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Abstract—As underwater acoustic channels are highly variable,
both temporally and spatially, it is impossible to design a single
communication scheme that works well everywhere and at all
times. Adaptive modulation and coding (AMC) techniques can
help determine the best communication scheme to use for a
particular channel, but require an accurate model to predict
communication performance. We propose a bit error rate (BER)
estimation model that fuses domain knowledge with experimental
data, yielding BER estimates that are consistent with experimen-
tal observations. Predictions from such a model are used to drive
an AMC algorithm to maximize communication throughput. For
AMC, regular feedback from the receiver to the transmitter
is necessary to gather channel state information (CSI). On the
one hand, obtaining feedback too often drastically impacts the
communication throughput in channels with long propagation
delays, but on the other hand, insufficient feedback leads to
poor AMC decisions and hence poor throughput. We propose a
dynamic feedback strategy to automatically find the right balance
and maximize communication performance.

I. INTRODUCTION

Given the spatial and temporal variability in underwater
acoustic channels, a single communication scheme that per-
forms well in all channels at all times is impossible to find.
Adaptive modulation and coding (AMC) techniques can help
alleviate this problem by finding the best communication
scheme to use for reliability and high throughput [1]–[5].

Channel state information (CSI) gathered through the feed-
back packets assists in predicting the channel at least one
travel time ahead. This allows for the selection of physical-
layer parameters, in turn enabling adaptive strategies [6],
[7]. BER is a common figure of merit for evaluating the
performance of a digital communication system, and Monte
Carlo (MC) error count is regarded as a robust BER esti-
mation strategy [8], [9]. The MC strategy, however, always
requires a significant accumulation of transmission samples to
facilitate Bayesian model fusion with a Bernoulli distribution
to estimate BER [10], [11]. When an AMC algorithm changes
communication schemes often, MC techniques perform poorly
due to scarcity of transmission samples of each scheme. The
authors in [12] theoretically predict BER as a function of
signal-to-noise ration (SNR) based on various channel models
(Rayleigh, Rician, and Nakagami). Some studies introduced
machine learning (ML) algorithms to estimate median BER as
a function of SNR [13] and channel-physics-related parameters
(e.g., delay spread, Doppler spread etc.) [14]. It is recognized
that channel physics information such as delay spread, Doppler

spread, and ambient noise level can provide a basis for
evaluating the average channel performance of various AMC
schemes (e.g. packet success probability [15]).

There is also an inherent trade-off between CSI feedback
periodicity from the receiver and the estimated channel’s
accuracy. Due to the long propagation delays incurred in
underwater acoustic communication, it is expensive to collect
CSI information for every packet that is transmitted [16],
[17]. In [18]–[20], the temporal correlation in the channel is
exploited for decision making for the waiting interval between
consecutive feedback for short-range wireless communication.
Considering a more general case, the authors in [21] use an
ML-based feedback scheme that dynamically changes the CSI
feedback interval, but ignores propagation delays.

In this paper, we build on the work presented in [15],
[22] to formulate a channel-physics-driven BER estimation
model for AMC, and validate it using the experimental data
collected in Singapore waters. Since the model can be utilized
to infer BER of any communication scheme without the
need to transmit, we can significantly reduce the number of
transmissions required in converging to the optimal scheme.
We also design an adaptive feedback strategy to determine
the number of transmission packets before the receiver sends
back the feedback information. Such feedback strategy aids in
achieving better AMC performance by reducing the overhead
due to the the large propagation delays.

II. PROBLEM FORMULATION

Information packets are transmitted from a transmitter (Tx)
to a receiver (Rx) deployed at a distance l from the Tx.
This point-to-point channel is modeled as a Binary Symmetric
Channel (BSC) [23]. Prior to each packet transmission, we
select a communication scheme a ∈ A to suit the current chan-
nel conditions, based on the best estimate of the channel that
we have. We also decide on a feedback report interval (FRI),
i.e., the number of transmission packets h ∈ H between two
consecutive feedback packets. The feedback is sent over a
robust link for providing CSI. Therefore the decision space
(also known as the action space) has a cardinality |A × H|.
An agent learns a policy Π via continuous interaction with
the environment to make sequential decisions on a and h to
transmit totally N bits. The policy Π is a function that maps
from the state space to the action space, i.e., Π : S → [A×H].
After transmitting the jth packet, the agent is in state sj ∈ S.



