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Abstract

To improve the transmission efficiency and facilitate the realization of the scheme,

an adaptive modulation (AM) scheme based on the steady-state mean square error
(SMSE) of blind equalization is proposed. In this scheme, the blind equalization is
adopted and no training sequence is required. The adaptive modulation is imple-
mented based on the SMSE of blind equalization. The channel state information
doesn’t need to be assumed to know. To better realize the adjustment of modulation
mode, the polynomial fitting is used to revise the estimated SNR based on the SMSE.
In addition, we also adopted the adjustable tap-length blind equalization detector to
obtain the SMSE, which can adaptively adjust the tap-length according to the specific
underwater channel profile, and thus achieve better SMSE performance. Simulation
results validate the feasibility of the proposed approaches. Simulation results also show
the advantages of the proposed scheme against existing counterparts.

Keywords: Underwater acoustic communication, Adaptive modulation, Steady-state
mean square error, Blind equalization detector

1 Introduction

Underwater acoustic channels are considered as one of the most challenging commu-
nication channels, generally characterized by low propagation speed of sound in water
(nominally 1500 m/s), limited bandwidth, and complex multipath propagation which
results in frequency-selective fading [1-5]. Multipath propagation and limited band-
width place significant constraints on the achievable throughput of underwater acoustic
communication (UAC) systems. The bandwidth efficiency is an important system indi-
cator [6-8], to increase the bandwidth efficiency of UAC systems, adaptive modulation
(AM) schemes, which have the ability to adjust modulation modes according to channel
conditions, can be employed.

The investigation on the application of AM to underwater acoustic communications
has been limited in comparison to the extensive investigations for terrestrial radio com-
munication. In [9], an AM scheme based on channel prediction is proposed, in which
the channel state information (CSI) of future time is predicted with the estimated CSI of
a previous time and then used to adjust the modulation mode. An adaptive modulation
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approach based on the signal-to-noise ratio (SNR) is proposed in [10], in the approach,
the SNR is obtained after channel estimation and then used as the working mode indica-
tor to select the appropriate modulation mode. In [11, 12], the future BER is predicted
based on the CSI and SNR using the decision tree approach. In [13—15], the machine
learning algorithms are used to select the modulation mode. However, these schemes in
[9-15] assume that the CSI can be well estimated and non-blind equalization approach
is adopted. For practical underwater acoustic communication, due to the complexity and
variability of the underwater acoustic environment, the CSI is actually difficult to obtain.
Moreover, to obtain a better estimation for the channel, sufficient pilot sequence length
is required by non-blind equalization, and thus the transmission efficiency of the under-
water acoustic channel with limited bandwidth is significantly reduced.

In this paper, we propose an adaptive modulation scheme based on steady-state mean
square error (SMSE) for the underwater acoustic communication system. In the pro-
posed scheme, the channel state information does not need to be assumed to be known,
the adjustment of modulation mode is realized based on the output SMSE of blind
equalization detector (BED). To achieve better performance, an adjustable tap-length
BED (ATL-BED) is also adopted. Compared with the fixed tap-length BED (FTL-BED),
better SMSE can be obtained under the same conditions. In addition, for BED, a pri-
ori knowledge of transmitted signal statistics is used to recover transmitted signals, no
training sequence is required. Therefore, the transmission efficiency of the system can be
improved.

2 System model

For communication over underwater acoustic channels, OFDM is an efficient scheme.
However, its performance will suffer from high peak-to-average power ratio (PAPR)
value, and inter-carrier interference (ICI) caused by uneven Doppler frequency shift
[16]. Compared with OFDM, Single-carrier (SC) technology has a better PAPR and is
less sensitive to frequency offset. To avoid being affected by these problems, the SC is
also a promising alternative approach [17]. Therefore, in the system model, the SC is
adopted.

In the adaptive modulation, BPSK, 4QAM, 8QAM, and 16QAM are provided at the
transmitter. For each transmission, the modulation mode may be adjusted to maximize
the throughput. The channel is modeled by statistical underwater acoustic channel
model [18, 19]. At the receiver, demodulation is performed using a blind equalization
detector. The discrete model of the system is depicted in Fig. 1.

