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Partial Update NLMS Algorithms with varying
Time-updating Coefficients for Channel
Identification and Echo Cancellation

Tadeu N. Ferreira, Markus V. S. Lima, Marcello L. R. de Campos, Paulo S. R. Diniz

Abstract—In this paper, partial update adaptive algo-
rithms with a time-varying number of updating coefficients
are proposed for channel identification and echo cancella-
tion applications. The proposed algorithms present lower
computational complexity than Partial Update NLMS
M Maxima and a faster convergence than the Sparse
Partial Update algorithm. The proposed algorithms allow
a reduction of updates with hardly increasing the mean-
square error in comparison to the benchmark algorithms.
Sensitivity analysis to the proposed thresholds shows that
a reduction of computational complexity may be reached
with low MSE degradation.

Index Terms—adaptive filter, communications, partial
update, system identification

I. INTRODUCTION

Iterative statistical filters with signal processing
applications have led to the development of adaptive
filtering [1]. Among several configurations, system
identification is one of the most common scenar-
ios of adaptive filters. Adaptive filters for system
identification include applications such as echo can-
cellation and channel identification, which demand
fast processing, and thus require low-complexity
algorithms.

The Partial update (PU) techniques reduce the
overall computational complexity of adaptive filter-
ing while providing a good trade-off with the mean
square error (MSE) [1], [2]. The initial PU algo-
rithms’ update follows a round-robin rule among
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the coefficients, such as the Sequential Partial Up-
date Normalized Least-Mean Squares (SPNLMS)
algorithm [3], whose convergence is considerably
decreased by skipping the coefficient updates.

The Partial Update NLMS M Maxima (PU
NLMS M-max) [4] algorithm ranks the coefficient
elements using the magnitude of the corresponding
gradient estimates, then PU NLMS M-max updates
M coefficients, by choosing the indices correspond-
ing to the highest gradient elements. In general, PU
NLMS M-max mitigates the decrease in the speed
of convergence of the PU adaptive filter. In [5],
the Sparse Partial Update (SPU) NLMS algorithm
provides an update with a time-varying threshold
based on the variance of the coefficient values.
Other PU algorithms comprise Transform-Domain
PU adaptive filtering [2] that increases the conver-
gence speed of PU-NLMS and data-selective PU
adaptive filtering that decreases the computational
complexity of PU-NLMS [6]. Some applications of
PU adaptive filtering include Active Noise Con-
trol [7], [8] and channel equalization [9]. Some
other applications in the literature comprise hands-
free echo cancelation [10] and electroencephalo-
graphic signal analysis [11]. Complex versions of
PU algorithms have been developed for channel
identification [12].

In this paper, thresholds are proposed for PU al-
gorithms updating a varying number of coefficients
for channel identification and echo cancellation ap-
plications. In [4], [5], a fixed number of coefficients
is updated. In the algorithms proposed here, the
updated coefficients are defined in comparison to
a gradient threshold and a coefficient threshold.
The proposed algorithms are alternatives to the PU-
NLMS M-max with a variable M. The update is
randomized in one of the proposed algorithms, when
the updating criteria are not met. In this paper, the
complex versions of the proposed algorithms are
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Fig. 1. Adaptive filter for system identification [1].
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evaluated in the wireless channel scenario.

Section II shows the PU adaptive filters in the sys-
tem identification configuration. Section III presents
the proposed algorithms. Sections IV and V analyze
computational complexity and convergence of the
proposed algorithms, respectively. In Section VI,
the algorithms are simulated, and the sensitivity is
analyzed. Finally, Section VII concludes this work.

Regarding mathematical notation, boldface fonts
are employed for vectors and matrices, where ma-
trices are represented by capital letters. The com-
plex conjugate is denoted by *, and the conjugate
transpose is given by /. Moreover, R represents the
field of real numbers, while C stands for the field
of complex numbers.

II. PARTIAL UPDATE ADAPTIVE SYSTEM
IDENTIFICATION

Consider an adaptive filter [1] with an input z(k),
desired signal d(k), and coefficient vector w(k) =
[wo(k) wi (k) wN(k)]T in the system iden-
tification configuration, as shown in Fig. 1. The
input to the adaptive filter is vectorially modeled
as x(k) = [z(k) x(k—1) z(k — N)}T. For
the system identification configuration, the adaptive
filter and the system to be identified share the same
input. The output of the system to be identified is
the desired signal d(k) of the adaptive filter. The
error signal is e(k) = d(k)—y(k), where y(k) is the
output signal of the adaptive filter. For PU adaptive
filtering, a criterion is defined to update part of w(k)
at a given iteration [2] modeled by the diagonal
selection matrix C(k), that is, the coefficient vector
wy,y(k) = C(k)w(k) is updated. The other coeffi-
cients are kept equal to the corresponding values in
w(k —1).

For the PU-NLMS M-max algorithm, the i" co-
efficient w; (k) is updated, whenever it corresponds

to one of the M highest inputs. Otherwise, it is not
updated, that is, [4]

; Le x(k —1 1
Wil + g Wtk =i+ 1) GA(D

where the set A contains the indices ¢ corresponding
to the largest gradient elements at iteration k.

SPU measures the variance of the coefficients

w;(k) at the k'™ iteration [5]. The coefficients whose
amplitude are greater than 3 standard deviations are
updated. On the other hand, the coefficients within
3 standard deviations have a probability of update
I
The PU-NLMS M-max update is categorized as
the Sequential-based PU algorithms, whereas SPU
is classified as a Stochastic-based PU algorithms,
according to [6]. The proposed algorithms have
characteristics similar to both Sequential-based as
well as Stochastic-based algorithms.

