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Abstract

While reinforcement learning-based underwater acoustic adaptive modulation shows promise for enabling environment-adaptive communication
as supported by extensive simulation-based research, its practical performance remains underexplored in field investigations. To evaluate the
practical applicability of this emerging technique in adverse shallow sea channels, a field experiment was conducted using three communication
modes: orthogonal frequency division multiplexing (OFDM), M-ary frequency-shift keying (MFSK), and direct sequence spread spectrum
(DSSS) for reinforcement learning-driven adaptive modulation. Specifically, a Q-learning method is used to select the optimal modulation mode
according to the channel quality quantified by signal-to-noise ratio, multipath spread length, and Doppler frequency offset. Experimental results
demonstrate that the reinforcement learning-based adaptive modulation scheme outperformed fixed threshold detection in terms of total
throughput and average bit error rate, surpassing conventional adaptive modulation strategies.
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1 Introduction

The technology of underwater acoustic communication
(UAC) plays an increasingly vital role in observing marine
life, monitoring water pollution, exploring resources, sur-
veying natural disasters, and ensuring national security
(Gussen et al., 2016; Tang et al., 2020; Huang et al., 2018).
Underwater communications face more severe challenges,
such as frequency-selective fading, large Doppler shifts,
and randomly varying multi-path propagation, than terres-
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trial communications (Stojanovic and Preisig, 2009). More-
over, shallow sea underwater acoustic communication is
further complicated by strong reflections from the sea sur-
face and seafloor, as well as the influence of various types
of anthropogenic noise (Bulut and Ergin, 2021).

Conventional UAC systems, which usually use a single
modulation mode, struggle to adapt to the hostile time-spa-
tial-frequency variations of the underwater acoustic (UWA)
channel (Fan and Wang, 2021). To address this challenge,
adaptive modulation technology has drawn significant
attention from the community by adjusting modulation
parameters or switching modulation modes to accommo-
date the adverse variations of the UWA channel. Recently,
growing investigations have been conducted on the adap-
tive modulation of UAC.

Benson et al. (2000) proposed an adaptive modulation
system to select between coherent modulation and incoher-
ent modulation based on time delay spread and Doppler
spread. Mani et al. (2008) proposed a variable-rate adap-
tive modulation coding technique that uses an achievable
information rate and equalized signal-to-noise ratio (SNR)
as criteria for selection and verified its feasibility through
experiments. Radosevic et al. (2014) introduced an adap-
tive modulation technique for orthogonal frequency divi-
sion multiplexing (OFDM) that uses adaptive bit and power
allocation. Wan et al. (2015) proposed a new index for
assessing communication performance.

Barua et al. (2022) designed a real-time OFDM-based
adaptive modulation UWA communication system. The



Y.F. Qiu et al.: Evaluation of Reinforcement Learning-Based Adaptive Modulation in Shallow Sea Acoustic Communication 203

proposed cluster-based adaptive modulation schemes use
estimated SNR and predefined thresholds to switch modu-
lation sizes for clusters. Experiments conducted in tanks
and rivers demonstrated that the schemes can achieve
superior performance for a nonstationary, time-varying
UWA channel.

However, conventional methods for classifying thresh-
olds based on channel state information (CSI) generally
require a large amount of prior filed data to determine the
corresponding thresholds, and different environments may
require distinct thresholds. Moreover, adaptive modulation
requires a feedback link to transmit the current CSI and
demodulation BER back to the transmitter, providing a ref-
erence for switching to the next modulation mode. How-
ever, the time delay associated with round-trip handshak-
ing (Su et al., 2022) can render the feedback information
outdated, leading to lagging modulation adaptation and
performance degradation.

Recently, machine learning has received considerable
attention as a key enabler for advancing terrestrial wireless
communications, offering a novel approach to underwater
adaptive modulation communication (Huang et al., 2022).
Zhu et al. (2023) proposed a learning model called AttL-
stmPreNet to predict UWA channels. This model com-
bines an attention mechanism with LSTM-based architec-
tures to capture sparsity in time-delay scales and coher-
ence in the gap-time scale. The proposed method demon-
strates superior prediction accuracy to adaptive channel
predictors and the plain LSTM model. Reinforcement
learning (RL) focuses on enabling learning agents to take
actions in a certain environment based on feedback to max-
imize cumulative rewards over time. It is considered an
effective approach to making wise decisions in a dynamic
environment. RL has shown great potential in AUV path
planning (Bhopale et al., 2019), UWA network routing
(Zhang et al., 2021), and UWA communication. Wang et al.
(2018) developed a model-based RL adaptive transmission
algorithm for time-varying UWA channels. The approach
formulates the adaptive problem as a partially observable
Markov decision process.