ﬂ»{ Modulation )&ﬁ UwcC )ﬂﬂ BED )b—>
‘ v

Adaptive | Performance
adjustment | metrics

Fig. 1 Discrete model of the system
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All the signals are sampled at the symbol rate, where the index # represents the signal
sample at time nT,, where T is the symbol period. The received signals can be expressed
as

r(n) = s(n) x h(n) + v(n) (1)

where * denotes convolution, s(#) represents the transmitted signal after the modulation,
h(n) denotes the discrete underwater acoustic channel impulse responses, v(n) repre-
sents samples of additive white Gaussian noise with zero mean and variance ¢*.

The adaptive modulation procedure is described below. First, a transmitter node will
initiate a request-to-send (RTS) message, and the receiver node will reply with a clear-
to-send (CTS) message after receiving RTS. The CTS will report the steady-state mean
square error (SMSE) of blind equalization, upon which the transmitter node will esti-
mate the SNR and chose a suitable modulation scheme, and transmit a data burst to the

receiver node.

3 Method: the proposed adaptive modulation scheme based on steady-state
mean square error

One critical component of an AM system is to find an appropriate performance metric,
based on which the transmitter can switch to a suitable transmission mode. The existing
schemes assume that the CSI can be well estimated. However, due to the variability of
the underwater acoustic channel, the CSI is difficult to obtain. Considering the realiza-
tion of the actual AM system, the output SMSE of BED can be used as the performance
metric to select the appropriate modulation mode. The proposed scheme does not need
to know the CSI, thus, it is more suitable for practical underwater acoustic AM systems.

3.1 Acquisition of steady-state mean square error

The SMSE is an important parameter in the detection performance of BED. The smaller
the value is, the better performance the detector can achieve. In contrast, a larger value
of SMSSE may induce worse performance. Therefore, the SMSE can be used as the met-
ric to adjust the modulation mode. Compared with constant modulus algorithm-(CMA)
based blind equalization, the multi-modulus algorithm-(MMA) based blind equalization
can implement carrier phase recovery at the same time, and thus the rotator does not
require to be added in steady-state operation. For MMA, the cost function is defined as
[20]

Jm (k) = Jr(k) + J1 (k) 2)
where J;(k) is the cost function, i € {R,I}, and can be given by
AD 2
Jitky = E4 [72(0) = Ga 3)
where i € {R,I}, R denotes the real part of a complex variable, I represents the imagi-

nary part, ¥;(k) denotes the output of blind equalization, Gy; can be calculated with
Gy = E{df(k)}/E{diz(k) }, i € {R, I}, dr(k) represents the real part of d(k), and dj(k)
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is the imaginary part of d(k). d(k) denotes the equiprobable and statistical independ-
ent quadrature phase shift keying (QPSK) data stream sent by the transmitter. The total
error is resolved by the difference between the BED output and the signal statistics of the
transmitted signal, and can be expressed as

e(k) = er(k) + jer (k) (4)

where e; (k) = y;(k) (5/12 (k) — Ga,), i € {R,I}, er(k) represents the real part of error signal
e(k) and er (k) is the imaginary part of e(k). Here, we will adopt the adaptive normalized
MMA proposed in [21] to dynamically adjust the tap coefficient vector according to the
error e(k). In most formulations of the BED, the tap-length of the BED is assumed fixed
[20, 22—-24]. However, in different times and different underwater environments, the
channel profile is different, and the optimal tap-length of BED is related to the specific
channel profile. Therefore, optimal tap-length is difficult to be obtained in advance. The
tap-length is an important parameter affecting the SMSE performance of blind equali-
zation. To achieve better SMSE performance, the detector should have the ability to
dynamically adjust the tap-length according to the specific underwater acoustic channel.
The SMSE performance of BED can be measured with the mean square error of e(k)
k N
MSE(k) = E[|e(/<)|2] - w (5)
The normalized least mean square algorithm can be used to update the tap coefficient
vector of BED. To reduce the computational complexity, in the process of tap-length
adjustment, the accumulated squared error (ASE) is adopted as the measure criterion
[25]

