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Regularized identification of fast time-varying systems - comparison of
two regularization strategies

Artur Gancza and Maciej NiedZzwiecki

Abstract—The problem of identification of a time-varying
FIR system is considered and solved using the local basis
function approach. It is shown that the estimation (tracking)
results can be improved by means of regularization. Two
variants of regularization are proposed and compared: the
classical L? (ridge) regularization and a new, reweighted I>
one. It is shown that the new approach can outperform the
classical one and is computationally attractive.

I. INTRODUCTION

When parameters of the identified dynamic system vary
slowly with time, their estimation can be carried out suc-
cessfully using the time-localized versions of the classical
estimation methods, such as least squares or maximum like-
lihood [1] - [3]. Such an approach is based on the (implicit)
assumption that the analyzed system is “locally stationary”,
i.e., that its parameters can be regarded as constant in
sufficiently long time intervals [4], [5].

When system parameters vary at a fast rate, like in the
case of some rapidly fading telecommunication channels, the
simple solution described above may fail to provide estimates
of sufficient accuracy [6], [7]. The well-known way out of
difficulty is via incorporation in the system description an
explicit model of parameter time-variation. Such a model,
often referred to as a hypermodel, can be deterministic
or stochastic. In the first case, parameter trajectories are
approximated by linear combinations of known functions of
time, called basis functions (BF). This allows one to convert
the problem of estimation of time-varying parameters into a
simpler problem of estimation of constant hyperparameters
— coefficients characterizing the adopted hypermodel. Such
a problem can be easily solved using the classical estimation
methods [8] - [15].

In the case of stochastic hypermodels, the problem of
identification of a time-varying system can be regarded as
a problem of filtration/smoothing in the state space. It can
be solved using Kalman filtering techniques [16] - [19].

In the majority of studies devoted to the BF approach,
which is also a theme of the current work, basis functions
are used to generate interval estimates of parameter tra-
jectories. Recently a new class of identification algorithms
was described, which combines the BF approach with the
local estimation technique [20], [21]. The proposed local
basis function (LBF) and fast local basis function (fLBF)
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estimators provide a sequence of point estimates of system
parameters corresponding to different locations of a sliding
analysis window of a fixed width. As shown in [20], such
a point approach yields more accurate estimates than the
interval one, favorably comparing with the state-of-the-art
multi-wavelet estimation scheme proposed in [14] - see [23].

The current contribution aims to show that accuracy of
LBF/fLBF estimators can be further increased by means of
regularization. Regularization is a well established technique
in estimation and machine learning. In system identification,
regularization, achieved by adding to the minimized cost
function a term penalizing the norm of the solution, allows
one to improve the estimation bias-variance trade-off which
decides upon accuracy of the identified model [24], [25]. So
far most of the work performed in this area was restricted
to identification of time-invariant systems. We will show
that similar advantages can be reached when regularization
is incorporated in LBF-based identification of time-varying
systems. Two variants of regularization will be proposed and
compared: the classical L? regularization, often referred to as
ridge regression [26], and the reweighted L? regularization,
which can be regarded as the “first order approximation” of
the L' regularization, known also as LASSO (least absolute
shrinkage and selection operator) [27]. It will be shown that
in both cases optimization of regularization gains can be
carried out in a computationally efficient way using the leave-
one-out cross-validation approach.

All algorithms presented in this paper are noncausal,
i.e., they yield parameter estimates that depend on both
“past” and “future” input/output data (relative to the time
instant of interest) so they cannot be used in real time
applications such as prediction or control. However, they
can be applied whenever the model-based decisions can be
delayed by a certain number of sampling intervals. Channel
equalization and self-interference mitigation in full-duplex
communication systems are examples of such feasible almost
real time applications [28].

II. LOCAL BASIS FUNCTION AND FAST LOCAL BASIS
FUNCTION ESTIMATORS

Consider the problem of identification of a time-varying
complex-valued finite impulse response (FIR) system gov-
erned by

y(t) =05 (tult —j +1) +e(t)
j=1

= 0" (t)p(t) + e(t) (1)
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where t = ...,—1,0,1,... denotes discrete (normalized)
time, y(t) denotes the complex-valued output signal, ¢ (t) =
[u(t),...,u(t — n + 1)]T denotes regression vector made
up of past samples of the complex-valued input signal wu(¢),
0(t) = [01(t),...,0,(t)]T is the vector of time-varying
system coefficients, and {e(¢)} denotes measurement noise.
The symbol * stands for complex conjugate and H — complex
conjugate transpose (Hermitian transpose). We will assume
that

(A1) {e(t)}, independent of {u(t)}, is a sequence of zero-
mean independent and identically distributed random
variables.