Fu and Song (2018) investigated a Dyna-Q-based adap-
tive modulation algorithm designed to predict the next state
and communication throughput according to the effective
SNR. The results were validated in a mobile AUV scenario.
Su et al. (2019) proposed an adaptive modulation and cod-
ing scheme using RL to improve communication efficiency.
This approach selected a transmission strategy based on
the quality of service requirements without requiring a
priori knowledge of the channel model.

However, most previous research has relied on numerical
simulations, revealing a considerable lack of field investi-
gations under practical UWA channel conditions to evalu-
ate the performance enhancements of reinforcement learn-
ing-based modulation optimization. Huang and Diamant

(2020) used realistic experimental data to validate a through-
put classification approach. However, due to the drifting of
the two receivers and the time-varying channel, the chan-
nel state (SNR) varied across different modulation schemes.
Sweta et al. (2024) proposed a reinforcement learning-based
automated modulation switching algorithm designed to
enhance data transmission efficiency and communication
quality. The study presents a cost-effective acoustic modem
design using commercially available components, imple-
mented on a Raspberry Pi, enabling full-duplex underwa-
ter communication. Although a number of RL models have
been successfully applied to adaptive communication, vali-
dation experiments based on real marine environment data
are limited. A field experiment in a representative shallow
water channel is conducted to assess the practical effective-
ness of RL in shallow sea underwater acoustic communica-
tion. The evaluation involved three modulation modes,
namely, OFDM, MFSK, and DSSS; it provided a perfor-
mance analysis and comparison of Q-learning-driven adap-
tive modulation schemes using field verification data.

2 System model

Without loss of generality, a node-to-node UAC link is
considered for evaluation of the Q-learning adaptive modu-
lation scheme, and the underwater acoustic channel is
assumed to be stationary within the duration of each packet.
The flowchart of the Q-learning adaptive modulation UWA
acoustic communication system is shown in Figure 1.

The adaptive modulation acoustic communication sys-
tem consists of two components: a single-input/single-out-
put acoustic transceiver and an optimization process. For
each period, N bits of information are generated and modu-
lated into a packet signal. The signal is transmitted to the
RX, which initially performs channel estimation to acquire
the CSI knowledge h,, where h; = [R, T,, D]T indicates the
jth measured CSI feature that contains three CSI features,
including the received SNR, the multipath time delay
expansion length, and the Doppler shift value. The mul-
tipath delay expansion is defined as follows:

Th=t-14 M

t, = argmax A(z) = 0.3 x A, (1) 2

where t, represents the time of the arrival of the direct sig-
nal, A(t) indicates the matched filter output, and A, refers
to the maximum peak amplitude of the matched filter output.

Then, the h; and the bit-error-rate (BER) is sent back to
the TX. According to h;, an appropriate modulation mode
m; e M,ie{l,2, -, 1}is selected under a specific policy
n. The target of = is expressed as follows:
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Figure 1 Illustration of Q-learning adaptive acoustic communication system
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where F/ = (1 - e;) x V' indicates the throughput of the jth
packet signal, e; denotes the bit error rate of the jth signal,
and V' refers to the bit data rate of the m; modulation mode.
We formulate the communication process as a Markov
decision process and use Q-learning to solve the problem.
Then, the total throughput is defined by the following
equation:

Fa = iFI: 4)

where N indicates the total number of the transmitted pack-
ets, and k denotes the number of the transmitted packet.
The action space and state space are defined as A =

{m;,m,,--,m}andS= {hl, hy, ++, h;, } respectively.
The immediate reward function is the instantaneous through-
put of the receiver for any given state S; and action A,

expressed as follows:
r(s; A) = dFf ®)

Parameter d equals 0 if transmission fails or 1 if trans-
mission succeeds. The TX updates S; when the feedback
message is sent back and then calculates the instant reward
using Equation (5).

Subsequently, we use the Q-learning algorithm to calcu-
late the Q-values according to the current state and reward,
as follows:

Q(S;A)) < Q(s; A +
o[ r(8, A) + ymaxQ(S,. 1, AlL1) - Q(S;A)] 6)
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where « € (0, 1) is a positive learning rate to control the
weighting of current experience, and y € (0, 1) indicates
the discount factor.

The equation iteratively refines the Q-values by incorpo-

rating new experiences. The current estimate Q(Sj, Aj) is
updated toward a more accurate estimate that reflects the
immediate reward r (Sj, Aj) and the expected future rewards,

discounted by 7.

This adjustment process incrementally aligns the Q-val-
ues with the true expected cumulative rewards. The term
in square brackets represents the TD error, quantifying the
discrepancy between the current Q-value and the new esti-
mate based on observed rewards and estimated future
rewards. This error guides the updates, ensuring Q-values
adapt to deviations from expected outcomes.