PU-NLMS M-max requires internally a sorting
algorithm for ordering the coefficients in each it-
erations. Moreover, it uses a fixed number M of
updated coefficients, which is not the best choice for
time-varying environments. On the other hand, SPU
uses a stochastic approach for selecting its coeffi-
cients to be updated. This paper aims to merge both
approaches into a novel algorithm. The proposed
algorithms are then presented in the next section.

III. PROPOSED PARTIAL-UPDATE DOUBLE
THRESHOLD ALGORITHMS

The PU NLMS M-max algorithm [4] updates
only the elements with the largest gradient entries.
Although the value of M has an influence on its
convergence [13], M is often chosen by considering
the compromise between the convergence and the
computational complexity of the algorithm. In Set-
Membership filtering [14], a threshold is defined
for selecting the element to be updated. This paper
proposes a flexible selection for PU algorithms
by using two thresholds in the selection of the
coefficients, which are denominated as the Partial
Update NLMS Double Threshold (PU-NLMS-DT)
algorithms. Consider the cost function of the PU-
NLMS-DT algorithms [15]:

min Wl ) - Wi
st. wik+1)CT(k)x(k) =d(k). (2)
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The constrained problem in Eq. (2) is equivalent to
the Lagrangian expression:

: . 2
Jmn (k) = wb)

AT (WL (k +1)CT(k)x(k) — d(k)), (3)
which leads to the following coefficients’ updates:

1
7+ xE(k)C(k)x(k)

w(k+1) = w(k)+

“)
Consider x,,(k) = C(k)x(k), that is, x,,(k) is
identical to x(k) for the entries corresponding to
the coefficients to be updated, and zero for the
other elements. Therefore, x” (k)x(k) = [|x(k)|*
and xfp(k‘)x(k‘) = xT(k)C(k)x(k) < ||x(k)||*>. In
this situation, x/ (k)x(k) results in a smaller value
in the denominator, which leads to an algorithm
prone to be unstable due to the larger variability
in the denominator value. After simulations for
algorithms with thresholds, the presence of C(k)
in the denominator is verified to lead to the update
of fewer coefficients and a poor convergence.

A different update is used in the PU-NLMS M-
max algorithm [4], with a modified normalization of
the step size. It leads to the coefficient update [15]
of the proposed algorithms:

M
vy + XT(]{?)X(/{Z) e(k)C(k:)x(k;),
)

where C(k) € RV*Y is a diagonal matrix. Consider
Cii(k) as the i™ diagonal element of C(k):

w(k+1)=w(k)+

Cuall) = {(1) if lg:(k)] 2 81 or [wi(k)] 2 &,
©)

where the threshold ¢; is compared to the gradient
estimate vector’s elements, threshold ¢, is related
to the absolute value of the i*" coefficient element,
and g;(k) is the i element of the gradient estimate
g(k).

For time-varying system identification, C(k) of
Eq. (6) may lead to a delay in the convergence.
Then, PU-NLMS-DT with Selective Partial Update
(PU-NLMS-DT-SPU) is proposed where there is a
probability of update, if the original threshold crite-
ria are not met, which incorporates some stochastic
mechanisms from the SPU algorithm [5]. In this
case, Cy;(k) = 1 with probability p and 0 with
probability 1 — p.

otherwise.

The complex version for the coefficient update of
the proposed algorithm is [15], [16]:

p \
(7

where x(k), w(k) € CV and C(k) € CVN*¥V,

w(k+1)=w(k)+

Algorithm 1 Proposed PU-NLMS-DT and PU-

e(k)C(k)x(k) NLMS-DT-SPU algorithms.

Consider g(k) = e(k)x(k).
if |gi(k)| > 01 or |w; (k)| > d2, then

Cii(k) =1;
else
PU-NLMS-DT:

PU-NLMS-DT-SPU:
7 = RAND-UNIFORM();

if » > p, then
Cii(k) =1;
else
Cii (k) = 0;
end if
end if 4
Real: w(k+ 1) = w(k) + o XT(k)X(k)e(k)C(k)x(k)

Complex: w(k + 1) = w(k) + e (k)C(k)x(k)

v+ xH (k)x(k)

The proposed PU-NLMS-DT and PU-NLMS-DT-
SPU are summarized in Algorithm 1. The use of
a threshold for the value of instantaneous gradient
estimate and another one based on the coefficient
magnitude controls the convergence of both pro-
posed algorithms. The updates when the criteria are
not met address a high variability of the system
response to be identified for the PU-NLMS-DT-
SPU. The proposed algorithms are versions of PU-
NLMS M-max where the number of updating coef-
ficients is time-variant, whereas PU-NLMS M-max
keeps constant M, that is, the number of updated
coefficient elements.

In the proposed algorithms, the use of thresholds
01 and &5 have the following goals:

o The threshold ¢; allows the coefficient update
whenever the gradient estimate magnitude is
large enough;

o The threshold ¢, allows the coeficient update
when its magnitude is large enough;

 For the proposed PU-NLMS-DT-SPU, it is al-
lowed the coefficients to be sometimes updated
when the previous two criteria are not met.

Since the proposed algorithms are PU adaptive

filters, we aim to present a method to efficiently
choose the coefficients to be updated. Therefore,
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it is interesting to perform a comparison of the
computational complexity proposed algorithm to
other PU adaptive filters.