(A2) {6(t)} is a uniformly bounded sequence, independent
of {u(t)} and {e(t)}.

The LBF/fLBF identification technique is based on the
assumption that in the local analysis interval T'(t) = [t —
k,t + k] of length K = 2k + 1, centered at ¢, system
parameters can be expressed as linear combinations of a
certain number of linearly independent real-valued functions
of time f1(7),..., fm(i),i € Iy = [k, k|, further referred
to as basis functions, namely

t + Z Z fl a]l (i)aj (t) 2
i€ I, jzl,...7n, a;(t) =laji(t),. .., aim®)]"
where f(i) = [f1(i), ..., fm(3)]T.

In agreement with the local estimation paradigm, estima-
tion of parameter trajectories, based on the hypermodel (2), is
carried out independently for each localization of the analysis
interval T'(t), i.e., it is performed in the sliding window
mode. Note that even though system hyperparameters a;;
are assumed to be constant in the interval [t — &, ¢t + k], their
values are allowed to change along with the position of the
analysis window. For this reason they are written down as
functions of t.

Denote by w(i), € I, w(0) = 1, a symmetric, nonnega-
tive, bell-shaped window which will be used to put more
emphasis on data gathered at instants close to ¢ than on
instants far from ¢. For convenience, but without any loss of
generality, we will assume that the adopted basis functions
are w-orthonormal, namely

k

> w@f@)ET (i) =1, . 3)

i=——k

where I,, denotes the m X m identity matrix. The most
common choices of basis functions prior to normalization
are powers of time (Taylor series approximation) and cosine
functions (Fourier series approximation).

A. LBF approach

Note that the hypermodel (2) can be expressed in a more
compact form

O(t+i) = F(i)a(t), i€

alt) = [T (1), ... aT ()" @

where F(i) = I, ® fT(i) and ® denotes the Kronecker
product of the corresponding vectors/matrices. Using (4), the
system equation (1) can be written down in the form

y(t +1i) = a(t)p(t,i) +e(t+1i), i€l (5

where 1 (t,i) = @(t + i) ® f(i) denotes the generalized
regression vector.
The LBF estimator has the form [20]

k
a“Br (1) = argmm Z w(i)|y(t 4 i) — aap(t,i)[?
i=—k
=P~ (t)p(t)
""" (1) = Foa ™ (1) (6)
where

(7

For recursively computable basis and window functions
the mn x mn generalized regression matrix P(¢) and the
mn x 1 vector p(t) can be evaluated in a recursive way
[20]. However, since the matrix P(¢) must be inverted every
time instant ¢, the computational burden associated with LBF
estimators may be substantial.

B. fLBF approach

As shown in [21], [23], under assumptions (A1), (A2) and
(A3) {u(t)} is a zero-mean wide sense stationary Gaussian
sequence with an exponentially decaying autocorrela-

tion function

the LBF estimates &“BF(¢) and OLBF(¢) can be approxi-
mated by the following computationally fast formulas

&% (1) = [[afPF 0] [afP )]

QLB (1) — [@LBF(t), . ,@LBF@)} '

alBr (1) = arg min Z — T (i) ?
tl i=—k
E (8)
= > w(i)f;()f(i)

i=—k

é\fLBF( ) fT AfLBF h
! L—Z—k
i=1...,n
where
h(i) = w(i)fy £(), i€ I ©)

denotes the impulse response of the FIR filter associated
with the LBF estimator and {6;(¢t)} denotes the prees-
timated trajectory of the j-th system parameter, obtained
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by means of “inverse filtering” of the estimates yielded
by the short-memory exponentially weighted least squares
(EWLS) algorithm. The EWLS estimates OZWLS(¢)

T
[/H?WLS (t),..., éEWLS(t)} , defined as

t—1

0 VS (1) = argmin Y Ajly(t — i) — 0" (t —i)[* (10)
A —_

where A\g, 0 < Ay < 1, denotes the so-called forgetting

constant, can be computed using the well-known recursive
algorithm [1]

() =y(t) ~ [V - 1] )