ASE() = 37 e()e"() ©)

where the repetitive computation of division is avoided. Ideally, the out ASE will
decrease with the increase of tap-length

ASEp (k) < ASE;_1(k) (7)

where

ASE,,(k) = Zik:l ¢k

IR () (5,00 00 = G ) + 91mi(k) (i) = G ) | ®)

where m € {L,L — 1}, ¢ is a forgetting factor used to weight the relative importance of
preceding and recent samples, ¢ < 1, the input sequence is equally divided into several
segments, y,,;(k) denotes the ith output of the BED for the mth segment input sequence,
yrmi(k) represents the real part of equalization out ¥,,;(k), y1i(k) is the imaginary
part of y,,;(k) and ASE,,(k) denotes the ASE corresponding to the mth segment input
sequence.

By comparing the sizes of ASE; (k) and ASE;_;(k), the adjustment of tap-length can
be determined [25]. If ASE; (k) < B,ASEL(k), the tap-length increases g taps, and vice
versa, if ASE; (k) > B,;ASE[(k), the tap-length decreases g taps, where 8, needs to meet
Ba <1, By and B, should satisfy 8, < B,4. The function of B, and B, is to determine the
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sum of adjustments to increase or decrease the tap-length of BED according to the
improvement or deterioration of ASE. The closer the values of 8, and 8, are, the more
frequently the tap-length will be adjusted by the detector. In addition, it is worth noting
that when the tap-length of ATL-BED and fixed tap-length (FTL) BED is the same, the
incremental complexity caused by the adjustment of tap-length is finite. This is because,
for ATL-BED, the adjustments of tap-length only require multiplication, subtraction,
and addition operations.
After the convergence of BED, the steady-state mean square error can be obtained by

>, e ()

9
k—N;+1 ©)

SMSE =
where N, denotes the minimum number that can make the algorithm converge.

For the underwater environment, the channel dynamics tend to change rapidly in local
so that the statistic of channel gains is highly nonstationary [26]. If the data packet is
too long, the channel may have changed during the transmission of the packet. There-
fore, a short data packet is adopted for the UAC system. The channel is assumed to be
stationary in the transmission process for the short data packet. To ensure the conver-
gence of the algorithms, each packet is repeated to use until the algorithms converge to
steady-state. For the reuse of each packet, the tap coefficient vector is initialized by the
last update in the previous training using the same packet.

3.2 Fitting between estimated SNR and actual SNR
The output SNR y, of BED can be calculated by [27]

_ 1—SMSE

Yo = SMSE (10)

Due to the influence of noise and ISI, the ideal blind equalization performance cannot
be obtained. To make the estimated SNR approximate to the actual SNR y,, polynomial
fitting is used to correct the estimated SNR y,. Suppose N data y, , have been obtained,

n=0,1,...,N — 1 and we have a function that describes the relationship between vy, ,
and ¥,
Yan =f Yon) + &, n=0,1,...,N—1 (11)

where ¢, is the error at y,,,. Our goal is to determine y,, from the estimated data y, 5,
n=0,1,...,N — 1. Therefore, a fitting function F (y,) = F (Yo,u; €0, - - . » ck—1) should be
selected, where F(y,,,) is an approximation to f (¥,.,), €o, - - -, Ck—1 denote the parameters
of the fitting function. To the function f(y,,,), the equation of polynomial fitting can be
written as follows

F(You) = €0+ C1¥Vom + ¥y + - + ch1 vy ! (12)

Next, we should determine the values for the parameter co, . . ., cx_1 that make F(y, )
a good approximation. To solve the problem, we use the approach of least-squares fitting
[28], which minimizes the following error function
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N-1
E(co,-- k1) = Y [Van = F(Yopi o, - k1] (13)

n=0

In order to obtain the parameter value ¢;, a necessary condition for E(-) to be a mini-
mum is that

OE

— =0, i=0,1,...,k—-1
ac; (14)

After the differential calculation for Eq. (13), we obtain

N-1

oE d

—— = — —F 3C0Oy - vy Ch 2

3¢ Z ac; [Yan (Yo,ns o —1)]

n=0
- (15)
0
=-2 Z (Yan — F Vo €05+ - s k=1 =—F (Von5 €05 - - - » Ck—1)
36;’
n=0

Because function F(-) has the form of (12), we get

0 i

—F Vo3 €05+ -1 Ck—1) = Vou (16)

30[
Therefore, applying (16) to (15), we have

N-1 .

