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We consider identification of sparse linear systems with a mix of static and time-varying parameters.
Such systems are typical in underwater acoustics (UWA), for instance, in applications requiring identi-
fication of the acoustic channel, such as UWA communications, navigation and continuous-wave sonar.
The recently proposed fast local basis function (fLBF) algorithm provides high performance when identi-
fying time-varying systems. In this paper, we further improve the performance of the fLBF algorithm by
exploiting properties of the system. Specifically, we propose an adaptive time-invariance test to identify
whether a particular system tap is static or time-varying and exploit this knowledge for choosing the
number of basis functions. We also propose a regularization scheme that exploits the system sparsity
and an adaptive technique for estimating the regularization parameter. Finally, a debiasing technique is
proposed to reduce an inherent bias of fLBF estimates. The high performance of the fLBF algorithm with
the proposed techniques is demonstrated in scenarios of UWA communications, using numerical and real

Keywords:
Adaptive filter
FLBF estimator
Preestimate
Regularization
Sparse channel

Time-varying system

Underwater acoustics experiments.

© 2022 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

There are many applications that require accurate estimation
of parameters of time-varying linear systems with only a part of
the parameters being time-varying. Such applications are typical
in underwater acoustics (UWA) and include UWA communications,
navigation, and sonar applications, which deal with estimation of
the UWA channel often modelled as a time-varying linear sys-
tem [1-3]. The UWA channel is characterised by multipath prop-
agation and often is described as a finite impulse response (FIR)
filter, whose parameters are varying in time due to the Doppler ef-
fect caused by the moving transmitter, receiver and/or the sea sur-
face [4]. The Doppler effect is known to be different for different
propagation paths [5].

In an UWA communication system, after correction of the dom-
inant Doppler effect in the received signal, the signal paths not in-
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teracting with the sea surface will typically be almost static (di-
rect path and bottom reflections), whereas the sea surface reflec-
tions will be fast time-varying [6]. In addition, there will be re-
flections from objects that may appear/disappear or change their
speed in the vicinity of the transducer (fish, vessel, etc.). Therefore,
the channel contains a mix of static and time-varying multipaths.

Our special attention will be payed to full-duplex (FD) UWA
communications [7,8], where the transceiver simlultaneously trans-
mits and receives signal in the same frequency bandwidth. In FD
UWA systems, apart from the weak signal from the far-end user,
the near-end reciever will receive a strong self-interference (SI)
from the near-end transmitter within the same transceiver. To al-
low FD operation, the SI signal should be accurately recovered and
removed from the received signal. This requires high-precision SI
channel estimates. The SI channel may include reflections from the
sea surface; even if the SI sea-surface signal components are of a
low power (tens of decibels lower than the signal components due
to the line-of-sight propagation), they still need to be estimated
with a high precision to achieve a level of SI cancellation required
for the FD operation (at least 60 dB). Therefore, the channel esti-
mation should deal with a mix of static and time-varying param-
eters. In this paper, we show how this property of linear systems
can be exploited to improve the identification performance.
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For identifying time-varying systems, adaptive filters are widely
used [9,10]. Classical least-mean square and affine projection adap-
tive filters have slow convergence. A faster convergence is provided
by the classical recursive least squares (RLS) based algorithms. Al-
though they are of high complexity when directly implemented,
their fast versions are also available [10,11]. Sparse RLS adaptive
algorithms [12-14] are widely used for estimating UWA channels,
thus exploiting the fact that most of the channel coefficients are
close to zero. The Time-Updated RLS (TU-RLS) algorithm is consid-
ered as the state-of-the-art algorithm for time-varying UWA chan-
nel estimation as it takes into account both the delay and Doppler
spread [15], i.e., the fact that propagation paths may have differ-
ent speed of variation in time. However, the RLS algorithms might
still be limited in their tracking performance due to the predictive
(causal) nature: for their operation, only current and past signal
samples are used. There are multiple applications, such as UWA
applications discussed above, which allow the use of interpolating
(non-causal) adaptive filters. For example, in communications, it is
normally accepted that there exists a delay (latency) in the channel
estimation. In such scenarios, non-causal estimators are preferable
since they can provide a better tracking performance, which is es-
sential for fast-varying channels.

The local basis function (LBF) principle [16-19] exploits the
non-causality and thus can provide a high identification accuracy
when estimating (tracking) parameters of nonstationary systems
(channels). However, LBF adaptive algorithms are very complicated.
The fast LBF (fLBF) approach has recently been proposed to reduce
the complexity [17,18]. The fLBF approach divides the estimation
procedure in two steps: preestimation and postfiltering. This al-
lows dealing with the regressors and basis functions separately at
these two steps, respectively, thus reducing the complexity. The es-
sential feature of the preestimator is that it provides an unbiased
estimate, although with a high variance. The preestimator based on
the exponentially weighted least squares (EWLS) algorithm with
inverse filtering provides approximately unbiased estimates and it
allows a high performance of fLBF algorithms [17,18].

As we discussed above, there are scenarios where only some
of the system parameters (channel taps) are time-varying, whereas
the others are static. We will be focusing on these scenarios.
Therefore, we re-formulate the LBF estimation problem taking this
model into account. We call the corresponding estimators oracle
(e.g., oracle fLBF estimator) since they exploit the perfect knowl-
edge of the time-varying or time-invariant nature of the estimated
parameters. In practice, such knowledge is not available, therefore
an adaptive algorithm is proposed to identify the static or time-
varying nature of parameters based on counting sign changes in
the appropriately centered preestimates; this simple for implemen-
tation algorithm shows remarkably good performance. In order to
further improve the fLBF performance when the system parame-
ters are sparse, we propose a regularization scheme with adaptive
estimation of the regularization parameter. A debiasing approach
is further proposed to compensate for the bias introduced at the
preestimation step of the fLBF algorithms.

The contributions of the paper are as follows.

1. We formulate the problem of adaptive estimation of parame-
ters of a time-varying linear system, in which only a part of
the parameters are time-varying, while the other parameters
are static.

2. An adaptive technique (statistical test) is proposed for deciding
on each parameter if it is static or time-varying.

3. A regularized fLBF (fRLBF) algorithm is proposed, which allows
an improved performance when estimating sparse systems.

4. An adaptive estimator of the optimal regularization parameter
is proposed.
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5. A debiasing technique is proposed, which significantly improves
the performance of the fLBF algorithms.

6. The proposed techniques are evaluated in underwater acoustic
communication scenarios numerically and using experimental
data.

Part of the materials from this paper was presented at the 2022
IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). In addition to the techniques proposed in the
ICASSP paper (contributions 1, 2 and 5), we also propose a regu-
larization scheme that exploits the system sparsity and an adap-
tive technique for estimating the optimal regularization parameter,
which leads to the regularized fLBF algorithm (contributions 3 and
4). The debiasing procedure is applied to the regulaized fLBF esti-
mates to further improve the identification performance. The pro-
posed techniques are evaluated in underwater acoustic communi-
cation scenarios numerically and using experimental data.

The paper is organised as follows. In Section 2, we formu-
late the estimation problem. Section 3 describes the LBF and
fLBF approaches in the context of the perfect knowledge of the
time-varying or time-invariant nature of the estimated parame-
ters. Section 4 introduces the adaptive statistical test for deciding
on the time variability of parameters. In Section 5, we introduce
the regularization scheme and consider practical issues of its im-
plementation. Section 6 introduces the new debiasing technique.
Section 8 presents results of numerical simulation and experimen-
tal investigation of the proposed algorithms in UWA communica-
tion scenarios. Finally, Section 9 presents conclusions.