IV. COMPUTATIONAL COMPLEXITY

In this section, computational complexity of the
proposed algorithm, PU-NLMS M-Max and SPU
are compared in terms of flops (floating point op-
erations) [17]. The proposed algorithms may be
considered as a PU-NLMS M-Max with a variable
number of coefficients to be updated. To express
this equivalence, the number of updated coefficients
at a given iteration is denominated as M for PU-
NLMS M-Max, following the original denomina-
tion, and P(k) for the proposed algorithms. The
NLMS-based PU algorithms use a common formu-
lation for updates, requiring 2N — P(k) + 1 scalar
multiplications or divisions and 2N — P(k) + 1
additions, where P(k) coefficients are updated in
the k" iteration. PU-NLMS M-max requires a sort
algorithm for their coefficients, which increases its
complexity by Nlog N flops. For SPU, the com-
putational complexity depends on the parameter f,
which represents the probability of update for each
coefficient. On the other hand, L is a parameter from
SPU [5] that represents the inverse of the ratio of
coefficients to be updated, that is, L = N/M.

For the proposed algorithms, a gradient estima-
tion is necessary, where e(k)x(k) is used as the
instantaneous estimate. The multiplication e(k)x (k)
is already used in the update, then a small over-
head is introduced in this update. Instead of using
the M largest coefficients, the proposed algorithms
compare the coefficients to a threshold. Comparison
of a vector with a fixed scalar threshold leads
to the equivalent of the complexity of just one
addition [17]. The computational complexity of the
proposed algorithms compared to PU-NLMS M-
max, NLMS and SPU is shown in Tab. 1.

Proposed algorithms present a lower computa-
tional complexity than NLMS, PU-NLMS M-Max
and SPU. PU-NLMS-DT-SPU has an extra step
consisting of a random number generation for each
non-updated coefficient. One digit of the inner
hardware clock platform can generate this random
number, since the requirements on the randomness
of this number are pretty loose. Then, 1 — P(k)
extra flops may be added for the k" iteration for
the proposed PU-NLMS-DT-SPU. The reduction

TABLE 1
NUMBER OF FLOPS OF THE PROPOSED ALGORITHMS COMPARED
TO OTHER PU ALGORITHMS.

NLMS PU Proposed
Operation | NLMS SPU M-max Algorithms
Multipl. 2N+1 | 2N+M+fML | 2N-M+1 | 2N—P(k)+1
Addition 2N+1 | 2N+M+fML | 2N—-M+1 | 2N—P(k)+1
Compar. - N _ 1
Sort - - Nlog N —

in computational complexity may interfere in the
convergence of the algorithms. The next section
provides a condition for the proposed algorithm to
converge.

V. CONVERGENCE ANALYSIS

The convergence of the NLMS is guaranteed for
p < 2 [1]. All the PU algorithms update part
of the coefficients, which modifies the range of
convergence of the step size p [13]. Our MSE
convergence analysis is deduced by adapting [13]
to the proposed algorithms. The quantity P(k) of
updated taps varies over time, but the final MSE is
proven to be the same regardless of the values of
P(k), if C(k) # 0,Vk [13]. Input signal z(k) is
assumed to be white with a Gaussian distribution.
The indices to be updated in C(k) is assumed to be
independent across the iterations.

Consider that Aw(k) = w(k + 1) — w(k), then

e(k+1)=e(k)+)_ ;jjg)Awn(/ﬁ),

n=1

®)

where Aw, (k) is the n'* element of Aw(k), and
e(k+1)=d(k—1) —y(k —1). For the proposed
PU-NLMS-DT,
i
Awy, (k) =

) = S
forn € P(k), or Aw, (k) = 0,n ¢ P(k). By substi-
tuting the value of Aw, (k) in the error expression:

e(k)x(k—n+1), (9

N

1
T (R)x(R) Za:(k:—n—l—l),
(10)

e(k+1)=e(k)+

n=1
and then squaring both sides of (10),
(k+1)=e*(k)+

N
Y 2
S nZla: (k—n+1).(11)
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The number of updated coefficients P(k) at the
k" iteration is time varying. None of the elements
may be updated for P(k) = 0, where w(k + 1) =
w(k). This situation is trivial, without requiring
further analysis for this iteration. On the other hand,
if all the coefficients are updated at a given iteration,
the proposed algorithms correspond to the NLMS
update.

In this paper, we aim to reach an upper limit
for p. This upper limit tends to be tighter for ex-
treme scenarios of difficult convergence. The most
extreme situation for convergence is the update is
the iteration k£ where only one coefficient is updated.
This is the situation analyzed here, considering the
worst case scenario. For the proposed algorithm to
converge, the choice of ;1 should be adequate for all
possible values of P(k).

Consider the Wiener solution w,,, [1], and the
auxiliary coefficient error vector v(k) = w(k) —
Wopt [13]. It is shown in [4], [13] that, when one
coefficient is updated,

%w+¢w41—j%ﬁ%—n+wwam
I
—® ;x<k —n+ Dk — 1+ (k)
W
+mx(k‘ —n+Deg(k), (12)

for the updating coefficient, and v, (k+ 1) = v, (k),
otherwise, where €. (k) = d(k) —w/ ,(k)x(k) and
q(k) = v +x"(k)x(k).

Consider that, at the k" iteration, the u!* coeffi-
cient is updated. Then [4], [13],

Blug(k +1)] = (1 = 2puno; + pixm) Elvy (k)]

o Y Efvp(k)] + pxotem, (13)
1=1,l#u

where E[-] denotes statistical expectancy, n =
Bl (k). e = Elebu(b)) and iy = {1
| # u, E[v}(k+1)] = E[v}(k)] = D(k), therefore,

D(k+1) = <1 - QMWNUQ%—F

EN (1 (N = 1)) ) D(E) + o2, (14)
N77 x Nxm'

The convergence is guaranteed for the following

range .
2No

= . 15

+ (N —1)oi (15)

O<pu<

180

The convergence is still possible for p outside of
the range defined in Eq. (15), since the deduction
is performed for the worst case scenario, when one
coefficient is updated.