Fig. 1. An illustration of the delays involved in a typical packet exchange
between the transmitter and the receiver node.

State transitions occur following a transition function Γ, based
on information received via feedback. Finally, agent transits
to the terminal state sJ (and thus j = 0, · · · , J) to have all
N bits transferred with totally K feedback packets sent out
from Rx. The round-trip packet exchange duration includes
the packet transmission duration τj , a two-way propagation
delay 2τpd and a feedback duration τfd, as illustrated in Fig. 1.

In state sj , given a modulation scheme a with uncoded data
rate d(a), BER estimation model ζ(·) predicts the uncoded
BER ε̂(a):

ε̂(a) = ζ(a;θj), (1)

where θj denotes the parameters of ζ(·), which are adapted
as the CSI is updated. Shannon’s channel capacity [24] deter-
mines the code rate limit ρ̂(a) for error-free communication.
With the use of a good forward error correction (FEC)
technique, one can achieve robust communication at rates close
to (but strictly less than):

ρ̂(a) = 1− f(ε̂(a)), (2)

where the entropy is computed as f(x) = −x log2 x − (1 −
x) log2(1 − x). The transmitter adds redundant bits to the
information, forming codewords, resulting in effective data
rate:

D̂(a) ≈ d(a)ρ̂(a). (3)

The agent then evaluates a scheme a on the basis of D̂(a)
and selects the optimal scheme a∗ using:

a∗ = argmax
a∈A

D̂(a). (4)

We define a model M(·) that helps us decide FRI h:

h =M
(
{N ′j , rj};ωj

)
, (5)

where ωj represents the trainable parameters of model
M(·). The model operates on two parameters: the immediate
throughput rj , computed using previous h packets, and the
percentage of transmitted bits N ′j . The parameters N ′j , and rj
are good indicators of the quality of a∗.

After gathering the feedback information, the state sj ≡
{θj , N ′j , rj ,ωj} transits to the state sj+h using the state

transition function Γ(·), i.e.,

sj+h = Γ(sj ,a
∗, h)

= {θj+h, N ′j+h, rj+h,ωj+h}.
(6)

In transmitting N bits, it takes J data packets and K
feedback packets (both of which are unknown). We wish to
minimize the total time to transmit all N bits:

minimize
J∑
i=0

τi +K(τfd + 2τpd). (7)

III. ADAPTIVE MODULATION AND CODING

A. BER estimation model

We consider a modem that uses Orthogonal Frequency
Division Multiplexing (OFDM) for communication, but allows
several parameters to be tuned. There are two key parameters
in OFDM: the cyclic prefix length np and the number of sub-
carriers nc. Another important parameter is the bandwidth B
occupied by the OFDM signal. Before a packet is transmitted,
nc, np and B are selected to optimize for the performance. An
AMC scheme a is therefore defined as a point in (nc, np, B)
space. The uncoded data rate d(a) is then:

d(a) =
mBnc

nc + np
, (8)

where m is the number of bits per PSK symbol on each
subcarrier use for the underlying OFDM carrier modulation
(e.g. m = 1 for BPSK and m = 2 for QPSK).

In [15], the channel delay spread τds, channel coherence
time τc and, bandwidth B, were utilized to define boundaries
c1, c2 and c3

nc > 2πBτds = Bc1, (9)

np > Bτds = Bc2, (10)

nc + np < Bτc = Bc3, (11)

in the (nc, np) plane. These boundaries divided the region into
a relatively good region represented by blue shaded color and
a bad region represented by red shaded color (see Fig. 2).
Schemes inside the good region are more likely to achieve a
higher packet success rate which is usually associated with a
lower uncoded BER [25]. In line with [15], a sigmoid function

s(d) =
1

1 + e−bid
, i = 1, 2, 3, (12)

is utilized to characterize the BER estimation model based
on the relative position of the point (nc, np) with respect to
the three boundaries ci, i = 1, 2, 3 (see Fig. 2). The slope of
the three sigmoid functions is controlled by bi, i = 1, 2, 3.
Additionally, there is a relationship between the bandwidth B
and the BER as a broader bandwidth is likely to contain more
noise and thus might result in a higher BER [26]. Based on
this, a simple parametric BER estimation model ζ(a;θ) to
estimate uncoded BER ε̂(a) is proposed as:

ζ(a;θ) = (b4B + c4)s(−d1)s(−d2)s(d3), (13)



Fig. 2. Visualization of the boundaries c1, c2 and c3 in the (nc, np) plane.

d1 = nc −Bc1, (14)

d2 = np −Bc2, (15)

d3 =
nc + np −Bc3√

2
, (16)

where d1, d2, d3 are distances as shown in Fig. 2 and θ ≡
(c1, c2, c3, c4, b1, b2, b3, b4).

B. Validation of BER estimation model

The BER estimation model presented in Section III-A is val-
idated using experimental data that was collected in Singapore
waters. Subnero M25M modems operating in the 18 to 32 kHz
band were used for this data collection. The transmission
range between the Tx and Rx was about 600 m, and the
water depth was between 10 and 20 m. The BER for 1979
schemes a = (nc, np, B) were measured, where nc was set to
different values from the set {64, 128, 256, 512, 1024, 2048}
and np ranged from 0 to 2046.

An ADAM optimizer [27] together with a maximal absolute
error loss was utilized to train θ on 70% of the data set.
In Fig. 3, we compare the BER ε̂ estimated using the para-
metric model ζ(·) with the actual BER ε measured for each
(nc, np, B) in the remaining 30% of the data set. Since the
measured BER was observed to be similar between adjacent
values of np, the result is only plotted for every nc with np
grouped with a bin size of 128. Furthermore, since the effect
of B was observed to be small, all values of B for which
the measurements were performed are clubbed together in the
plot. We observe that the model ζ(·) is able to approximate
the median BER from sea measurements well.

C. Scheme selection policy

Since we have no knowledge of the quality of the commu-
nication link beforehand, the agent needs to make decisions on
a while learning about the channel information via feedback.
A well-known problem that occurs in scenarios like this is
the trade-off between exploration and exploitation of different
schemes. We need to select a given ε̂(a) estimated using

Fig. 3. Comparison of the measured BER in the field experiment and the
estimated BER using model ζ(·).

ζ(a;θj). Should we repeat decisions with lower ε̂(a) (exploit)
or select schemes that are never tried before hoping to gain
greater rewards and expand the channel knowledge (explore)?
The adaptive ε-greedy policy is a simple but efficient strategy
to solve the explore-exploit dilemma and determines scheme
a∗ as following:

a∗ =

argmax
a∈A

(
d(a)ρ̂(a)

)
, with probability 1− ε

Random, with probability ε
,

(17)
where ε gradually decreases from 1 according to the common
ratio εd along with the transmission of packets.

IV. FEEDBACK STRATEGY

Gathering CSI via feedback from the receiver is essential
for any AMC technique. However, due to the long propagation
delays in underwater acoustic communications, waiting for
feedback on every individual packet is expensive, and hence
a policy to determine the FRI h that adapts with channel is
necessary. A fixed FRI is commonly used in the literature
while being able to adapt h to optimize for achieving higher
throughput is an interesting problem. Conventional regression
algorithms may help determine FRI h, but they require a large
number of samples to train on. Such data with many different
values of h is usually hard to obtain. A feedback strategy
based on a heuristic sigmoidal function in [22] utilizes the
immediate data rate of the previous FRI h to deduce the next
h, and was demonstrated to achieve a significant reduction in
the feedback overhead. We aim to improve on this heuristic
and design a more generic adaptive feedback strategy next.