Notation: We use the following notation. The symbol * stands
for complex conjugate and H - complex conjugate transpose (Her-
mitian transpose). We denote by I; an m x m identity matrix;
ng = card{S} denotes the cardinality of a set S; Re{-} and Im{.} are
the real and imaginary parts of a complex number, respectively. A
block diagonal matrix F(j) is denoted as bldiag{F;(j),....Fq(j)},
where the main-diagonal blocks are vectors F;(j),...,Fn(j) and all
off-diagnaol blocks are zeros. The determinant of a matrix A is de-
noted by |A|.

2. Problem statement

Many nonstationary systems, such as communication channels
(terrestrial, underwater) can be well approximated by a time-
varying FIR model of the form Stojanovic and Preisig [4], Tsatsanis
and Giannakis [20]

n
y(£) =) 07 (Oult —i+1) +e(t) =0"()p(t) +et), (1)
i=1
where t =...,—1,0,1,... denotes discrete (normalized) time, y(t)
the complex-valued system output (a received signal in a com-
munication system), @(t) = [u(t), ..., u(t —n+1)]T the regression
vector made up of past samples of the complex-valued (transmit-
ted) signal u(t), 0(t) = [0;(t), ..., 0, (t)]" is the vector of system
parameters (e.g., channel taps), and e(t) denotes a measurement
noise. The sequence {0;(t)} can be interpreted as a time-varying
impulse response of the channel to be estimated.
We will assume that:

(A1) {u(t)} are zero-mean independent and identically dis-
tributed circular random variables with variance o2;

(A2) {e(t)} is a zero-mean circular white noise, independent of
{u(t)}, with variance o2;

(A3) {0(t)} is a sequence independent of {u(t)} and {e(t)}.

The LBF principle is based on the assumption that in a lo-
cal analysis interval T, (t) = [t — k, t + k] of length K =2k + 1, cen-
tered at t, system parameters can be expressed as linear combina-
tions of a certain number of linearly independent complex-valued
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functions of time f;(j),..., fm(j), j € I = [k, k], further referred
to as basis functions. Without any loss of generality we will as-
sume that the basis functions are orthonormal, namely by denot-
ing £(j) = [f1(§). ... fm(i))]" we have

k
S D) = I 2)

j==k

In this paper, we adopt the complex exponential basis set of the
form (see Tsatsanis and Giannakis [20], Sayeed and Aazhang [21],
Zakharov and Kodanev [22] for a physical justification of such a
choice)

. " 1 1 .
{AG) o fm(), Jekt = {ﬁe"”)’w,ﬁem’”, JEIk}v 3)
where i = /-1, w; =0, m=2mgy + 1, and

2l 2l
61)21:—7, Ll)z[+1:T, l:l,...,mo.

It is straightforward to check that the basis (3) is orthonormal. We
will denote fy = f1(j) = 1/VK, j €.

Unlike [16-19], we will assume that only some of the estimated
parameters 6;(t) in (1) vary in the local analysis interval T(t),
while the remaining parameters are constant.

Denote by S the set indicating, within Q = {1,..., n}, positions
of time-invariant taps, and by S=Q —S the set of time-varying
taps. Furthermore, let ng = card{S}, n; = card{S}, then ng + ng=n,
and denote ¢ = ng 4+ mng. In the sequel we will adopt the following
mixed-mode model of local parameter variation within the interval
T (t):

. foain (t) if ieS
Git+j) = {2;11 fiDag(®) if Q€S )
je]k, 1:1,,11

In agreement with the local estimation paradigm, estimation
of parameter trajectories, based on the hypermodel (4), will be
carried out independently for each location of the analysis inter-
val T, (¢t), i.e., it will be performed in the sliding window manner.
Therefore, even though system hyperparameters (expansion coeffi-
cients) a; are assumed to be constant in the interval [t — k, t + k],
their values are allowed to change along with the position of the
analysis window. For this reason they are written down as func-
tions of t.

The hypermodel (4) can be expressed in a more compact form

where «(t) is an ¢-dimensional vector of hyperparameters,

a(t) =[al(t),....af (O],
ap (t) if ieS

a;(t) = _
[ai1 (0), ..., q;m@®)]F if ieS

and F(j) denotes the n x ¢ matrix,
F(j) = bl diag{F1(j), ..., Fa()}
N fo if ieS
Fi(j) = {f”(j) if ie$
Using (5), the system model (1) in the local analysis interval Ty (t)
can be written in the form

yt+) =" OpE, j)+et+), jel, (6)

where ¥(t, j) = FH(j)@(t + j) denotes the generalized regression
vector.

The LBF approach allows estimating the vector «(t), and, con-
sequently, the vector 6(t).
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3. Oracle LBF and fLBF estimators

By oracle estimation algorithms we will mean algorithms ex-
ploiting the perfect knowledge of the support sets S and S. In
Section 4, we will propose an adaptive estimator capable of iden-
tifying the support sets.

The LBF estimator has the form Niedzwiecki and Ciotek [16]

@ (t) = arg ming Yj_ [y(t + J) — ey (t, 1> = R (O)r (),
HLBF ~LBF

(7)
where
k
R(t) = Y ¥t P j).
j=—k
k
r(t) = Y Yy (t+ ). (8)
j=—k

and Fy = F(0). Unfortunately, the computation of the matrix R(t)
and its inversion at every instant t requires a high computa-
tional load; the direct computation may result in ©(Kn*m?) and
O(n3m?3) arithmetic operations, respectively.

As shown in Niedzwiecki et al. [17], 23], under assumptions
(A1)-(A3), the LBF estimates &LBF(t) and aLBF(t) can be approxi-
mated by the fLBF estimates

k k
a™" (t) = argmin Y (10t + j) — F(Hel 2 = Y FH()HO(E + ).
“ =k j=—k

0" () = B@™ (1), 9)
where {#(t)} denotes a sequence of preestimated system param-
eters and we denote ||x||2 = x"x. The fLBF estimates can be ob-
tained in a significantly more computationally efficient way than
the LBF estimates, thus the word ‘fast’. The preestimation step re-
quires O(n?) or O(n) arithmetic operations per time instance if
the classical EWLS algorithm or its fast versions are used, respec-
tively, whereas the complexity of the postfiltering step is O(mnK)
in general case. For the exponential basis used in this paper, the
fLBF estimates can be computed recursively using a diagonal tran-
sition matrix [18] as

f(j) = Af(j+1), A=diag{1,e, ... e},
which leads to the following recursive formula
a4+ 1)
@G () -Gt — k) fo+ Gt +k+ 1) fo if ies
A[&?BF(t) — Bt - k)f(—k)] Ot +k+DER) if ieS

Since the matrix A is diagonal, fLBF estimates can be obtained at
a cost of 12mng 4 4ng real-valued multiply and accumulate (MAC)
operations per time update. Importantly, this cost does not depend
on the width of the analysis window K. Preestimates are raw esti-
mates of parameter trajectories - approximately unbiased (no mat-
ter how system parameters change over time) but with a high vari-
ance. Therefore, to obtain statistically meaningful results preesti-
mates must be further processed (postfiltered).