__ RE-1el)
k) = T PR OR( - D) (1)
OFWIS (1) = 0"WES (1 — 1) 4 k(t)e™ (1)

R() = 5[~ k(O™ (O]R( - 1)

with initial conditions 8ZWLS(0) = 0 and R(0) = cI,,

where ¢ denotes a large positive constant. The inverse
filtering formula has the form

0;(t) = LOPVIS (1) — ML 05VS(t — 1) (12)
where L; = Zf;é 6 = MLi—1 + 1, Ly = 1, denotes the
effective width of the exponential window. For large values
of ¢, when the effective window width reaches its steady state
value Lo, = 1/(1 — Ag), the formula (12) can be replaced
with

03(1) = —— [IEVSS () - 2BV S - 1)) 3)

Since under assumptions (A1) - (A3) each preestimate gj(t)
can be written down in the form

0;(t) = 0,(t) + 2;(1) (14)

where z;(t) denotes zero-mean white noise with large vari-
ance, the fLBF estimate é?LBF(t) can be regarded as a result
of “denoising” 5](1,‘) using the basis function approach [21].

The recommended choice of the forgetting factor is \g =
max{0.9,1 — 2/n} so that the number of estimated param-
eters is not larger than the so-called equivalent width of the
applied exponential window equal to (1 + A)/(1 — \) =
2/(1 — A) [3]. Since the resulting effective memory L.,
of the EWLS algorithm is usually short, or very short, the
assumption about stationarity of the input signal postulated in
(A3) is by no means critical - local (“L,-wide”) stationarity
is sufficient to guarantee good preestimation results. The
same applies to the assumption about Gaussianity of w(t).

In spite of its computational simplicity, the fLBF scheme
has similar parameter tracking capabilities as the LBF
scheme. As a matter of fact in many cases the fLBF estimates
are almost indistinguishable from the LBF ones [21].

III. REGULARIZED LBF AND fLBF ESTIMATORS

The main goal of identification is to minimize the mean
squared parameter estimation (tracking) error (MSE). It is
well-known that MSE can be written down as a sum of its
bias and variance components. Hence, minimization of the
MSE requires finding a good trade-off between estimation
bias and estimation variance. Very often, an improvement of
this trade-off can be achieved by means of regularization.
Probably the simplest approach is to add to the minimized
cost function, such as (6) or (8), an additional term that
penalizes large values of the estimated parameters.

A. Ridge LBF and fLBF estimators

Denote by ||x||2 = /> iy |@i[* the L? norm of a
complex-valued vector X = [z1, ..., x,]T. When the penalty
mentioned above is proportional to ||c||3, the technique is
called ridge regression. The resulting ridge LBF (RLBF)
estimates can be obtained from

k
GRLBF (1) — argmm{ S w(i)ly(t +1) — aFep(t, )3
« i=—k

+u||a||§} )
§RLBF (t) _ FOaRLBF (t), (15)

where p > 0 denotes regularization gain (which will be
optimized later on) and S(¢t) = P(¢) + uln,. Note that,
unlike P(¢), the matrix S(t) is guaranteed to be nonsingular
and hence invertible, which is a clear advantage of regular-
ization. For m = 1 the necessary and sufficient conditions
of stochastic inveribility of P(¢) are given in [22] but it
seems that an extension of this result to the m > 1 case
has not yet been worked out. However, from the practical
viewpoint, invertibility of P(¢) is not a problem unless the
ratio K/(mn) becomes too close to 1.

In a similar way, one may design the ridge version of the
fLBF estimator, further denoted by fRLBF

k
GFLBE (1) — arg min{ S (i) f;(8) — 7 ()13
il i=—k

afLBF (t)

+M||04j||§}—31+'u (16)

HILBF
_ 5@

QIRLBF (1) _ T ofRLBF (4 _
(1) = &&=

J

j=1...,n

Since ;o > 0, the fRLBF estimates é\;RLBF(t) can be obtained
directly by shrinking the corresponding fLBF estimates, i.e.,
there is no need to evaluate af*BF (¢).

Note that, unlike RLBF, in the fRLBF case system param-
eters are estimated independently of each other. This means
that, in principle, one could incorporate in (16) different
regularization gains 1, ..., M, instead of a single gain
. Since for large values of n the price that has to be
paid for this increased estimation flexibility is a dramatic
increase of the gain optimization cost (which is typical of
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all combinatorial optimization problems), here and later we
will not take advantage of this opportunity.