Z Wan —FWoms €or- - k=¥, =0, i=0,1,...,k—1 (17)

n=0
Equation (17) forms a system of k equations in k unknown parameters c;

N-1 N-1

Z [co + 1Yo + 621/02,,, +--+ Ck—l)’f,n_l] Yon = Z YanYom

n=0 n=0 (18)

By solving formula (18), the estimation ¢; for parameters ¢; can be obtained. Then, we
substitute ¢; into (12), the correction estimation value for y, , can be given by

Yan = F(You) = Co + C1Vou + e27’02,;4 +oeee Ek—ly(f;l (19)

Yo,n Can be calculated with (10)

1 — SMSE,

Yon = TSMSE,

(20)

Substitute (20) into (19), the relationship between SMSE, SMSE, and estimation SNR
Ya,n can be given by

. 5 42 1-SMSE, . /1—SMSE,\? N 1 — SMSE,, \ ¥ !
= C cl ——mM8M8M8M— e e Cr_ -
Yan =0T U gNISE, 2\ T SMSE, k=1\ " SMSE,

Page 6 of 14



Liu et al. J Wireless Com Network ~ (2021) 2021:70 Page 7 of 14

3.3 Adaptive modulation based on steady-state mean square error
After obtaining the SMSE, the fitted SNR 7, can be calculated with (21), and then be
used to adjust the modulation levels.

To maintain the BER below the target threshold, we propose the following optimiza-
tion criterion:

maximize I'(y)

subject P, < Py, (22)

where P, expresses the BER of system, P, is the expected BER, I'(y) denotes the
throughput of modulation scheme, and can be expressed as [29]

I'(y) = (1 — BER(¥))R (23)

where R denotes the transmitted number of information bits per second. The probability
of bit error for the corresponding modulation approach is approximated by [9]

m(My)

BER(y) = 0.2¢ 207 (24)

where coefficients m(My) are determined numerically for each modulation alphabet,
as accurately as desired for the BER approximation and take values 2.2, 3.3, 3.5, 3.6 for
My = 2,4,8, 16, respectively [9].

To realize the optimization criterion (22), for a given target BER, the thresholds for the
available modulation levels can be obtained by the following method.

The throughput curve of N modulation modes would produce N-1 intersection points,
which divide the SNR into N segment intervals. The switching threshold of modulation
mode can be obtained by finding the corresponding SNR for the N-1 intersection points.
Let the throughput of two adjacent modulation modes equal, the intersection point can
be solved

Li(y) = Fi+1(J/) i=12,.,N-1 (25)

where T';(y) denotes the throughput of i modulation mode. By Eq. (25), the obtained
threshold set can be expressed as Y = {yr1, ¥r,2, --» Yr.N—1}-

The obtained threshold set y - divides the whole SNR interval into N parts. Under dif-
ferent SNRs y,, the corresponding modulation mode can be selected according to the
interval where the estimated SNR y, is located. The AM algorithm based on the SMSE

can be summarized as follows.
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Algorithm 1 Adaptive modulation algorithm based on the SMSE

1. For the target BER, compute the SNR threshold set 1 ={yy 1,155y}
2. Calculate the error signal after blind equalization

e(k) = ey (k) + je, (k)