While in state sj , we receive the feedback and therefore up-
date N ′j . The number of bits in each packet nj and the packet
duration τj remain unchanged in a particular transaction once
an action a is selected. Therefore, the immediate throughput
is computed using:

rj =
hnj

hτj + 2τpd + τfd
. (18)

Now that we know, rj , N ′j and FRI, we are interested in
determining h as a function of these. However such a function



is analytically unknown, and so we turn to ML to learn such
a function. We build the model M(·) using a simple 3-layer
neural network (NN) with input being {rj , N ′j , h} and output
as the predicted throughput r̃j+h and therefore,

h∗ = argmax
h∈H

M
({
N ′j , rj , h

}
;ωj

)
, (19)

where ωj contains the parameters of M(·). The ADAM
optimizer was used for training of ωj to minimize the MSE
loss between the actual rj+h and predicted r̃j+h.

Since the action space [A×H] is large, collecting samples,
i.e., {rj , N ′j , h} → rj+h, for training M(·) in real time
is infeasible. We, therefore, propose a method to generate
training samples through simulation, and to pre-train an initial
estimate of parameter vector ω0 (see Algorithm 1). We assume
θ̄ and thus ζ(a; θ̄) represent specific ocean environments.
To simulate the uncertainty in the environment, we generate
random errors in a packet containing n bits following a
Poisson distribution P , and thus the BER of scheme a is
ε(a) = P (ζ(a;θ̄)n)

n . With different values of θ̄, we collect
training samples by simulating transmission with scheme a
and h. To generate different values of θ̄, we take inspiration
from measured values of τds and τc in different ocean [28]–
[31], and randomly generate τds less than 10 ms and τc
between 0.01s and 2s and compute c1, c2, c3. Without obvious
quantitative relationship between the remaining parameters of
θ̄ and BER, b4 and c4 are uniformly generated from 0 to 1.
Slopes b1, b2, b3 are also uniformly generated between 0 and
1.

Algorithm 1 Algorithm to obtain an initial parameter esti-
mates ω0

Input: [A × H], transmission distance l, BER estimation
model ζ(·), and h selection model M(·), εd.

1: Initialize state s0 = {θ0, N ′0 = 0, r0 = 0,ω0} where θ0
and ω0 are randomized.

2: Generate θ̄.
3: while N ′j < 1 do
4: Select a using (17) and randomly select h ∈ H.
5: Transmit packets and receive feedback.
6: Perform state transition sj → sj+h:
7: Update θj based on a and ε from ζ(a; θ̄).
8: Update ωj based on {rj , N ′j , h} → rj+h.
9: Update N ′j+h and rj+h.

10: end while
11: Reset initial state s0 = {θ0, N ′0 = 0, r0 = 0,ω0} where

θ0 is randomized while the final ωJ during the previous
simulation is assigned to ω0.

12: Back to line 2 until training ends.
Output: ω0.

V. SIMULATION RESULTS

We compare the proposed feedback strategy of adaptive
model M(·) with the pre-trained ω0 with a Random strat-
egy, where h is randomly picked between 1 and 50, and a

Fig. 4. Average throughput on a point-to-point link when using different
feedback strategies.

Regular strategy where h = 5, 10, 15, · · · , 50 is fixed a priori.
Transmission distance l is set to 3 km and τfd = 100 ms.
m is set to 1 in (8) and εd = 0.9 in the adaptive ε-
greedy policy. The simulation stops when N = 100, 000 bits
are transferred. The number of sub-carriers are set to nc =
64, 128, 256, 512, 1024, 2048, and np ranges from 0 to 2048.
100 different θ̄ values are generated to obtain a pre-trained
ω0. For different feedback strategies, policy Π is executed 100
times, and the average throughput computed is shown in Fig. 4.
We observe that the policy Π when using Random strategy
provides a throughput that is significantly poorer than what can
be achieved via the proposed adaptive strategy. When using
the Regular strategy, the median throughput initially increases
with h, but gradually reduces when the value of h increases
beyond a point. Selecting the optimal h a priori is generally
difficult, but our proposed adaptive policy is able to select it
dynamically.

VI. CONCLUSIONS

We evaluated the joint effect of AMC and the feedback
strategy on the average throughput on a communication link.
With the assistance of channel physics, our proposed BER
estimation model for AMC achieves satisfactory channel per-
formance with low computational complexity. An adaptive
feedback strategy proved to be essential in deciding the
appropriate times at which the feedback needs to be sent out.
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