-concept
for the proposed scheme in controlled simulation environ-
ments, we acknowledge that real-world deployment may be
affected by practical environmental factors that were not ex-
plicitly considered. These include hardware-induced impair-
ments, such as analog-to-digital converter (ADC) quantiza-
tion noise and oscillator phase noise, as well as dynamic
channel conditions like time variation and Doppler spread
due to mobility, which are evaluated in full detail.

To date, performance evaluation has been limited to
AWGN and Rician fading channels, which are appropriate
for capturing typical underwater RF conditions, particularly
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with dominant line-of-sight and moderate multipath propaga-
tion. However, we recognize that more complex and time-
varying fading behavior may occur in practice. As part of our
future work, we plan to evaluate the model under time-vary-
ing fading channels using stochastic models (e.g., time-cor-
related Rician profiles) and assess hardware effects through
hardware-in-the-loop testing on software-defined radio
(SDR) platforms.

We also plan to experimentally validate the proposed
demodulator on an SDR platform in a controlled laboratory.
A preliminary testbed has been developed using Ettus USRP
N210 devices and custom underwater antennas, with experi-
ments conducted in a seawater-filled tank to emulate short-
range undersea conditions. Initial measurements demonstrate
BER improvement over conventional demodulation by ap-
proximately 4-6 dB, supporting the feasibility of real-time
hardware deployment. These results have been reported in
a recent published work [30] and are not reproduced here to
avoid content duplication and ensure copyright compliance.

Furthermore, future work will explore the extension of
the proposed model to more complex modulation schemes
such as quadrature amplitude modulation (QAM) and inves-
tigate low-latency, energy-efficient deployment on embed-
ded Al accelerators (e.g., NVIDIA Jetson and Xilinx Zynq
FPGA). Successful implementation of the trained LSTM
models on these platforms will enable the proposed scheme
to operate as a drop-in demodulation module in SDR-based
underwater wireless systems.
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