Fast LBF estimators can be rewritten in a decomposed form as
follows. For i € S, we have

k
alr ) = fo 3 Gt + ),

j=—k

R R 1 ko .
T () = fodM () = & Y Bt + ). 1o
j=—k
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and, forieS§,

k
& (0) = 3 Gt + HEG).

j==k

k
M () = & () = 3 hGHBiCe + ). (an

j=—k
where fy = f(0) and

h(j) =€), Jelk, (12)
denotes the impulse response of an FIR filter associated with the
LBF estimator.

The preestimates proposed in NiedZzwiecki and Ktaput [24] and
further developed in NiedZzwiecki et al. [17],23] can be obtained,
for every time instant t, by ‘inverse filtering’ of estimates yielded
by the EWLS algorithm [9,10]

t
~EWLS . o :
070 = argmin )2y () (DI =G 08O, (13)
j=1
where A, 0 < A < 1, is a forgetting factor and
t
Gt =) Moo ().

j=1

t
gt) =Y _ Aoy (). (14)
j=1
The effective width M(t) of the exponential window can be evalu-
ated using
t
M(t) =Y A =AMt 1) +1 (15)
i=1
with the initial condition M(0) = 0. The forgetting factor A should
be “as small as possible”, thus keeping the EWLS estimation mem-
ory also small, to maximize the estimation bandwidth, i.e., the
frequency range in which system parameters can be tracked suc-
cessfully. It is recommended that A > 0.9 since for smaller values
of A the EWLS algorithm may behave in an erratic way due to
the possible poor conditioning of the exponentially weighted re-
gression matrix G(t). On the other hand, A should not be “too
small”to guarantee that the number of system parameters is not
greater than the steady-state equivalent number of observations
Noo = (14+X)/(1 —A)=2/(1 —A) used for their estimation (differ-
ent from the effective number of observations [25]) - otherwise
the estimation results would be questionable from the statistical
viewpoint. This leads to the following recommendation

A =max{09,1— %}. (16)

For the numerical simulations in this paper, A =1 — % is used as
the number of channel coefficients is higher than 20, which is typ-
ical for UWA channels.

The inverse filtering derived and analysed in Niedzwiecki et al.
[17] is given by

96) =MDO0 ") —AM(E—-1)0" (£ - 1). (17)

For large values of t, when M(t) reaches its steady-state value
My =1/(1 = 1), (17) can be replaced with

1 I:AEWLS ~EWLS (t - 1)]. (18)

0t)=——|0  (t)-20

=10 ©

As shown in Niedzwiecki et al. [17], when the sequence {¢(t)}
is (locally) stationary with exponentially decaying autocorrelation
function, the preestimates are approximately unbiased, i.e.

E[0(t)] = 0(1), (19)
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where the expectation is over {e(t)} and {¢(t)}. Under assump-
tions (A1)-(A3), the preestimation noise z(t) = 0(t) — 0(t) is ap-
proximately white.

4. Adaptive time-invariance test

A clear advantage of the preestimation approach is that it al-
lows the system dynamics to be ‘X-rayed’ prior to its formal iden-
tification. We will use this property to adaptively decide, at each
time instant t, which parameters can be regarded as time-invariant
and which are time-varying.

To assess existence of a trend in the sequence of preestimates
(which justifies choosing m > 1), one can use the classical ap-
proach based on counting the number of sign changes amongst
residuals [26]. When the system parameter 6;(t) is constant in the
analysis interval Ty (t), the residual noise defined as

et +jlt) = Gi(t + ) = 6i(t), jel, (20)

where

k
B0 =5 > it + i),
j=—k
is approximately equal to the preestimation noise z;(t) :67,-(t+
j) — 6;(t), which is zero-mean and white, ¢;( e |t) denotes elements
of the residual noise vector computed at t.
Consider the real part of the residual noise:

eR(t + jlt) = Re{e;(t + jlt)}.

Let

pR(t + jlt) = Blef(t + j — 1O)]BleR (t + jID)].
where j e [-k+1,k], pR(t + j|t) € {-1.1} and

Blx| = {_} i

Finally, denote by
qR(t) = card{Q} ()} e {1,..., K -1},

where OR(t) = {j e [-k+1.k] : pR(t + j|t) = —1}, the number of
sign changes of is(-|t) observed in the analysis interval T, (t). By
q}(t) we will denote the analogous count for sl!(t + jlt) = Im{e; (t +
Jjlo}.

For a real-valued white noise sequence, the sign change can be
observed on average every second sample. Hence, when the num-
ber of sign changes is smaller than some threshold, one has to as-
sume that the parameter trajectory is not constant inside the anal-
ysis window.

Consider the following null hypothesis:

HR(t): {eR(t + j|t). j € I} is a sequence of independent random
variables obeying the condition
P(ef(t + jIt) > 0) = P(ef(t + jIt) < 0), Vjel,
where P(-) is a probability. Note that this hypothesis is true when
the sequence {elR(-It)} is uncorrelated, zero-mean and Gaussian,
but the requirements are in fact much weaker. Note also, that for
the null hypothesis HOR(t) to be true there is no need to assume
that random variables is(~|t) have the same variance, or even that
their variance exists (is well defined).

If the null hypothesis is true, q?(t) is a discrete random vari-
able with an “almost! binomial” distribution characterized by the
probability of success 0.5:

P(q}(t) = qlHp (1)) =

x>0
x<0’

(K—1)!
RET-DlK—1-q)!

(21)

1 As remarked by Geary [26], since the sum of residuals in the interval T (t) is -
by construction - zero, the value gX(t) = 0 is inadmissible.
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Furthermore, for any qg € [1, K — 1] it holds that

(K —1)! -
DglK—1—q)

qo
P(qR(t) < qolHE () = Pisi (22)
q=1

The sign statistic qf(t) can be used to verify the null hypothesis
for a given probability of Type I error 7g:

accept HR(t) if q}(t) > qo (23)
reject HE(t)  if q%‘(t) <qo

The exemplary thresholds evaluated for the significance level ng =
0.05 are qo =87,183 and 376 for K =2k+ 1 =201,401 and 801,
respectively.

The same analysis can be carried out for the imaginary compo-
nents of the residuals ell(-lt). Combining both inferences, one ar-
rives at the following decision rule, which can be used to deter-
mine whether a given parameter 6;(t) should be regarded as con-
stant or time-varying in the analysis interval Ty (t):

{i(t) eS(t) if qf(®) > qo and gi(t) > qo (24)

i(t) e S(t) otherwise

Remark 1. At each time instant t the proposed time-invariance
test is based on the number of sign changes evaluated for the se-
quence of residuals

&) = {Sf(t — k|t), L&+ k|t)}

When the parameter trajectory is already decided to be locally
constant and k > 10, one can use a simplified approach. Assuming
that 6;(t) = 6;(t — 1), one arrives at

gt+jlt)y=egt+j+1t-1), j=-k,....k—1.