3. Obtain the SMSE from the error signal

X eie ()
k—N_+1

SMSE =

4. Compute the estimation SNR

~ o~ 1-SMSE, ~ (1-SMSE,Y ~ (1-sMsE, )"
}/MZCD+01 +c2 SPCOS R
: SMSE, SMSE, SMSE,

5. Select the modulation mode according to the SNR threshold set ¥, ={yr 1, ¥r55w¥r v}

6. Go back to step 2

4 Simulation results and discussion

In this section, we present simulation results to validate the feasibility, and prove the
advantages of the proposed scheme. The programs are developed in Python. We assume
perfect synchronization and also assume that the underwater acoustic channel is quasi-
static, which means that in the process of data packet transmission, the channel is
unchanged, but for the next packet, the channel will change. In the simulation, the sta-
tistical underwater acoustic channel model is used. In the model, the carrier frequency
is 12KHz, the band is limited to 1 kHz, the depth is set as 60 m, the speed of sound in
water is set to 1500 m/s, the range between transmitter and receiver is set as 200 m, both
transmitter and receiver are located at a depth of 20 m, wave height is set as 0.2 m. We
assume that the information bits frame length is 200. For FTL-BED, the tap-length is set
as 5. For the ATL-BED, the initial length of the tap coefficient vector is set as 1, the seg-
ment length is 10 bits, and the parameter g of each tap-length adjustment is set as 2.

4.1 Effect of tap-length on SMSE

In this section, the simulation is based on a given UAC envelope, which is generated
with the statistical underwater acoustic channel model. The influences of tap-length
on steady-state MSE (SMSE) of BED are showed in Fig. 2. Each point on the curve is
acquired through averaging the SMSE on every data packet. The output SMSE of BED
can be calculated with (9) after the BED achieves convergence. As shown in Fig. 2, the
tap-length can severely affect the SMSE performance of BED. Taking into account com-
putational complexity, the optimum tap-length is defined according to the minimum
requirement, which means that the required minimum tap-length for achieving optimal
SMSE performance is adopted. From Fig. 2, it can be observed that when tap-length is
probably set between 13 and 20, the BED achieves extremely similar SMSE performance,
which approximates to the optimal SMSE performance. Based on the definition of the
optimum tap-length, from Fig. 2, we can obtain the optimum tap-length, which is about
13.
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The evolving curve of tap-length is obtained with the approach of averaging all the
evolving curves, which are acquired with different data packets. Figure 3 shows the
adaptive adjustment process of tap-length of ATL-BED. In the simulation, for (18), ¢ is
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set to 0.999. B, is set as 0.98, and B is set to 0.989. In Fig. 3, the same underwater acous-
tic channel used in Fig. 2 is adopted. It can be seen from Fig. 3 that after ATL-BED has
adjusted the tap-length, the tap-length can finally converge to the optimal tap-length
as shown in Fig. 2. Based on the above results, for the ATL-BED, it can adjust the tap
length according to the difference of channel, so as to obtain close to the optimal SMSE
performance.

4.2 Validation of the relationship between SMSE and SNR

In this section, we verify the effectiveness of SNR estimation based on SMSE. The
SNR estimation is calculated based on the SMSE with (10). All calculated SMSE were
obtained by averaging the MSE with (9) after the convergence of BED.

In Fig. 4, we compare the estimated SNR y, with (10) and actual SNR y,. It is observed
that the calculation with (10) for SNR is not very accurate, which deviates from the
actual SNR. However, it is noted that the estimated SNR remains the same trend as the
actual SNR. To better realize adaptive modulation, the polynomial fitting is adopted to
approximate the actual SNR, the fitting formulas for BPSK, 4QAM, 8QAM and 16QAM are

2 3
~ 1-SMSE 1-SMSE 1-SMSE
Fappsic = —19.16+2.434 ( LgiSEarsk ) —0.05237 (L5 3SEuesk ) "40.0005736 ( Lgmpgenirse )

SMSEgpsk
. _ 1-SMSE4qam 1-SMSEgqanm \ 2 1-SMSEgqam \ 3
Taaqam = —9.167+ 1128 “pepiat ) —0.01011 (L grrpri™ ) "+0.0001968 (“qupspr )

. _ 1-SMSEgqam 1-SMSEgqam \ 2 1-SMSEgoam \ 3
Tasoam = — 4:956+0.07977 (L perriatit ) 40,04093 (L2t ) "-0.000524 (Lgypgpeat )