Consider the mathematical derivation in [18]
specifically for the worst case scenario, that is,
P(k) =1, then 0 < ps < 3 Since our proposal
does not use blocks of coe%cients, the deduction
in [18] was then adapted. The update in [18] is
normalized by x” (k)C(k)x(k), unlike Eq. (5).

From Eq. (11), a deduction may be performed as
in [19], for a fixed M > 1.

As shown in [19],

(k)1

[ (R)[I>
where x(k) = C(k)x(k). For M =
(k)| = D(k).

Since ||X(k)||* measures the power of some terms
of x(k), then H;EZ;HE > 1. The range of p in a
normalized update 1s duplicated around 1 [1]. Then,
the PU-NLMS Mmax algorithm is guaranteed to
converge for 0 < p < 1, which is equivalent to
the original NLMS constraint. Since the proposed
algorithms may be viewed as a variable M version
of the PU-NLMS Mmax algorithm, then a similar
reasoning may be used.

In the next section, the proposed algorithms are
simulated, as well as the benchmark algorithms.

0<p< (16)

1, then

VI. RESULTS

Computer simulations have been performed in
Matlab 2017a for evaluating the performance of the
proposed algorithms. Firstly, the thresholds of the
proposed algorithm are properly set. Then, the MSE
of the proposed algorithm is compared to other PU
algorithms.

A. Setting the Thresholds

In this subsection, some simulations provide a
rough evaluation of the sensitivity of the proposed
algorithm to the values of the thresholds. The

sensitivity to a parameter ¢ is defined as S =
de* (k)

[24]. Since it is a quite difficult variable to

be evaluated, the estimation of the sensitivity should
be performed, as in the analysis developed here. In
this subsection, the main objective is to study the
influence of the thresholds over the MSE. Then,
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the use of a rougher estimate of the sensitivity is

enough to obtain a proper conclusion about how
the threshold values influence the MSE.

A sensitivity estimate may be defined, such

A . A (k)

that S5, = lim ———~, where the over-
A—0  AJ, )

bar denotes time averaging. In this subsec-

tion, a low-complexity rougher estimate is used
2 2
es..(k) —e
Sér(5m17 59327 k) 02

ozl
. ..o dx2 T Pl . .
Fig. 2 for the sensitivity to §; in the basic scenario.
The results for sensitivity to d, are very similar,
then they were omitted. The results show a very
low sensitivity of the proposed PU-NLMS-DT to
parameters d; and s in the basic scenario.

, as depicted in

B. Sensitivity: Basic Scenario

The basic scenario is the identification of a Dig-
ital Subscriber Line (DSL) cable channel with a
time-invariant impulse response as in [20], that is,
a base-band 120 MHz cable with 50-m length. A
low-pass frequency response similar to [20] is used,
with its corresponding impulse response decimated
in time for a 16-tap digital channel. A Bernoulli-
Gaussian impulsive noise is added to the signal [21].
Figs. 2 and 3 as well as Tabs. II and III show the
main results for sensitivity. There is a low sensitivity
for both thresholds for this scenario.

—551(0.1265, 0.0632

ol ( )
S51(0.0632,0.0447)
551(0.0632,0.0316)

10 551(0.0316,0.0224)
——551(0.0224, 0.0158)
-20

&
S

Sensitivity Estimate

A
S

iw i

Fig. 2. Sensitivity of the proposed PU-NLMS-DT for values of §;
in the basic scenario.

1000
Iterations

2000 3000

C. Sensitivity: Echo Cancellation

For acoustic echo cancellation, z(k) corresponds
to a short sentence read by a male speaker with

0 —Ss2

(0.3,0.1)
S52(0.1,0.03)
10 S52(0.03,0.01)
——852(0.01,0.003)
(0.

Sensitivity Estimate

0 1000
Iterations

2000

Fig. 3. Sensitivity of the proposed PU-NLMS-DT for values of 2
in the basic scenario.

TABLE I
SENSITIVITY AVERAGE FOR VALUES OF §1 IN THE BASIC
SCENARIO.
61 (:E7 y) ‘ SZIT

(0.1265, 0.0632) | -27.41 dB

(0.0632, 0.0447) | -22.71 dB

(0.0447, 0.0316) | -22.70 dB

(0.0316, 0.0224) | -25.33 dB

(0.0224, 0.0158) | -25.01 dB

some silent parts and sampled at 44.1 kHz. The
system to be identified presents a time-invariant re-
sponse. The echo path used is a simplified version of
the echo paths from [22], which represents a 4-kHz
baseband transmission channel. The first coefficient
is set as 1 and the eighth coefficient is -0.5 of a
16-tap echo path. Figs. 4 and 5 as well as Tabs. IV
and V show the sensitivity estimates of PU-NLMS-
DT for the audio scenario to 9; and s, respectively.
The sensitivity estimates are quite high to ¢; and
low to Js.

D. Sensitivity: Channel Identification

The next set of simulations comprises a wire-
less channel identification, whose requirements of
tracking of the algorithms are quite demanding.

TABLE III
SENSITIVITY AVERAGE FOR VALUES OF 02 IN THE BASIC
SCENARIO.
O(z,y) | Sy

0.3,0.1) -32.50 dB

(0.1, 0.03) -7.42 dB

(0.03, 0.01) -5.93 dB

(0.01, 0.003) | -23.86 dB

(0.003, 0.001) | -24.61 dB
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Fig. 4. Sensitivity of the proposed PU-NLMS-DT for values of d;
for echo cancellation.
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Fig. 5. Sensitivity of the proposed PU-NLMS-DT for values of d2
for echo cancellation.