B. Reweighted LBF and fLBF estimators

While ridge regression reduces (shrinks) the values of
parameter estimates, in many cases a better bias-variance
trade-off can be reached by setting some of them (the least
“informative” ones) to zero. This can be achieved if the L?
penalty terms in (15) and (16) are replaced with the L!
ones, leading to the well-known LASSO approach [27]. The
LASSO variants of the minimization problems carried out in
(15) and (16) take the form

k

argmin{ Z w(i)|y(t+i)aH1/’(tai)|2+/~L|a|1} a7
« i=—Fk
and
k ~
axgmin{ 3 w0~ 7o+ alla s |
S P (18)

7=1...,n,

| |z;| denotes the L' norm
I

respectively, where ||x|[; = > 1"
of a complex-valued vector x = [z1,...,Zy

In the time-varying estimation context the problem with
LASSO emerges when it comes to optimization of the reg-
ularization gain u. The presence of the weighting sequence
{w(4)} in (17) and (18) prevents the application of the so-
called empirical Bayesian approach [29], based on stochastic
embedding/reinterpretation of the minimized cost function
(unless some heuristic techniques are used). Although ap-
plicable, the second, frequently used optimization approach,
based on cross-validation, is computationally very expensive
(especially in the LBF case). This is a serious drawback when
estimation is performed in the sliding window mode, i.e.,
when it must be repeated for consecutive values of .

The gain optimization problem mentioned above is a
motivation to replace the L' regularization terms in (17)
and (18) with the appropriately reweighted L? regularizers.
Reweighting is a well-known optimization technique [30],
[31]. Note that the L' norm of x can be written down in the
form

=xUWx = |[W'2x|2  (19)

"zt
bl =30
i=1 7

1 1
W = dag{ }
21| [

Since in the case considered the values of the hyperparame-
ters making up the vector « are not known, one can proceed
in two steps as follows:

where

Step 1

Compute the LBF/fLBF estimates of o using (6)/(8).

Step 2

Solve (17)/(18) after replacing the L' penalty terms with

their first order approximations ||[W'/2(t)c||? = ||||; and
1/2 N

WS (g3 = [log |1, where

Wi(r) = dlag{mLBF( L R
Slaer @) } (20)

W(t) = dlag{rfLBF( I 6%,?F<t>ll}-

janst (1

Using this technique, the reweighted LBF (rLBF) estima-
tors can be obtained in the form

k

arUBE (1) = argmin{ Z w(@i)|y(t + i) — aHap(t, )3
@ i=—k
F W (0aliE ) = @ 0p(0
é\rLBF (t) _ FoarLBF (f,), Q1)
where Q(t) = P(t) + pyW (¢).

Similarly, the fast reweighted LBF (frLBF) estimators can
be evaluated using

k
&g‘LBF(t) = arg min{ Z w(z)|§j(t) - fT<i)Olj|%

o

i=—k
FulIW 01 = [0+ W01 G 1)
é;rLBF(t) _ f(’)Tag_rLBF (t) (22)
j=1...,n
Since it holds that

V() = [T+ uW; ()]

i |AfLBF( )‘ |AfLBF( )| (23)
SV TN ok [T ()

evaluation of (22) does not require matrix inversion.

In the next section we will show that the problem of
optimization of the regularization gain p for the proposed
reweighted LBF/fLBF estimators can be solved in a pretty
straightforward and computationally efficient way using the
localized version of the cross-validation approach.

Remark 1

Reweighted L? regularization does not retain the thresh-
olding property of LASSO, owing to which some of the
estimated coefficients may be completely discarded. Note,
however, that when the estimated values of the hyperparam-
eters a;; are close to zero, the corresponding weights in (20)
take very large values, which strengthens the shrinking effect
compared to LBF/fLBF.
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Remark 2

Similar to the approach taken in [30], [31], the two-
step procedure described above can be easily extended to
the multi-step (iterative) one. The iterative frLBF estimation
algorithm can be obtained by replacing (22) with

alt P+ 1) =L,

HirL.B
ejr F(

+ W (t, )] el (L )
ti+1) = alPr(ti+1)

where 7 denotes the iteration number,

W, (1) dlag{mffLBF(t,i)H.. GELBE (1 )| }

and initial conditions are set to W,(¢,1) = W;(¢) and
agrLBF(t7 1) — a;LBF(t).