Denote by k() the operator which removes the first element from
the list of arguments, namely

k(&) ={eit —k+1]t),..., &t +k[t)},

and define the set of modified (approximate) residuals in the re-
cursive form as follows. If i(t — 1) € S(t — 1), then

&) = {k[E(t — D] &t +klt)}.
Ifi(t —1) e §(t — 1), then
&) = &),

with the initial condition & (1) = &(1). Since evaluation of the
statistics qR(t) and ql(t) for the modified set %(t) can be per-
formed recursively using the results obtained for &;(t — 1), for large
values of k the computational savings can be substantial. To pre-
vent long-term discrepancy between results based on analysis of
&(t) and those based on analysis of &(t), a periodic resetting is
recommended in the form &(jty) = &(jty), j=1.2,... where t;
denotes the resetting period (e.g. ty = k).

5. Regularized fLBF estimators

It is well known that the accuracy of parameter estimates can
be improved by means of regularization. The idea is to add to the
minimized cost function a term, called regularizer, which reduces
a norm of the solution. Regularization allows one to reach a better
bias-variance compromise which results in smaller mean-square
parameter estimation errors [27]. While regularization is a well es-
tablished technique in system identification, most of the existing
work in this area is focused on identification of time-invariant sys-
tems [28], [29]. The recently published papers [18,19] are an ex-
ception to this rule. In [18], where estimation is carried out for
time-varying systems using the LBF/fLBF approach, the L, regular-
ization is applied, penalizing excess values of the squared norm of
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o(t). Since the ultimate goal of identification is estimation of the
vector of system parameters @(t) (estimation of hyperparameters
is only a means to achieve this goal), similar to NiedZwiecki et al.
[19], in this paper we will use a different strategy involving penal-
ization of norm of @(t). Unlike [16], where the main purpose of
regularization was to impose some soft smoothness constraints on
the estimated impulse response (which is not the case for chan-
nel identification due to the lack of correlation between taps), our
main goal here is to reduce the values of estimates of coefficients
that can be regarded as statistically insignificant.

5.1. Fast regularized LBF (fRLBF) algorithm

In this approach, for each position of the analysis window, we
will penalize the weighted norm of #(t) using the weights y; =
l/oiz, criz = var[6;(t)], which reflect the known power delay profile

{a,?}. i=1,...,n, of the channel. The corresponding regularizer has
the form
n
16: () |*
wY s = ull0OF = wllee(t)]|3 (25)
i1 i

where T = diag{y1,..., ¥n}, i > 0 denotes the regularization pa-
rameter, X is the ¢ x ¢ regularization matrix

T = F'TF, = bl diag{%;, ..., Z,}. (26)
and

2,-={ yif2 if ies

]/lfofg if ieS.
Such regularization will make the identification algorithm focus
more on the estimation of “large” parameters and less on estima-

tion of “small”, potentially insignificant, ones.
The regularized fLBF estimators can be defined as:

k
& (0) = argmin | 3 118(¢+ ) - Fierl? + ul el 3 |
Jj=-k
= [+ uE] a0,

~fR] -
9" (t) = Fo@™B (¢), (27)
leading, for i e S, to
N &fLBF t
gy = 4O

1+ uyifs
N éfﬂ_BF t
ey = 2O (28)

1+ Mfoo
and, forie§, to
@ (t) = [l + pyifoff 716 (¢).
N QILBF (¢
ORBF () = L —— ( ]1 . (29)

1+ pyifyfo

5.2. Optimization of the regularization parameter

Minimization of the quadratic norm in (27) is equivalent to
maximization of

expf = Ly, 118+ ) - Fhal} < exp| - Lllell} .
(30)

where ¢ is the variance of the preestimation noise. The expres-
sion (30) can be given a probabilistic interpretation. Such proba-
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bilistic embedding of the original deterministic optimization prob-
lem is usually referred to as the empirical Bayes approach [30].

Assuming that the preestimation noise is circular white Gaus-
sian and cov[z(t)] = 021y, the first term in (30) can be attributed
to the conditional data distribution (likelihood)

1
(T O-Z)Kn

aHAfLBF (t) +
GZ

p(O(b)|a. 07) =

rﬂ”a)]“a - c},
(31)

<expf - = lell? +

where O (t) = {a(t—i-j),j eI} and

) Z 16+ D12

Z j*fk

The second term in (30) corresponds to a prior (complex singular
Gaussian) distribution of ¢,

‘x
/(;'Uz';exp{—(fza“Ea}, (32)
V4 V4

T(|T, 02, 1) =

where |X|; denotes the pseudodeterminant of the matrix X (the
product of all nonzero eigenvalues of X):

n
1Zl =]]I1Zils = (]_[ V;f&) (]_[ Vifgfo)
i=1 ieS ies

The likelihood for the unknown parameters ¥, o and p can be
obtained from

L(E.02w) = [ pOOl. o) (@], 07, p)der. (33)
By using the relationship (e.g., see Baronkin et al. [31])

/ exp{a“b + b — OCHA_]O(}dOL = (n)l|A|exp{b“Ab}, (34)
Cl

which holds for any positive-definite matrix A and vector b
of proper sizes, after replacement A=o02(I; + uX)~! and b=
fLBF(t) we arrive at

()X C(t; 2, 1)
13t 0 = | ORI
where M = Kn + ¢ and
LX) = XHW@+1NP [@F O + nZ] '@ (1)

j=—k
(36)

denotes the residual sum of squares. Good [32] referred to the
maximization of (35) as a type II maximum likelihood (ML)
method, but recently it has been more frequently referred to as
empirical Bayes approach [28,30].

Since the ML estimate of the variance o found from (35) is
given by 67 = ¢ (t; X, u)/M, the optimal value of the regulariza-
tion parameter 1t can be obtained by maximizing the concentrated
likelihood function L(X, 32, i), or equivalently by minimizing the
quantity

—logL(X,02, 1) = const + Mlog 6?2 — ¢log i + log I, + uwX|.
(37)
Note that
L+ pnZ| = (H(l + W,-fé)) (H(l + MVifng)),
ieS ie$
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which leads to the following estimate of the optimal regularization
parameter p:

wt) = argmm {Mlogg“(t Y, u) —tlogu + Zlog(l + uyifd)
ieS

+ 3" log(1+ puyfifo) . (38)
ie$

Remark 2. The regularization described in Section 5.1 is based on
the knowledge of the power delay profile {ol.z} fori=1,...,n. In
practice, such information is usually unavailable. However, when
performing the regularization according to (28) and (29), the fLBF
estimates Q“BF(t) are available, and we can use |6} OIBF (1)|2 for ap-
proximation of 6,2 Since the regularization matrix X in (26) is now
data-dependent, the decision rule which parallels (38) can only be
regarded as “pseudo-Bayesian”.

The modified scheme described above bears some resemblance
to the LASSO (least absolute shrinkage and selection operator) ap-
proach [33]. The well-known property of LASSO estimators, which
are based on the L; regularization, is their ability to discard
(shrink to zero) insignificant components of the estimated vec-
tor of parameters. Although the proposed fRLBF scheme does not
share this property with LASSO, it makes a step m this direc-
tion - note that very small values of the estimates 0 BF(t) make
the weights y;(t) = 1/|9A1”-‘3F(t)|2 in T = diag{y;..... yn} very large,
which shrinks the corresponding fRLBF estimates towards zero.

Remark 3. Evaluation of ¢(t; X, ) is not computationally de-
manding. Observe that

CET ) =) G E )

iz1
and, forie§,
“ g & (6

Yoo+ PP - ——s (39)

Gt X u) =
' et T+ puyifg’

whereas, for i € S,
k

GEZopw) =Y 16+ DI -

j=—k

(@ ()1 [T + pyifofi 11 (6).