The sparse impulse response changes once every 10
iterations, where 2 out of the 16 taps are chosen to
be non-zero, while the other 14 are zeroed out. The
transmission is assumed to be in bandpass at 815
MHz. Since the system is simulated in baseband,
the complex versions of the algorithms are used.
Fig. 6 and Tab. VI show the sensitivity estimates of
PU-NLMS-DT to §; for channel identification. The

TABLE 1V
SENSITIVITY AVERAGE FOR VALUES OF §; FOR ECHO
CANCELLATION.
01(x,y) \ Sy
(0.1265, 0.0632) | -6.02 dB
(0.0632, 0.0447) | -4.25 dB
(0.0447, 0.0316) | -8.23 dB
(0.0316, 0.0224) | -7.44 dB
(0.0224, 0.0158) | -16.71 dB

TABLE V
SENSITIVITY AVERAGE FOR VALUES OF d2 FOR ECHO
CANCELLATION.
52 ("L‘, y) ‘ SZIQC
(0.3, 0.1) -19.29 dB
(0.1, 0.03) -9.12 dB
(0.03, 0.01) -8.23 dB
(0.01, 0.003) | -21.52 dB

(0.003, 0.001) | -20.23 dB

sensitivity to d, is not depicted, since the results
are similar to the ones shown in Fig. 6, i.e., low
sensitivity with some oscillations to the variability
of the channel.

—551(0.1265, 0.0632)

10 | (
S51(0.0632, 0.0447)
o 0} S51(0.0632,0.0316)
‘g — 551(0.0316, 0.0224)
Z-10 : ;
s3]
)
i
£ .30
0]
-40
0 1000 2000 3000
Iterations

Fig. 6. Sensitivity of the proposed PU-NLMS-DT for values of §;
for channel identification.

In summary, the proposed algorithms present gen-
erally low sensitivity to the values of the thresholds
in relation to the squared error. Then, the proposed
algorithms may be tuned such that they present low
computational complexity and low MSE values. The
values for the thresholds used in the MSE simula-
tions are chosen within the range [1073,1072], that
is, in the range simulated in this sensitivity analysis.
For the simulations in this section, it is not important
the actual values of the sensitivity estimation curve.
In fact, the focus of this analysis is the variability
of the curves when a threshold is varied.

E. MSE simulations: Basic Scenario

Modern systems feature high variability due to
mobility and high rates, leading to sparse channel
responses. The proposed PU-NLMS-DT and PU-
NLMS-DT-SPU algorithms are tested in communi-
cation scenarios to identify channel responses. Four
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TABLE VI
SENSITIVITY AVERAGE FOR VALUES OF §; FOR CHANNEL
IDENTIFICATION.
61 (:‘Cv y) ‘ SUT
(0.1265, 0.0632) | -19.92 dB
(0.0632, 0.0447) | -9.85 dB
(0.0447, 0.0316) | -8.82 dB
(0.0316, 0.0224) | -18.89 dB
(0.0224, 0.0158) | -19.02 dB

scenarios are used in the Matlab 2017a simulations:
a basic scenario, an acoustic echo cancellation sce-
nario, and two wireless channels with a time-varying
impulse response presenting a high variation.

The algorithms in simulation are NLMS,
SPNLMS [3], PU-NLMS Mmax [4] and SPU [5],
whose MSE are compared to the proposed PU-
NLMS-DT and PU-NLMS-DT-SPU. Simulati ons
are performed for 4,000 input symbols and 600
ensemble runs, i.e., the results correspond to the
average of the MSE over 600 Monte Carlo runs. The
number of Monte Carlo runs was chosen so that the
results are constant, if this set of simulations is re-
peated. The thresholds are chosen to keep the same
update rates for the algorithms. For the wireless
scenarios, the complex versions of the algorithms
have been used, since the actual transmission is
performed in passband. The transmitted constella-
tion used is a normalized 256 Pulse Amplitude
Modulation. A measurement noise with -30 dBm
is added to the transmission in the channel.

10 | NLMS
SPNLMS
—SPU
0r ——PU-NLMS-Mmax

E‘ —Prop. PU-NLMS-DT
o, Prop. PU-NLMS-DT-SPU
5}4 -10 - = =Prop. 40%
=

-20 I 1

-30 | 1

0 1000 2000 3000

Iteration index

Fig. 7. DSL cable identification when the update rates of all
simulated algorithms are set to 81%, except for NLMS and PU-
NLMS-DT-SPU with 40% rate.

The basic scenario is now revisited for the MSE
evaluation. A base-band 120 MHz cable with 50-

m length with a low-pass frequency response is
identified after decimated in time for a 16-tap digital
channel. An impulsive noise is added to the signal.
A fixed rate of iterations is enforced for every
algorithm by setting the parameters properly. Fig. 7
shows the results, when all algorithms are set to an
update rate of 81%, except for the NLMS algorithm.
Most proposed and benchmark algorithms present
similar MSE, and SPNLMS presents the highest
MSE. Moreover, the proposed PU-NLMS-DT-SPU
is also shown for 40% of update to show the low
sensitivity of the proposed algorithms previously
presented in this section.

In all of the simulations, the color of the curves
is maintained. MSE of the NLMS is depicted in
green, SPNLMS in cyan, SPU in blue and PU-
NLMS-Mmax in magenta. On the other hand, the
MSE of the proposed PU-NLMS-DT is represented
in solid black and the proposed PU-NLMS-DT-SPU
in red. Moreover, the proposed algorithms are also
simulated in a reduced update mode, depicted in
dashed black.

F. MSE simulations: Acoustic Echo Cancellation

-5
NLMS
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—SPU
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p=
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-30
35 ‘ ‘
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Iteration index

Fig. 8. Echo cancellation simulations where all the algorithms have a
fixed update rate of 50%, except for NLMS and PU-NLMS-DT-SPU
with 40% rate.