In this way one can get closer to the results that would
have been provided by the LASSO approach. As shown
below, the iterative procedure can improve the MSE score
by setting the values of less important coefficients closer
to zero, while, unlike LASSO, allowing one to evaluate the
leave-one-out cross-validation statistic in a computationally
efficient way. The same technique can be used to extend the
rLBF estimates, but in this case the associated computational
burden is much higher.

IV. OPTIMIZATION

Optimization of the regularization gain u can be performed
by a grid search. In this case several estimation algorithms,
equipped with different regularization gains, are run simul-
taneously and compared. As a selection rule one can use
the leave-one-out cross-validation approach, which is a time-
localized version of the cross-validation test used for time-
invariant systems. In this framework, the degree of fit of
the model is defined as a local sum of squared unbiased
interpolation errors (deleted residuals)

(B0 (t|u)He(t) (24)

where 6y (t|;1) is the holey estimate of 6(t), obtained by
excluding from the estimation process the “central” mea-
surement y(¢). At each time instant the best fitting gain is
chosen according to

o(t|p) = y(t) —

L

u(t) = arg min Z leo(t + 4| ) |? (25)
HeEM T

where L determines the size of the local decision window
and M = {u1,...,un} denotes the set of grid points.

A. rLBF and RLBF estimators

The holey rLBF estimator has the form

k

GEVE (1]1) = argamin{ S w(i)y(t +i) — aFp(t, i)

i=—

+u||w-1/2<)a||2} Q5 (Dpo(t)

where, due to the fact that w(0) = 1, it holds that
Qo(1) = Q(t) — %(t,0)9™(£,0)
po(t) = p(t) —y* ()Y (t,0)
Using the matrix inversion lemma [1], one arrives at
Q ')y (t,0)p"(t,00Q ' (#)
1- ’¢H (ta O)Q_1<t)¢(t7 0)
Straightforward calculations yield

Q' (1)3p(t, 0)[e™F (¢ )"
1—p(t)

Q') =Q'(t)+

rLBF tllu) rLBF (t|U) _

where
B () = y(t) — [@™PF (t|u) e (t, 0)

and B(t) = $H (£, 0)Q "} (t)ah (1, 0).

Since

[0 (t)]" =y~ (¢)

one finally obtains

- Q/)H(tv O)aBLBF (t|u)v

5P )" = P () + 2 P ()
()
50
which is equivalent to
() = S, 26)

The analogous expression for the RLBF scheme can be
obtained by setting Q(t) = S(t).

B. frLBF estimator
The holey frLBF estimator has the form

k
LBE (¢ ) = arg mm{ > w(®)f;() — £ (D)

+u|w;”2<t>a|§}

= [V;(t) — fofg | [@lPF (1) — fob; (1))

Using the matrix inversion lemma, one gets
fof L
1 010 ~frLBF
)| O 4
( )1_fOTV]1<t)fO‘| J ( )
V.i1<t)f0 ~

_ J 0.(t
1— £V () i(®)

AerBF (t\,u) m + V;

Since é%LBF (tlp) = fOTa%LBF (t|u), one obtains

BerBF( ‘ ) _ [a?LBF(t‘,u) —Cj (t)gj (t)] 27)

1—¢(t)
where ¢;(t) = g V' (t)fo.
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C. fRLBF estimator

In this case
k o~
& (1)) = argmin {3 w@F(0) - (el
(a3 i
liyéok
2
+ ol

= [(1+ p) Ty — FoFG ] [@™" (1) — Fob(1)],

Using the matrix inversion lemma [1] and exploiting the
well-known property of Kronecker products (A ® B)(C ®
D) = AC ® BD, one obtains

1

[(1+ )L — FoFg ]~ = T et
T
-t [l )
Note also that
ﬁln ® {Im + HZ)f_OTfOTfO] Fol(t) =
= [In ® H/fifonJ 0(t)

Since ORLBF (¢]1) = FT&MRIBF (¢|,,), after straightforward
calculations one obtains

1

é\fRLBF n _

0 ( |M) 1+ = fono
which finally leads to
eMEBE (1)) — £ foE(t) + py(t)

1 + o — f(r)rfo

where eEEF (¢]1) = y(t) — [0™BF (¢]1) Fop(t) and () =
y(t) — 0" (t)p(t).
Remark 3

Note that in all cases discussed above, the leave-one-out
interpolation errors can be determined without the need to
implement the corresponding holey estimation schemes.