R 1-SMSE 1-SMSE g0am \ 2 1-SMSEjg0am \ 3
Fatsqam = —10.68+0.8887 ( L eprioat ) 1.0.006173 ( Lapeprioatt )"—0,0001217 Lippgpieatt )

Estimated SNR (dB)
Estimated SNR (dB)
\
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Fig. 4 Estimated SNR versus actual SNR. a Comparison under BPSK modulation, b comparison under 4QAM
modulation, € comparison under 8QAM modulation, d comparison under 16QAM modulation
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respectively, where 7, denotes the fitting SNR for modulation mode j, SMSE; expresses
the steady-state mean square error corresponding to the modulation mode j,
je {BPSK, 4QAM, 8QAM, 16QAM}. It is seen from Fig. 4 that the fitting SNR is very
close to the actual SNR for the four modulation modes. According to the simulation
results, it is proved that the fitting approach is feasible, we can use the estimated SNR
based on SMSE as the measurement to adjust the modulation mode.

4.3 Comparison of throughput performance

In this section, we will compare the throughput performance of the proposed method
based on SMSE and existing approaches. In the simulation, we assume that the target of
BER performance is 1072, Figure 5 shows the throughput performance comparison for
different modulation modes. It can be seen from the Fig. 5 that the intersection point of
the throughput curve for adjacent modulation mode using adaptive modulation based
on FTL-BED is greater than that using adaptive modulation based on ATL-BED. This is
because adaptive modulation based on ATL-BED can achieve better SMSE performance
than that based on FTL-BED, and thus achieve better BER performance under the same
SNR. As a result, throughout performance can also be improved according to (23).

The threshold set of adjustments for modulation mode can be obtained according to
(25). The SNR is divided into several intervals by the threshold set. By determining which
interval the estimated SNR is located, based on the maximum throughput criterion (22),
the corresponding modulation mode can be selected. Figure 6 shows the throughput

a' ‘ b
—— BPSK —*—BPSK
0.875 JoaM | 0.875 daam

——8QAM |
—*— 16QAM

§ e /7// g:ws //
L. | /
/

/
_/

H 10 15 20 25 5 10 15 20 25
SNR (dB) SR (dB)

—»— BPSK —*—BPSK
——4QAM ——40AM

H 0.875
—+—8QAM —+—8QAM
—— 160AM —*— 160AM
0.75 075

malized Throughput

N

15 20 25 5 10 15 20 25
SNR (dB) SR (dB)

Fig. 5 Throughput performance comparison under different modulation modes. a Comparison for adaptive
modulation based on SNR with FTL-BED, b comparison for adaptive modulation based on SNR with ATL-BED,
c comparison for adaptive modulation based on SMSE with FTL-BED, d comparison for adaptive modulation
based on SMSE with ATL-BED
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Fig. 6 Throughput performance comparison for different schemes
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performance comparison for the proposed and existing schemes. It is observed that the
throughput performance of the proposed adaptive modulation scheme based on SMSE
is close to that of the adaptive modulation scheme based on SNR. This is because, after
the fitting process, the estimated SNR based on SMSE approximates the actual SNR. In
addition, it is also seen that the proposed adaptive modulation scheme based on ATL-
BED achieves better throughput performance than that based on FTL-BED. This is
because that the tap-length is an important parameter affecting BER performance, the
ATL-BED can achieve better BER performance than the FTL-BED, and thus obtain bet-
ter throughput performance under the same SNR.

5 Conclusion

In this paper, an adaptive modulation scheme based on SMSE is proposed for the under-
water acoustic communication system. The effect of underwater channel complexity
on adaptive modulation is taken into account, the proposed scheme does not need to
assume that the CSI is known, or well estimated. The adjustment of modulation mode is
implemented based on the SMSE of BED. To achieve better equalization performance,
an ATL-BED is adopted. The polynomial fitting is adopted to correct the estimated SNR
based on the SMSE of BED. Simulation results validate the feasibility of polynomial fit-
ting. Simulation results also demonstrate that the proposed adaptive modulation scheme
can achieve approximated throughput performance as the scheme based on SNR, the
throughput performance of AM based on ATL-BED significantly outperforms that
based on FTL-BED.
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