The acoustic echo cancellation scenario is once
more used, where the response corresponds to a
short sentence read by a male speaker with some
silent parts and digitized at a sample rate of 44.1
kHz. The system to be identified presents a sparse
impulse response, with the first coefficient set as
1 and the eighth coefficient is -0.5 of a 16-tap
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response. Fig. 8 shows the simulations for fixed
50% update rate for all the algorithms by properly
setting the parameters, except for the NLMS algo-
rithm that does not provide this compromise. The
curve for the proposed PU-NLMS-DT-SPU is also
shown for 30% of updates, which confirms the low
sensitivity of the proposed algorithms. The proposed
algorithms and the PU-NLMS M-max present the
best MSE performance and fastest convergence for
echo cancellation.

G. MSE simulations: Wireless Channel Identifica-
tion

50
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Fig. 9. Wireless channel identification for the complex versions of
the algorithms with 81% of update rate, except for NLMS and PU-
NLMS-DT-SPU with 40% rate.

The wireless channel identification scenario is
used for MSE evaluation, where the impulse re-
sponse changes once every 10 iterations, and 2
out of the 16 taps are chosen to be non-zero,
while the other 14 are zeroed out. The complex
version of the algorithms are simulated. In Fig. 9,
the proposed PU-NLMS-DT-SPU present the best
MSE performance regarding MSE, while 81% of
the coefficients along the iterations are kept fixed.

The Extended Pedestrian A (EPA) channel for
LTE is used for time-varying channel identifica-
tion [23], with a truncated 52-tap impulse response
in bandpass at 1800 MHz, for a speed of 2 m/s. The
complex versions of the algorithms are used in this
simulation, since bandbase representation of signals
is used. Fig. 10 shows the results for the algorithms
in the EPA channel, when the parameters of all the
algorithms are set to be kept at 68% coefficient

updates, except for the NLMS. In this scenario, the
simulations confirm the low sensitivity regarding the
threshold values of the proposed algorithm by dis-
playing the curve for PU-NLMS-DT-SPU with 42%
of updates. The PU-NLMS M-max and proposed
PU-NLMS-DT and PU-NLMS-DT-SPU present the
lowest MSE.

40 1 NLMS

SPNLMS
30 | —sPU
20 | ——PU-NLMS-Mmax

—Prop. PU-NLMS-DT

m
o, 10 & —Prop. PU-NLMS-DT-SPU
m = = =Prop. 42%
n
S 0

-10

-20

-30 ‘ :

0 1000 2000 3000

Iteration index

Fig. 10. MSE for the EPA-LTE 52-tap channel identification for the
complex versions of the algorithms by keeping 68% of update rate,
except for NLMS. The proposed PU-NLMS-DT-SPU is set to 40%
of update rate.

In the simulated scenarios, the step size is always
smaller than the upper bound deduced in Section V,
that is, within the convergence range that is deduced
in Eq. (15). Since the bound is deduced in the worst
case scenario, one obtains 0.125 as a pessimistic
upper limit for 1 in most of the simulated scenarios.

The proposed algorithms present similar MSE
performance to the benchmark algorithms. The pro-
posed algorithms exhibit a faster convergence, es-
pecially for the acoustic echo cancellation and LTE
channel identification scenarios, i.e., when the input
is non-stationary or the channel response is time-
varying. The final excess MSE for all the compared
algorithms are similar, which is predicted theoreti-
cally [13], while the computational complexity of
the proposed algorithms is generally lower than
most of the other algorithms under the same con-
ditions. The exception is PU-NLMS M-max which
requires a sorting algorithm for selecting the largest
inputs in each iteration, as shown in Section IV.
In the simulated scenarios, the step size is always
smaller than the upper bound deduced in Eq. (15).
The next section concludes this work.
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VII. CONCLUSION

This paper proposes the use of a time-varying
number of updating coefficients selected by using
two thresholds for defining the coefficients updated
at each iteration for channel identification and echo
cancellation.

Simulations show that the proposed algorithms
converge faster than SPU for acoustic echo cancel-
lation, which uses a non-stationary input, and LTE
standardized channel identification, which presents
high variability in time. For the time-varying wire-
less impulse response, the convergence of the pro-
posed algorithms is slightly faster. Moreover, the
proposed algorithms present lower computational
complexity than PU-NLMS M-Max while maintain-
ing a similar convergence.

A convergence analysis of the proposed algo-
rithms’ step sizes and a sensitivity analysis of the
thresholds based on simulations are provided. The
proposed algorithms present different sensitivity re-
garding MSE and update rates in the simulated sce-
narios. The sensitivity simulations generally show
that the proposed algorithms allow the MSE to be
maintained while the update rate is significantly
reduced. A low-complexity proposed algorithm is
reached without compromising the MSE. The pro-
posed PU-NLMS-DT algorithm may be viewed as
a version of the PU-NLMS M-max algorithm with
a time-varying M. As a future work, performance
tests will be performed on active noise control in a
hands-free vehicular scenario [25], [26].

REFERENCES

[1] P. S. R. Diniz, Adaptive Filtering: Algorithms and Practical
Implementation, Springer, Sth Edition, New York, 2020.

[2] K. Dogangay, P. Naylor, “Recent advances in partial update and
sparse adaptive filters,” in Proc. European Signal Processing
Conference, pp. 1-5, Antalya, Sept 2005.

[3] S. Douglas, “Adaptive Filters Employing Partial Update,” IEEE
Trans. Circuit and Systems II, vol. 44, n. 3, pp. 209-216, Mar
1997, DOI: 10.1109/82.558455.