(40)

Finally note that, using the matrix inversion lemma, the second
term on the right hand side of (40) can be rewritten in the form
more suitable for implementation:

[ ()1 [N + syl ] '™ (1)

B (1) H M)/ifoflg ~fLBF
t Iy — ———— |o; t
~ (@™ )] [m 1+w.-foJ o
~fLBF 2 HYi QILBF (1))2
=IO - g e o (4n)

Remark 4. So far we assumed that the same regularization pa-
rameter | is applied to all system parameters. However, with the
preestimation, there is more freedom to choose the way the reg-
ularization is carried out. For example, if the regularization is re-
stricted only to parameters that vary with time, i.e., to parameters
that belong to the set {;(t),i < S}, the optimization rule for the
regularization parameter can be easily deduced from the general
rule, and it takes the form

) = argmm {Mlog{(t T, 1)+ log

ieS
where M= (K-m+1)ng, §(t; X, 1) =356t Xy, n) and X; =
yvifoftl.

1+ wff(‘?fo} (42)
— )
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Finally, we note that the regularization can also be carried out
independently for each system parameter. In this case, one can
select y; =...=yn =1 (since relative weighting does not apply),
which leads to the following decentralized optimization rule

Hi(t) = argpltninff(t; ), (43)

where
ifieS

Klogzi(t: f3. 1) + log 4% )
ifieS (44)

(K — m + 1)logt (t: foftl, 1)

+10g71+;;t‘3fo

Ji(t: ) =

Remark 5. So far we assumed that the number of basis functions
m and the analysis window width K were set prior to identifica-
tion. Since the choice of these parameters may have a strong in-
fluence on identification/tracking results, they should be selected
with caution. In general, better performance can be expected for
larger values of m at the expense of increased decision delay (la-
tency) k. For the UWA channels considered in this paper, we use
K ~ 150m + 1.

The optimal values of m and K depend on the type and speed of
parameter variations. For each analysis window location, optimiza-
tion of m and K can be carried out using the parallel estimation
approach described in [15]. In this framework, several identifica-
tion algorithms, equipped with different settings, are run concur-
rently yielding competitive fLBF estimates. At each time instant t
the best-fitting estimate is chosen using the cross-validation de-
cision rule proposed in [15]. The selected estimate may then be
regularized in the way described above.

6. Debiasing

It was observed that the estimated parameter trajectory, ob-
tained using the fLBF approach, lags behind the true parameter
trajectory, and that the size of this delay depends on the forget-
ting factor A used in the preestimation stage. This effect, which
becomes pronounced as A approaches 1 (this is the case when
the number of estimated parameters becomes large) is evidently
caused by the estimation delay feature of the EWLS algorithm used
to generate preestimates. As shown in Niedzwiecki [25], when the
sequence {¢(t)} is stationary and persistently exciting, the mean
path of the steady-state EWLS estimates can be approximately
viewed as an output of a linear time-invariant lowpass filter of the
form

1-A
1- Xzt
excited by the process {6#(t)}. The consequence of this fact is that
when system parameters vary slowly with time, the mean path of
EWLS estimates can be considered, to some extent, a delayed ver-
sion of the true trajectory, i.e.,

E[@EWLS(r)] ~0(t — A),

Hpwis(z ') =

where

. A

denotes the nominal (low-frequency) delay of the filter Hpys(z™1),
and the expectation is taken with respect to {@(t)} and {e(t)};
int[x] denotes the integer closest to x.

Since the time shift between 5EWLS(t) and 0(t), which is “in-
herited” by the fLBF scheme, depends on the frequency distribu-
tion of {A(t)} (usually unknown), the nominal delay A is only an
approximation of the true delay. Additionally, the true delay may
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vary with time should the spectral content of {f(t)} change. For
this reason we propose a simple adaptive scheme for minimiza-
~fLBF
tion of the time shift between @~ (t) and 0(t). The search will be
carried out around A.
Let

() =y — [0 (¢ +8)e() (45)

and D =[A — §g, A + §g]. Define the exponentially weighted sum
of squares of ;5(t) evaluated recursively for every t and every §
D

J(£,8) = AgJ(t —1,8) + |es()|%, 0 < Ag < 1.

The (approximately) debiased fLBF estimates can be obtained using
the formula

0" ) = 0" (¢ + d(0)), (46)

where

d(t) = argmin](t, §). (47)
8eD

Note that time-shifting fLBF estimates by a constant amount of
time & does not affect the variance of the mean-square parameter

estimation error E[||§&BF(t +8) — 0(t)||?]. This means that the pro-
posed debiasing procedure can reduce the bias of fLBF estimates
without increasing their variance (which, by the way, is quite un-
usual in system identification). Hence, application of this procedure
can only improve the MSE score of the corrected estimates. This
debiasing procedure can also be applied to the regularized fLBF es-
timates to further improve the identification performance.

7. Complexity of proposed algorithms

The complexity of the EWLS and proposed fLBF algorithms at
every sample are summarized in Table 1, where n; = 2§, is the
number of delays included in the delay search, n, is the number
of 1 values considered in the range of search for the regularization
parameter, n; and ng are the cardinality of S and S, respectively. For
the numerical simulations in this work, we use the classical recur-
sive EWLS algorithm which has a complexity of ©@(n?) MACs. Note
that the EWLS algorithm can also be implemented by fast transver-
sal filtering (FTF) algorithm [9], which offers a lower complexity of
O(n) MACs. If the FTF algorithm is used, the complexity of the fLBF
algorithm will be reduced to O (mn) MACs.

In Section 8, we will perform quantitative analysis and show
the complexity in number of real-valued MAC operations for spe-
cific UWA communication scenarios.

8. Numerical and experimental results

In this section, we consider the following UWA communication
experiments:

o Numerical full-duplex (FD) experiment;

e Real FD experiment;

o Two numerical experiments with communication between a
static transmitter and a static/moving receiver.

8.1. Numerical UWA FD experiment

Here, we investigate the mean square deviation (MSD) perfor-
mance of the following fLBF algorithms:

 fLBF: the original fLBF algorithm, when all taps are assumed to
be time-varying;

e Oracle fLBF: the fLBF algorithm as described in Section 3, i.e.,
with perfect knowledge of taps being static or time-varying;
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Table 1
Complexity of the adaptive filters per sample (analytical expressions).
Algorithm MAC Division  log(-)
EWLS 7n? +12n 1
fLBF 7n? +16n + 16mn 1
Adaptive fLBF 7n? + 16n + 16mng + 8ns 1
Adaptive fLBF with debiasing 7n? + (16 + 4ng)n + 16mn; + 8ng 2
Adaptive fRLBF with debiasing ~ 7n? + (18 +4ng)n + (18m +3)ns + 13ns +2n,  2n+1 nyn

o Adaptive fLBF: the fLBF algorithm with adaptive selection of
static/time-varying taps as described in Section 4;

Adaptive fRLBF: regularized version of the adaptive fLBF algo-
rithm with optimal regularization parameter p in (28)-(29), ob-
tained via numerical search or with p adaptively estimated ac-
cording to (38);

Adaptive dfLBF and Adaptive dfRLBF (recommended): fLBF algo-
rithms with debiasing according to (46), adaptive selection of
static/time-varying taps according to (24), and (in the case of
the dfRLBF algorithm) adaptive tuning of p using (38).