[O™LEE (¢ ) — £ £00(t)],

e P () = (28)

V. SIMULATION RESULTS

Computer simulations were arranged to compare the plain
LBF and fLBF algorithms with their regularized (ridge
and reweighted) versions. A simulated underwater acoustic
(UWA) communication channel, described in [28], was used
as a testbed for comparison. Such a system can be modeled
as a 50-tap FIR system with time-varying impulse response.
Following [28], the complex-valued impulse response co-
efficients 0;(¢),j = 1,...,50, varying independently of
each other, were generated by lowpass filtering of a circular
white Gaussian noise. The cutoff frequency of the forming
filter was set to 1 Hz under 1 kHz sampling. The resulting
parameter changes, shown in Fig. 1, can be regarded as fast
in the UWA case. Each parameter trajectory was randomly
scaled. To reflect the exponentially decaying power delay

Re[0: ()]

Im[6: (t)]

0 2 4 6 8 10

Fig. 1: Real and imaginary parts of a typical parameter
trajectory prior to scaling.

profile, caused by the spreading and absorbtion loss [7], the
scaling coefficients were chosen so that

var[;(t)] = A (29)

where v = 0.69. Under such settings the ratio between the
variance of the first arrival (j = 1) and the last arrival
(j = 50) is equal to 80 dB. A snapshot of the time-varying
impulse response of the simulated underwater communi-
cation channel and its rfLBF/frLBF estimates obtained for
SNR=20 dB are shown in Fig. 2.

The input signal was circular white binary u(t) = +1+14
and the measurement noise was circular white Gaussian
with variance Ug equal to 0.65, 0.065 and 0.0065 which
corresponds to the signal-to-noise ratio (SNR)

E[|0%p(t)|? 2 &
SNR — HJ%;W = %> vl G0

equal to 10, 20 and 30 dB respectively.

To avoid boundary problems, data generation was started
1000 time instants prior to ¢ = 1 and was continued for
1000 time instants after ¢ = T, where T, = 10000 denotes
the simulation time. The preestimation forgetting constant
was set to A\g = 0.96 and the adopted weighting sequence
had the form w(i) = cos 3¢, i € Ij; (recursively computable
cosinusoidal window). Prior to orthonormalization the basis
set was made up of powers of time: g;(i) = i'"',l =
1,...,m,i € Iy. The LBF and fLBF algorithms were run
with k£ = 100, m = 3, and the choice of p was restricted to
the set M = {0.1,0.2,0.4,0.8,1.6}. The half-width of the
decision window was set to L = 30.

Performance of the compared algorithms was evaluated
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1.5

Re[0;(?)]

-1.5

0.2 ‘
frLBF

®)]

frLBF

Re[A

rLBF

(®)]

rLBF

Re[A]

10 20 30 40 50
J
Fig. 2: A snapshot of the time-varying impulse response
of the simulated underwater communication channel (top
figure) and the corresponding parameter estimation errors
obtained using the frLBF approach and rLBF approach,
respectively (two lower figures).

using the FIT measure, defined as follows [24]
1/2

FIT(t) =100 [ 1 —

Y IO R 10] I N
-0,

2
e 10;(8) = 0;(0)?
where 6;(t) = & ?il 6;(t). The maximum value of this
measure, equal to 100, corresponds to the perfect match
between the true and estimated impulse responses. The
final scores, further referred to as FIT (%), were obtained
by combined time averaging (over [1,75]) and ensemble
averaging (over 20 independent realizations of 6(t)).

According to the simulation results, summarized in Tab.
I, ridge regularization noticeably improves the MSE score
only in the low SNR case. For SNR>10 dB, a very small
improvement of approximately 0.02% can be observed in
the range of very small values of p (around 0.002). Since
improvement of this order is negligible from the practical
viewpoint, it was not included in our comparison. On the
other hand, the well-tuned reweighted L? regularization
yields improvement for all considered SNR’s. As expected,
the greatest performance gain can be observed in the low
SNR range.

Fig. 3 shows the time-averaged FIT scores obtained for
the adaptive rLBF/frLBF algorithms for all 20 realizations
of parameter trajectories (corresponding to different sets
of randomly selected scaling coefficients). Note that the
adaptive algorithms with regularization yield consistently
better results (better in all cases) than the not regularized
ones.