Repeated applications of the update equation across
numerous iterations drive the Q-values toward an optimal
estimation of the action-value function. This iterative refine-
ment is critical for the algorithm to accurately represent
expected cumulative rewards, enabling the development
of an effective policy.

Convergence occurs as updates decrease in magnitude,
signaling that the Q-values are stabilizing near their opti-
mal values. During exploration, the agent experiments with
various actions, enriching its experiences and influencing
Q-value updates. By contrast, exploitation relies on learned
Q-values to select actions expected to maximize rewards.

To balance exploitation and exploration, the Boltzmann
exploration strategy is used (Abdallah and Kaisers, 2016).
The policy =(S,A) is defined as a function of Q-values
and z, formulated as follows:

n(SpA)= —— 7
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where n(Sj, Aj) indicates the probability of selecting action

A, at state S;, and 7 denotes the temperature. While a higher
7 suggests a more random strategy, a lower z corresponds
to a more greedy strategy. From Equation (7), we can
observe that the action with higher Q-values will have a
greater probability of being selected. Based on Equations
(6) and (7), the transmission strategies for the next state
can be optimized accordingly. The Q-table continuously
iterates until it stabilizes.

During training, the channel state is influenced by multi-
ple factors, preventing a strict mapping of modulation
methods to specific states. Instead, an iterative training
and trial-and-error process allows the agent to develop a
learning strategy, enabling the selection of the most appro-
priate approach.

3 Experimental configuration

The field experiment was conducted in Wuyuan Bay,
Xiamen, China. It is a semienclosed bay with an average
depth of approximately 10 m. The signal was transmitted
from a transceiver fixed at a depth of 5 m, and the trans-
mitted signal was received and collected by a receiver sus-
pended at the same depth, with a sampling rate of 75 kHz.
The frequency bandwidth of the transducers was 13—-18 kHz.
The distance between the two terminals was 820 m, as
shown in Figure 2. Remarkable impulse noise can be
observed in the collected signal waveform due to frequent
boat traffic passing by the experimental location, as illus-
trated in Figure 3.

Figure2 Map of the field experiment

Three typical modulation modes were adopted as candi-
date modulation modes, namely, OFDM, MFSK, and DSSS
for evaluating the performance of adaptive modulation.
Among them, OFDM s suitable for high data rate trans-
mission in favorable channel conditions, whereas DSSS
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Figure3 Waveform of experimental signal

offers high reliability at low data rates under adverse con-
ditions. MFSK provides a balance between data rate and
communication reliability.

Figure 4 illustrates the structure of the packet for UWA
communication associated with different communication
modes. This framework consists of a sync preamble, guard
time, and information symbols. The sync preamble is com-
posed of a linear frequency modulation signal, which can
be used to obtain the SNR and multipath time delay expan-
sion length. The SNR is calculated using Equation (8).

— 10' Psignal 8
14 0010\ p (8)

noise

where y indicates the received SNR, P, denotes the sig-
nal power, and P ;.. represents noise power.

The Doppler shift value and the multipath delay expan-
sion length are obtained using the methods described in Li
etal. (2019a, 2019b).

With the same configuration of sync preamble and guard
time, the information symbols use the modulation schemes
of OFDM, DSSS, and MFSK. The specific parameters for
each communication mode are provided in Table 1.

In the sea experiment, three types of UWA communica-
tion signals were transmitted and collected every 10 min
from 4:30 pm to 8:50 pm throughout the experiment dura-
tion. The channel impulse response measured during the
experiment duration is shown in Figure 5. The figure
demonstrates that the multipath pattern experienced evi-
dent variations.

4 Experimental results and analysis

The SNR, multipath spread, and Doppler shift (Wan

Guard
time

20 ms 21.3ms

Figure 4 Structure of the packet

v
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Table 1 Key modulation parameters of each communication mode
OFDM DSSS
Number of subcarriers Data rate (bits/s) T, (MS) Chip rate (chip/s) Carrier frequency (kHZ)  Data rate (bits/s) Ty, (S)
200 1831 587.6 2343 f.=155 55 14.028
MFSK
Symbol duration (ms) Number of frequency bin Data rate (bits/s) Ttz ()
T=13.65 M =16 188 6.458
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Figure 5 Estimated CIR during the experiment duration
30
et al., 2012) measured during the experiment are provided Ezs !
in Figures 6(a), (b), and (c) respectively. On this basis, the E
CSI of the collected information data was calculated. As E
shown in Figure 6(a), the SNR of all packets exhibits a £
descending trend with considerable fluctuations, ranging f;"
from 5 to 29 dB. Meanwhile, the multipath spread is gener- =
ally higher after the start of the 19" sequence, as revealed
in Figure 6(b). The behavior of SNR and the multipath

spread indicate that the channel quality deteriorated in the
second half of the experiment duration. The reason for this
finding is that the depth of Wuyuan Bay decreased due to
the tide. Notably, compared with SNR and multipath spread,
the Doppler value appeared more stochastic in Figure 6(c).
Given that the transducers at both sides were fixed to
wooden stacks with ropes, a smaller relative motion was
observed, resulting in overall low Doppler values for all
data packets.