[4] T. Aboulnasr, K. Mayyas, “Complexity Reduction of the NLMS
Algorithm via Selective Coefficient Update,” IEEE Trans. Signal
Processing, vol. 47, n. 5, pp. 1421-1424, May 1999, DOI:
10.1109/78.757235.

[5] H. X. Wen, S. Q. Yang, Y. Q. Hong, H. Luo, “A Partial Update
Adaptive Algorithm for Sparse System Identification,” IEEE
Trans. Audio, Language and Speech Proc., vol. 28, pp. 240-255,
2020, DOI: 10.1109/TASLP.2019.2949928.

[6] M. Godavarti, A. O. Hero III, “Partial Update LMS Algorithms,”
IEEE Transactions on Signal Processing, vol. 53, n. 7, pp. 2382—

2399, July 2005, DOI: 10.1109/TSP.2005.849167.
[71 D. Bismor, “Simulations of Partial Update LMS Algo-

rithms in Application to Active Noise Control,” Procedia
Computer Science, vol. 80, pp. 1180-1190, 2016, DOI:
10.1016/j.procs.2016.05.451.

[8] S. Hui, M. Wang, Y. Han, “Research on Adaptive Algorithm for
Weight Partial Update of ANC,” in Proc. International Confer-
ence on Information Communication and Signal Processing, pp.
121-125, Weihai, China, Sept 2019.

[9] M. Soflaei, P. Azmi, E. Mostajeran, “Using selective partial
update-selective regressor affine projection algorithms for adap-
tive equalization in underwater acoustic communications,” in
Proc. IEEE International Conf. Information and Communication
Technology, pp. 372-376, Bandung, Indonesia, Mar 2013, DOI:
10.1109/ICoICT.2013.6574604.

[10] X. Huang, Y. S. Li, Y. Zakharov, Y. Li, B. Chen, “Affine-
Projection Lorentzian Algorithm for Vehicle Hands-Free Echo
Cancellation,” IEEE Trans. Vehicular Technology, vol. 70, n. 3,
pp. 2561-2575, Mar 2021, DOI: 10.1109/TVT.2021.3061126.

[11] M. A. Boudiaf, M. Benkherrat, S. Djelel, D. Messadeg, R.
Absi, “Efficient Adaptive Learning via Partial-Update,” Applied
Sciences, vol. 15, art. 12702, 2025.

[12] V. Vahidpour, et al., “Variants of Partial Update Augmented
CLMS Algorithm and Their Performance Analysis,” IEEE Trans.
Signal Processing, vol. 68, pp. 3146-3157, May 2020, DOI:
10.1109/TSP.2020.2993938.

[13] T. Aboulnasr, K. Mayyas, “MSE Analysis of the M-Max NLMS
Adaptive Algorithm,” in Proc. of the IEEE International Conf.
on Acoustic, Speech, Sig. Processing, pp. 1669-1672, Seattle,
May 1998, DOI: 10.1109/ICASSP.1998.681776.

[14] S. Gollamudi, S. Nagaraj, S. Kapoor, Y. F. Huang, “Set-
membership filtering and a set-membership normalized LMS
algorithm with an adaptive step size,” IEEE Signal Proc. Letters,
vol. 5, n. 5, pp. 111-114, May 1998, DOI: 10.1109/97.668945.

[15] M. S. E. Abadi, J. H. Husoy, “Mean-square performance
of the family of adaptive filters with selective partial up-
dates,” Signal Processing, vol. 88, pp. 2008-2018, 2008, DOI:
10.1016/j.sigpro.2008.02.005.

[16] B. Widrow, J. McCool, M. Ball, “The Complex LMS algo-
rithm,” Proceedings of the IEEE, vol. 63, n. 4, pp. 719-720, Apr
1975, DOI: 10.1109/PROC.1975.9807.

[17] G. Golub, C. van Loan, Matrix Computations, 4th edition, Johns
Hopkins Univ. Press, 2013.

[18] S. Werner, M. L. R. de Campos, P. S. R. Diniz, “Mean-Squared
Analysis of the Partial-Update NLMS Algorithm,” Journal of
Communication and Information Systems, vol. 18, n. 1, pp 77—
85, June 2003, DOI: 10.14209/jcis.2003.9.

[19] K. Mayyas, T. Aboulnasr, T. Eldos, “A Study of the Robustness
of the M-max NLMS Adaptive Algorithm,” in Proc. IEEE Int.
Conference on Circuit and Systems, pp. 154-157, Orlando, May
2002.

[20] T. Magesacher, J. Rius i Riu, M Jakovljevic, M. Loiola, P.
Oding, P. Borjesson, “Measurement and Modeling of Short Cop-
per Cables for Ultra-Wideband Communication,” Proc. of SPIE,
vol. 6390, n. 6, pp. 1-12, Jun 2006, DOI: 10.1117/12.685903.

[21] R. Pighi, M. Franceschini, G. Ferrari, R. Raheli, “Fundamental
Performance Limits of Communications Systems Impaired by
Impulse Noise”, IEEE Trans. Communications, vol. 57, n. 1, pp.
171-182, Jan 2009, DOI: 10.1109/TCOMM.2009.0901.060440.

[22] J. Benesty, et al., Advances in Network and Acoustic Echo
Cancellation, Springer, Berlin, 2001.

[23] 3GPP/ETSI, “ETSI TS 136 104 v.8.3.0,” LTE: E-UTRA - Base
Station (BS) Radio Transmission and Reception, LTE Standards,
pp. 1-68, 2008-2011.

[24] M. Gholami, H. Schioler, T. Bak, “Active Fault Diagnosis for
Hybrid Systems Based on Sensitivity Analysis and Adaptive
Filter,” IEEE Intern. Conference Control Applications, pp. 1171—
1177, Denver, Sept 2011, DOI: 10.1109/CCA.2011.6044439.