The algorithms were chosen so as to demonstrate the rate of
improvement provided by different components of the final (rec-
ommended) solution, namely: adaptive selection of static/time-
varying taps, adaptive regularization, and debiasing. Our inten-
tion was also to show how adaptive procedures compare with the
“ground truth” based ones (known localization of static taps, opti-
mally chosen regularization gain). The adaptive dfRLBF algorithm,
which combines all techniques mentioned above, constitutes the
main result of this paper.

The MSD performance of the EWLS and TU-RLS algo-
rithms [15] are used as benchmarks for comparison with the per-
formance of the fLBF algorithms, where the TU-RLS algorithm is
considered as the state-of-the-art channel estimator in UWA com-
munications [15,34].

The MSD at time instant t is defined as:

110(t) — 0(t)||?
oo

where E(t) is an estimate of @(t). The MSD in (48) is then averaged
in time (in this experiment, over an interval of 5000 samples, i.e.,
5 s for the assumed sampling rate 1 kHz) and over 50 simulation
trials. In every simulation trial, new realizations of the channel im-
pulse response, noise and regressor are used.

Fig. 1 shows the SI channel impulse response measured in the
real FD experiment (see Section 8.2 for details). To mimick the
channel impulse response in our numerical FD experiment, the SI
channel is modelled as follows. The SI channel length is n = 80. It
contains strong taps, which are slowly varying in time; these are
reflections from stationary parts of the experimental equipment
and the lake bottom. It also contains fast-varying taps associated
with reflections from the lake surface. Based on the analysis of the
experimental impulse response, we defined the power delay profile
of the SI channel as shown in Fig. 2. Most of the channel taps are
static, but there are 5 taps, which are time-varying with the high-
est frequencies in their spectra also shown in Fig. 2. In the simu-
lation trials, the time-varying taps are modelled as realizations of
independent random Gaussian processes with uniform power spec-
tral densities within the frequencies shown in Fig. 2. The complex
amplitudes of the static taps are random Gaussian variables inde-
pendent for different taps. The tap variances are defined by the
power delay profile in Fig. 2. In this experiment, the transmitted
baseband signal is a sequence of independent zero-mean complex-
valued Gaussian random numbers of a unit variance. The signal
(self-interference) to noise ratio is around 60.4 dB, the same as in
the real experiment described in Section 8.2.

MSD(t) = (48)

Table 2
The best MSD performance of the EWLS, TU-RLS and fLBF algorithms in the
numerical FD experiment.

Algorithm MSD, dB

m=3 m=5 m=7
EWLS —49.4
TU-RLS —49.4
fLBF —55.2 -55.4 —55.5
Adaptive fLBF -57.0 -57.6 -57.9
Oracle fLBF -57.2 -57.9 -58.2

Table 3

The best MSD performance of the adaptive fLBF and adaptive fRLBF algorithms
with ‘optimal’ and adaptive regularization in the numerical FD experiment.

Algorithm MSD, dB

m=3 m=>5 m=7
Adaptive fLBF -57.0 -57.6 -57.9
Adaptive fRLBF (‘optimal’ ) -57.5 -57.8 —58.1
Adaptive fRLBF (adaptive n) -57.5 —-57.8 —58.1

It was found that for the FD scenario, the best MSD perfor-
mance provided by the EWLS and TU-RLS algorithms is —49.4 dB,
which is achieved at A = 0.96 and a step size of n = 10~ (for the
TU-RLS algorithm). For preestimation in fLBF algorithms, the for-
getting factor is A =1 —2/n = 0.975 in agreement with (16). Fig. 3
shows the performance of the fLBF algorithms against the length K
of the analysis window and the number of basis functions m.
The MSD performance of the original fLBF algorithm (—55.2 dB,
—55.4 dB, —55.5 dB for m = 3, 5, 7, respectively) is about 6 dB bet-
ter than the performance of the EWLS and TU-RLS algorithms. Al-
though the performance of the original fLBF algorithm improves
when using a higher number of basis functions, the improvement
is not significant. Note that a higher m requires a higher K for op-
timal performance (for a given m, Kopt ~ 150m + 1), and thus the
complexity of the implementation increases. It can be seen that
taking into account the fact that only a few taps are time-varying,
the oracle fLBF algorithm outperforms the original fLBF algorithm
by about 2 dB, 2.5 dB and 2.7 dB for m = 3, 5, 7, respectively. The
adaptive fLBF algorithm with the time-invariance test proposed in
Section 4 closely approaches the performance of the oracle fLBF
algorithm. For the FD scenario, a high estimation accuracy is re-
quired. Therefore, we use a relatively small significance level nq
for the time-invariance test to reduce the possibility of identifying
a time-varying path as a static path. It is found that ny = 0.005
works very well in this scenario. Based on this value 7y and using
(22), the parameter qq is computed as shown in captions of Fig. 3,
as well as Figs. 4 and 5 below. It can be concluded that the adap-
tive time-invariance test works very well and the adaptive fLBF al-
gorithm significantly improves the MSD performance compared to
the EWLS and TU-RLS algorithms (about 8.4 dB for m = 7).

Fig. 4 shows the performance of the adaptive fLBF algorithm
and adaptive fRLBF algorithm with ‘optimal’ and adaptive regular-
ization. The ‘optimal’ regularization scheme uses a fixed value of p
(shown in the legend of Fig. 4), which was found to minimise the
MSD. It can be seen that the adaptive fLBF algorithms with regular-
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Fig. 1. Normalized amplitude (in dB) of the impulse response measured in the real FD experiment.
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Fig. 2. The power delay profile and tap highest frequencies used in the numerical FD experiment.

Table 4
The best MSD performance of adaptive fLBF and adaptive fRLBF algorithms with
the debiasing in the numerical FD experiment.

Algorithm MSD, dB

m=3 m=>5 m =
Adaptive dfLBF —60.6 —-62.4 —-63.4
Adaptive dfRLBF (adaptive p) —62.0 —63.2 —63.9

ization (either ‘optimal’ or adaptive) provide further improvement
of the MSD performance against the adaptive fLBF algorithm. An-
other conclusion is that similar MSD performance is achieved with
both ‘optimal’ and adaptive regularization. This demonstrates the
effectiveness of the proposed adaptive regularization scheme.

We now show that the debiasing technique proposed in
Section 6 allows significant improvement in the performance of
the fLBF algorithms. Fig. 5 shows the MSD performance of the de-
biased adaptive fLBF (adaptive dfLBF) and debiased adaptive fRLBF
algorithms (adaptive dfRLBF). By comparing these results with re-
sults shown in Fig. 4, it can be seen that the debiasing significantly
improves the performance of the adaptive fLBF and adaptive fRLBF
algorithms (when m = 7) by 5.5 dB and 5.8 dB, respectively.

Table 5

Complexity of the adaptive filters per sample .
Algorithm MACs
EWLS 4.6 x 104
fLBF and Adaptive fLBF 5.5 x 10%
Adaptive fLBF with debiasing 7.5 x 104
Adaptive fRLBF with debiasing 7.6 x 10*

With the parameters used in this scenario (for m = 7), the com-
plexity of the proposed algorithms per sample are summarized in
Table 5. For the algorithms with adaptive identification of static
and time-varying parameters, we consider the worst-case scenario
by assuming that all the parameters in the channel are time-
varying. It can be seen that the complexity of the (most compli-
cated) adaptive fRLBF algorithm with debiasing is not much higher
than that of the original fLBF algorithm.