According to each packet’s CSI, 27 states can be obtained
during the experiment, namely, h,, h,, --+, h,,. To optimize
the transmission mode and enable adaptive modulation,
the Q-learning algorithm, as described in Section 2, is
adopted to train the collected data. The discount factor 7y,
learning rate «, and temperature parameter ¢ are set to 0.1,
0.1, and 100, respectively.

For performance comparison with respect to the Q-learn-
ing scheme (Scheme 1), two other conventional UWA trans-
mission selection schemes, i.e., the fixed threshold adap-
tive modulation scheme (Barua et al., 2022) (Scheme 2)

@ Springer
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and randomly choosing adaptive transmission scheme (Wang
et al., 2018) (Scheme 3), were adopted. For Scheme 2, the
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assumption is that the modulation mode can be efficiently
selected based on the feedback CSI and the pre-defined
threshold, indicating that the selected mode matches the
state from the previous moment. In addition to the three
adaptive modulation schemes, each individual modulation
mode was adopted for performance comparison.

The performance of different single modulation modes,
as well as adaptive modulation strategies, is shown in
Figures 7(a) and 7(b), respectively. The figures illustrate that
Scheme 1 achieves the highest throughput F,,, correspond-
ing to a total throughput of 14 645.3 bits, which is 14.8%
higher than that of the second highest throughput achieved
using the single OFDM mode at 12 762.1 bits. A sudden
increase in throughput was observed at certain sequences
because the mode has been transformed into the OFDM,
whose bit rate is much higher than the other. The total
throughput of Schemes 2 and 3 is 9 139.4 and 8 332.3 bits,
respectively. The 16 FSK and DSSS modes produce the
lowest throughput of 2 425.9 and 1 485 bits, respectively.

However, in terms of communication reliability, as indi-
cated by the BER, although the single OFDM mode
achieves the second highest total throughput, it generated
the worst BER results for most of the experimental dura-
tion, as indicated in Figure 7(b). By contrast, Scheme 1 and
the single DSSS mode yielded the best BER performance.
The single MFSK corresponded to an increasing BER as
the channel quality degraded after packet sequence 19.

To specify the performance comparison among the three
adaptive modulation schemes, the modulation mode se-
lected for each transmission packet is shown in Figure 8.
The figure demonstrates that the switching of transmission
modes is dependent on the variation of the channel state.
Specifically, under large Doppler shifts or low SNR, the
transmission strategy tends to switch from OFDM to
MFSK. However, when the multipath spread exceeds a
certain threshold, or the SNR becomes extremely low,
resulting in poor performance of OFDM and MFSK, the
transmission strategy switches to the most robust option,
namely, DSSS.

The channel conditions from the previous period no lon-
ger satisfy the modulation strategy transmission conditions
of the current moment due to the channel’s variation dur-
ing the experiment. For Scheme 1, the RL algorithm was
used to select the appropriate action for the next moment
based on the current reward and Q value of the previous
moment. This approach is applicable when dealing with a
specific sea area.

In the case of Scheme 2, the mode was selected using
the CSI from the previous moment. Thus, the transmission
strategy may not be suitable for the next moment, thereby
deteriorating the performance. In Scheme 3, as the trans-
mission strategy was randomly selected, the corresponding
performance experiences significant fluctuations, as revealed
in Figure 7.
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5 Conclusions

While reinforcement learning-based adaptive modulation
has been recognized as a promising approach to address
the challenges posed by harsh UWA channels, experimen-
tal investigations from the perspective of field data-driven
evaluation and comparison are limited. This gap causes
difficulty in quantifying its performance improvement
compared with traditional single communication modes or
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conventional adaptive modulation strategies.

In this study, an at-sea RL adaptive modulation UWA
communication experiment is conducted to evaluate the
practical effectiveness of RL in optimizing adaptive modu-
lation UWA communication.

Specifically, the experimental adaptive modulation UWA
communication system includes three types of communica-
tion modes, with optimal switching driven by the Q-learn-
ing strategy according to the quantitative channel state infor-
mation. Meanwhile, traditional single-mode modulations
and adaptive modulation schemes are used as reference
points for performance comparison.

The practical performance analysis and comparison veri-
fied that for the specific shallow water channel that exhib-
its evident time delay/Doppler variations, reinforcement
learning-based underwater acoustic adaptive communica-
tion outperformed other single-mode or adaptive modula-
tion approaches. This method shows strong potential for
application in adverse shallow water channels. In the future,
more comprehensive field experiments will be conducted
to further evaluate its practical performance.
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