TABLE 1I: Average FIT [%] scores obtained for
LBF/ALBF estimators and their regularized versions:
ridge (RLBF/fRLBF) and reweighted (tLBF/frLBF). The
algorithm with adaptive choice of the regularization gain is
labelled by A.

Method \u 0.1 0.2 0.4 0.8 1.6 A
LBF 57.51
RLBF 63.52 6348 60.13 5260 41.84 64.49
rLBF 65.65 69.40 7348 7679 7745 74.55
10 dB fLBF 65.83
fRLBF 6733 6636 6145 50.65 36.12 67.34
frLBF 69.55 7209 7516 7710 7483 74.81
LBF 86.56
RLBF 8296 7724 6830 56.69 43.61 82.96
rLBF 90.76  91.55 91.30 89.09 84.41 91.39
20 dB
fLBF 85.71
fRLBF 83.71 78.87 68.92 54.07 37.38 83.71
frLBF 87.93 88,52 87.85 8455 77.83 8836
LBF 95.74
RLBF 86.63 79.27 69.30 57.14 4379 86.63
rLBF 96.77 9584 9386 90.51 8527 96.77
30.dB fLBF 89.76
fRLBF 86.51 80.65 69.81 5444 3751 86.51
frLBF 91.01 90.73 89.03 85.01 77.97 91.04

In the second experiment the same data set was used to
check whether the iterative multi-step procedure, described
in the previous section (see Remark 2), can improve the MSE
scores. The obtained results, shown in Tab. II, confirm that
this is the case provided that the regularization gain is well
tuned (if not, the results deteriorate as the number of itera-
tions grows). Since the adaptive algorithm always picks the
best variant, successive iterations improve its performance —
steadily albeit not significantly.

Finally, we note that the situation does not change if the
design parameters k and m are chosen in an adaptive manner
described in [20] — the regularized algorithms continue to
perform better than the not regularized ones.

TABLE II: Average FIT [%] scores obtained for the iterative
multi-step frLBF algorithm (the number of iterations is given
next to the method label).

Method \pz | 0.1 0.2 04 0.8 1.6 A
fLBF 65.83
fiLBF 1 | 69.55 7209 7516 77.10 7483 7481
10dB | fLBF2 | 70.06 7335 7735 7859 7255 7561
fiLBF3 | 70.15 7373 78.19 7899 7127 75.56
fiLBF 4 | 70.18 7387 7857 79.14 7059 75.48
fiLBF5 | 70.19 7393 7878 7921 70.19 7542
fLBF 85.71
fiLBF 1 | 87.93 8852 8785 8455 77.83 88.36
20dB | fILBF2 | 8841 89.05 87.61 8263 7342 8873
fiLBF 3 | 88.56 89.25 8747 8188 7175 88.84
frLBF 4 | 88.63 8934 8739 81.53 7096 88.88
fiLBF 5 | 88.66 89.39 87.33 8133 7052 88.90
fLBF 89.76
fiLBF 1 | 91.01 9073 89.03 8501 77.97 91.04
3048 | FLBF2 | 9124 9071 8822 8279 7346 9127
fiLBF 3 | 9133 90.68 87.90 8200 7179 91.36
fiLBF 4 | 9137 90.66 87.75 81.63 71.00 91.40
fiLBF 5 | 9139 90.65 87.66 8144 7056 91.42
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Fig. 3: Time-averaged FIT [%] scores obtained for all 20
realizations of parameter trajectories. Upper figure shows the
results obtained for the fLBF algorithm and its adaptively
reweighted version. Lower figure shows the analogous results
obtained for the LBF algorithm and its adaptively reweighted
version (SNR=20 dB).

VI. CONCLUSION

The problem of identification of a time-varying FIR sys-
tem was considered. It was shown that accuracy of the
recently proposed local basis function (LBF) estimators and
their computationally fast versions (fLBF) can be improved
by means of regularization. Two variants of regularization
were examined: the classical L? (ridge) regularization and a
new, reweighted L? regularization. In both cases optimization
of the regularization gain was carried out using the time-
localized version of the cross-validation approach. As shown
in a realistic underwater acoustic channel identification
experiment, the reweighted LBF/fLBF estimators perform
better, in terms of the FIT measure, than their original
and ridge versions. One of the interesting directions of the
future research would be to include in the identification
process some prior knowledge (whenever available) about the
estimated impulse response, such as degree of its smoothness
or the rate of decay.
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