8.2. Real UWA FD experiment

In the real FD experiment, the true impulse response is un-
available. We therefore investigate the SI cancellation (SIC) perfor-
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Fig. 3. The MSD performance of the oracle fLBF and adaptive fLBF algorithms against the window length K and the number of basis functions m in the numerial FD

experiment. Simulated version of channel in the FD experiment; SNR= 60.4 dB; A =

0.975. For the adaptive invariance test, we set qo = 0.43 K,0.45 K, 0.46 K for m = 3,5,7,

respectively. The best MSD performance achieved by the aforementioned algorithms is summarized in Table 2.
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Fig. 4. The MSD performance of the adaptive fLBF and adaptive fRLBF algorithms with ‘optimal’ and adaptive regularization in the numerical FD experiment; SNR= 60.4 dB;
X = 0.975. For the adaptive invariance test, we set qo = 0.43 K, 0.45 K, 0.46 K for m = 3, 5, 7, respectively. The range of search for the adaptive regularization parameter [ is
{106-6+020 q =0, 1,..., 10}. The best MSD performance achieved by the adaptive fLBF algorithms with ‘optimal’ and adaptive regularization is summarized in Table 3.

mance measured using the SIC factor, which shows how much the
signal-to-interference ratio (SIR) at the output of the SI canceller
is reduced compared to the SIR at the input of the canceller; the
methodology of measuring the SIC factor is described in Shen et al.
[7]. We consider the following fLBF algorithms:

o fLBF;

o Adaptive fLBF;

o Adaptive fRLBF;

o Adaptive dfLBF and Adaptive dfRLBF (recommended).

The FD experiment was conducted in a lake of depth 8 m. The
distance between the near-end transmitter and receiver, both po-
sitioned at a depth of 4 m, is 7 cm. We are interested in the

near-end SIC performance, and the far-end transmission is not con-
sidered in this experiment. In the experiment, binary-shift keying
(BPSK) symbols are transmitted with a rate of 1000 symbols/s at
the carrier frequency 32 kHz; a root raised cosine filter with a roll-
off factor of 0.2 is used for the pulse shaping [35]. The received sig-
nal after analog-to-digital conversion is down shifted in frequency,
low-pass filtered and down sampled to the sampling rate 1 kHz.
These samples are applied to the adaptive filter as the desired sig-
nal. The same operation is performed on the analogue signal ap-
plied to the transmit antenna [36]; these samples are used as the
regressor in the adaptive filter.

In the experiment, the self-interference to noise ratio is 60.4 dB.
The SIC factor is computed over a 10 s interval after the conver-

10
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Fig. 5. The MSD performance of the adaptive fLBF and adaptive fRLBF algorithms with the debiasing in the numerical FD experiment; SNR = 60.4 dB; A = 0.975. For the
adaptive invariance test, we set go = 0.43 K, 0.45 K,0.46 K for m = 3,5, 7, respectively. The range of search for the adaptive regularization parameter [ is {10(-6+020) g —
0,1,..., 10}. The corresponding nominal delay is equal to A = 39, A, was set to 0.98 and §p = 30. The best MSD performance achieved by the adaptive fLBF algorithms with
debaising is summarized in Table 4.
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Fig. 6. The SIC performance of the proposed fLBF algorithms in cancelling the self-interference in the real UWA FD experiment. For the adaptive invariance test, we set
qo = 0.45 K for m = 3, 5. The range of search for the adaptive regularization parameter p is {10¢-6+020 q =0,1,..., 10}. The corresponding nominal delay is equal to A = 39,

Ao was set to 0.98 and 8y = 30. The best SIC performance achieved by the EWLS, TU-RLS, and proposed fLBF algorithms is summarized in Table 6.

gence of the adaptive filter (see more details on the procedure Table 6

in Shen et al. [7]). The SIC factor is measured as the improvement :2; bee;Ft asllcorl?f;rfgzrﬁls“ge Orfeatlh‘a \ZX’LFSD ZU'Z:S
. . . . . 1 1 'X] 1-
in the signal-to-interference (SIR) ratio due to the SI cancellation. & P

Note that for the FD operation, the higher SIC factor the better. ment
When applying the EWLS algorithm to the experimental data, Algorithm SIC, dB

the highest achievable SIC factor is 50.9 dB. Similar performance is m=3 m=5
achieved by the TU-RLS algorithm at A = 0.975 and a step size of EWLS 50.9
n =104, Fig. 6 shows the SIC factor achieved by the fLBF adap- TU-RLS 50.9
tive algorithms. The original fLBF algorithm provides a SIC factor fLBF 538 53.9
of 53.8 dB and 53.9 dB for m = 3, 5, respectively. When using the Adaptive fLBF 358 558

R . . . . Adaptive fRLBF 56.9 57.3
adaptive selection of time-varying taps (adaptive fLBF), the SIC fac- Adaptive dfLBF 578 58.1
tor increases to 55.8 dB for m = 3,5. The regularization scheme Adaptive dfRLBF 59.0 59.3

1
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Fig. 7. The normalized magnitude of the time-varying impulse response in the
UWA communication scenario with static transmitter and receiver.
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Fig. 8. The MSD performance of the fLBF algorithms (m = 3) in the UWA commu-
nication scenario with static transmitter and receiver in the Korean Sea environ-
ment; SNR= 20 dB; A = 0.975. For the adaptive invariance test, we set qo = 0.46 K.
The range of search for the adaptive regularization parameter p is {10(-2+0250) q —
0,1,...,10}. The corresponding nominal delay is equal to A =39, Ao was set to
0.98 and §y = 30. The best MSD performance of the EWLS, TU-RLS and fLBF algo-
rithms in the UWA communication scenario with static transmitter and receiver is
summarized in Table 7.

with adaptive computation of the regularization parameter p fur-
ther increases the SIC factor to 56.9 dB and 57.3 dB for m = 3,5,
respectively. When the debiasing scheme is applied, the SIC fac-
tor is increased to 58.1 dB and 59.3 dB (for m = 5) for the adap-
tive fLBF and fRLBF algorithms, respectively. It is interesting that
with a higher number of basis functions m the optimal window
length K is reduced. This happens because such processing shifts
the balance between the bias (approximation error) and variance
(noise error) of the estimate towards being dominated by the bias.
With the same basis functions (the same m), the bias is reduced
for smaller K due to better local approximation [8].

Thus, we can conclude that the proposed techniques, specifi-
cally the adaptive time-invariance test, adaptive regularization, and
debiasing allow significant improvement in the SI cancellation per-
formance in this FD lake experiment.

8.3. Numerical UWA communication experiments

The UWA communication scenario is implemented using the
Waymark simulator [2,37], which models the acoustic signal trans-
mission between a transmitter and receiver moving underwater.
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Time, s

10 20 30

Delay, tap

40

Fig. 9. The normalized magnitude of the time-varying impulse response in the
UWA communication scenario with a static transmitter and moving receiver.

The propagation channel is represented as a time-varying linear
filter, whose impulse response at every time instant is computed
using the ray tracing implemented with the acoustic toolbox BELL-
HOP [38]. As a by-product, the Waymark simulator produces the
time-varying baseband impulse response of the propagation chan-
nel with the Doppler correction corresponding to the dominant
Doppler effect caused by the motion; this Doppler correction is
typical at the front-end of UWA modems. We are using this time-
varying impulse response for FIR filtering of a communication sig-
nal, which is modelled as a sequence of independent zero-mean
complex-valued Gaussian random numbers of a unit variance, as-
sumed to be transmitted at a carrier frequency of 12 kHz.

8.3.1. Static transmitter and receiver

For this experiment, we consider an acoustic environment of a
shallow sea (the sea depth is 20 m), where both the transmitter
and receiver are static and placed at a depth of 10 m. The distance
between the transmitter and receiver is 50 m. The generation of
the time-varying surface waves is performed by the WAFO soft-
ware toolbox [39] using the Pierson-Moscowitz spectrum [40] for
a wind speed of 10 m/s. For our numerical experiment, we are us-
ing the acoustic environment of the test case ‘Korean Sea’ in Porter
[38]. The duration of the transmission is 15 s. The symbol rate of
the transmitted signal is 4 kHz and the signal is sampled at the
symbol rate.

The time-varying channel impulse response of the communi-
cation scenario is shown in Fig. 7. The channel contains 80 taps,
which is equivalent to a delay interval of 20 ms. It can be seen
that there are two static paths, corresponding to the direct path
and the bottom reflection. The rest of the multipath components
are time-varying due to the moving sea surface.

The SNR in this scenario is 20 dB. As before, we use the per-
formance of EWLS and TU-RLS algorithms as benchmarks. In this
scenario, the best MSD performance of the EWLS algorithm is
—10.9 dB, which is achieved at A =0.965. The best MSD perfor-
mance of the TU-RLS algorithm is —14.8 dB, and is achieved with
X =0.945 and n = 0.007; thus, the TU-RLS algorithm significantly
outperforms the EWLS algorithm in this scenario. Fig. 8 shows the
performance of the fLBF algorithms. As the improvement with a
higher number of basis functions is not significant, we only show
the results for three basis functions (m = 3). The original fLBF al-
gorithm provides an MSD of —16.9 dB. As the SNR is not high in
this scenario, a significance level of ny = 0.05 is used for the time-
invariance test. Based on this value 7y and using (22), the param-
eter qo is computed as shown in captions of Figs. 8 and 11 be-
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Fig. 10. The magnitude, real part and imaginary part of the 13th channel tap in the UWA communication scenario with static transmitter and moving receiver.

Table 7

The best MSD performance of
the EWLS, TU-RLS and fLBF al-
gorithms in the UWA communi-
cation scenario with static trans-
mitter and receiver in the Korean
Sea environment.

Algorithm MSD, dB
EWLS -10.9
TU-RLS -14.8
fLBF -16.9
Adaptive fLBF -17.8
Adaptive fRLBF -18.6
Adaptive dfLBF —20.1
Adaptive dfRLBF ~ -21.5

low. With the adaptive selection of static and time-varying taps,
the MSD is reduced to —17.8 dB. It further reduces to —18.5 dB
when adaptive regularization is used. Finally, with the debiasing,
the MSD of the adaptive dfLBF and adaptive dfRLBF algorithm is
further reduced to —20.1 dB and —21.5 dB, respectively. It can be
concluded that the identification performance is significantly im-
proved when using the debiased adaptive fRLBF algorithm, with
10.4 dB and 5.7 dB of improvement against the EWLS and TU-RLS
algorithms, respectively.

8.3.2. Static transmitter and moving receiver

For this experiment, we consider a scenario with the receiver
moving at a speed of 2.5 m/s away from the transmitter, starting
from the distance 50 m. A flat sea surface is considered. The rest
of the experimental setup is the same as in the previous experi-
ment with the static transmitter and receiver. The duration of the
transmission is 30 s. The symbol rate of the transmitted signal is
1 kHz and the signal is sampled at the symbol rate.

Fig. 9 shows the time-varying impulse response in this UWA
communication scenario. It contains 50 taps, which is equivalent
to a delay interval of 50 ms. It can be seen that the channel is
very dynamic, in particular new multipath components appear as
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Fig. 11. The MSD performance of the fLBF algorithms (m = 3) in the UWA com-
munication scenario with static transmitter and moving receiver in the Korean
Sea environment; SNR = 15 dB; A = 0.96. For the adaptive invariance test, we set
qo = 0.46 K. The range of search for the adaptive regularization parameter p is
{10(-240250) q — 0,1, ..., 10}. The corresponding nominal delay is equal to A = 24,
Lo was set to 0.98 and §y = 20. The best MSD performance of the EWLS, TU-RLS
and fLBF algorithms in this scenario is summarized in Table 8.

the receiver moves in the channel. It is also seen that the delays
(taps) of multipath components vary in time, i.e., a tap moves into
a neighbour tap, which is typical for UWA channels with mov-
ing transmitter/receiver. However, this plot does not reveal the real
speed of the channel fluctuations. Fig. 10 shows the magnitude of
the 13th channel tap and its real and imaginary parts. It can be
seen that the real speed of the channel variation (in fact, the real
and imaginary parts of the tap are estimated) is much faster than
can be assumed from Fig. 9. Note that, in this scenario, there are
no clear static multipaths.

In this scenario, we set the SNR in the received signal to SNR =
15 dB. It was found that, in this scenario, the best EWLS perfor-
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Table 8

The best MSD performance of
the EWLS, TU-RLS and fLBF al-
gorithms in the UWA communi-
cation scenario with static trans-
mitter and moving receiver in
the Korean Sea environment.

Algorithm MSD, dB
EWLS -6.8
TU-RLS —16.5
fLBF -13.1
Adaptive dfLBF -16.1
Adaptive dfRLBF ~ —17.6

mance is MSD = —6.8 dB, which is achieved at A = 0.938. The TU-
RLS algorithm achieves an excellent performance of —16.5 dB with
X =0.96 and n = 0.002. Fig. 11 shows the performance of fLBF al-
gorithms with three basis functions (m = 3). The original fLBF al-
gorithm provides an improvement of about 6.3 dB compared to the
EWLS algorithm, and thus approaches the TU-RLS performance. An
extra 3 dB improvement in the performance can be observed when
we combine the adaptive selection of static and time-varying taps
with the debiasing (adaptive dfLBF algorithm). Finally, we apply
the debiasing to the adaptive fLBF algorithm with adaptive regu-
larization, thus arriving at the adaptive dfRLBF algorithm, and ob-
tain an extra improvement of 1.5 dB. Note that the adaptive dfRLBF
algorithm outperforms the TU-RLS algorithm by 1.1 dB (Table 8).

9. Conclusions

We have considered the problem of identifying linear systems
with a mix of time-invariant (or slowly varying) and time-varying
parameters. We have further developed adaptive algorithms built
on the LBF principle, in particular, its fast version, the fLBF algo-
rithm. We have proposed an fLBF algorithm, which exploits the
fact that only a part of the system parameters are time-varying.
We have also proposed a simple statistical test to identify whether
a particular parameter is static or time-varying. We have further
proposed a regularized fLBF algorithm to exploit the sparsity in the
parameters and an adaptive technique for estimation of the regu-
larization parameter. Finally, we have proposed a debiasing tech-
nique that allows further improvement in the fLBF performance.
The performance of the proposed techniques has been investigated
in scenarios of UWA communications, using numerical and real ex-
periments.
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