[25] B. Xei, T. Bose, Partial Update Least-Square Adaptive Filter-
ing, Springer, Berlin, 2022.



JOURNAL OF COMMUNICATION AND INFORMATION SYSTEMS, VOL. 41, NO.1, 2026. 186

[26] N. Siqueira, L. Resende, F. Andrade, R. Pimenta, D. B. Haddad,
M. R. Petraglia, “Transient Analysis of a Selective Partial-Update
LMS Algorithm ,” Applied Sciences, vol. 14, n. 7, art. 2775, Mar
2024.

Tadeu N. Ferreira is an Associate Professor at Fluminense Federal
University (UFF), Niter6i, Brazil. He is the author of 32 journal
papers, has advised 25 masters’ dissertations and 2 doctorate thesis.
He is one of the authors awarded with best paper award in SEMISH
2025 of the Brazilian Computation Society. He is a member of IEEE
and SBrT.

Markus V. S. Lima received the B.Sc. degree
in electronics engineering from the Federal
University of Rio de Janeiro (UFRJ) in 2008,
and the M.Sc. and D.Sc. degrees in electrical
engineering from COPPE/UFRJ in 2009 and
2013, respectively. Currently, he is an Asso-
ciate Professor in the Electrical Engineering
Program (PEE/COPPE) and the Department
of Electrical Engineering (DEE/Poli) at UFRJ.
Markus Lima has served on the Technical Program Committee
(TPC) of several conferences, as well as the board of the IEEE
Rio de Janeiro Section (2016-2017). He was the Chair of the IEEE
Signal Processing Society Chapter in Rio de Janeiro (2018-2025)
and a member of the editorial board of Elsevier’s journal Digital
Signal Processing (2022-2026). He has coauthored the books Online
Learning and Adaptive Filters and Block Transceivers: OFDM and
Beyond. Markus Lima received a best paper award at the Brazilian
Conference on Computational Intelligence (CBIC 2023). His research
interests include machine learning theory and applications, as well as
adaptive filters and digital signal processing.

Marecello L. R. de Campos received the En-
gineering (cum laude) degree from the Federal
University of Rio de Janeiro (UFRJ), Rio de
Janeiro, Brazil, in 1990, the M.Sc. degree
in electrical engineering from COPPE/UFR]J,
in 1991, and the Ph.D. degree in electrical
engineering from the University of Victoria,

> '/ ¢ Victoria, BC, Canada, in 1995. Since 1998,
/ ’/' / " , he has been a Professor with the Electrical
Engineering Program, COPPE/UFRJ, having served as Vice-Chair
and Chair in 2004 and 2005, respectively. He is currently serving a
four-year term as Vice-Director for COPPE. His research interests
include adaptive signal processing in general and its application to
distributed networks, in particular, adaptive beamforming, statistical
signal processing, signal processing for communications, under-
water, mobile and wireless communications, and MIMO systems.
He was the IEEE Communications Society Regional Director for
Latin America in 2000 and 2001, Local-Arrangements Co-Chair for
GLOBECOMY99, Finance Chair for SPAWC 2008, Plenary Chair
for ISCAS 2011, and Technical Co-Chair for the 2013 Brazilian
Telecommunications Symposium. He founded and was Chair of the
IEEE Signal Processing Society Rio de Janeiro Chapter from 2011
to 2017, and was the Chair of the Visibility & Outreach Committee
of the Signal Processing Society Education Board in 2024 and 2025.

Paulo S. R. Diniz (Life Fellow, IEEE) was
born in Niteréi, Brazil. He received the Elec-
tronics Engineering degree (Cum Laude) in
electrical engineering from the Federal Uni-
versity of Rio de Janeiro (UFRJ), Rio de
Janeiro, Brazil, in 1978, the M.Sc. degree in
electrical engineering from COPPE/UFRIJ, Rio
de Janeiro, Brazil, in 1981, and the Ph.D. de-
v gree in electrical engineering from Concordia
University, Montreal, QC, Canada, in 1984. He is with the Program
of Electrical Engineering and the Department of Electronics and
Computer Engineering, COPPE/Poli, Universidade Federal do Rio
de Janeiro.

His teaching and research interests include analog and digital signal
processing, online learning, adaptive signal processing, digital com-
munications, wireless communications, multirate systems, stochastic
processes, and electronic circuits.

He has authored or coauthored refereed papers in journals and
conference papers in some of these areas and authored the following
textbooks: Signal Processing for Autonomous Systems, (NY, Springer,
2026, with Y. C. Lim and Y.-F. Huang), Online Learning and
Adaptive Filters (Cambridge, U.K.: Cambridge University Press,
2022, with M. L. Campos, W. A. Martins, M. V. S. Lima, and
J. A. Apolindrio Jr.), Adaptive Filtering: Algorithms and Practical
Implementation (NY: Springer, Fifth Edition, 2020) and Digital Sig-
nal Processing: System Analysis and Design (Cambridge University
Press, Second Edition, 2010, with E. A. B. da Silva and S. L.
Netto) and the monographs Block Transceivers: OFDM and Beyond
(Springer, 2012, with W. A. Martins and M. V. S. Lima) and
Online Component Analysis, Architectures and Applications (NOW
Publishers, 2022, with J. B. O. Souza Filho, L.-D. Van, and T.-P.
Jung).

Dr. Diniz is a Fellow of EURASIP. He is a Member of the
National Academy of Engineering (ANE) and the Brazilian Academy
of Science (ABC). He was the recipient of the 2024 Carl Friedrich
Gauss Education Award of the IEEE Signal Processing Society, and
the 2014 Charles Desoer Technical Achievement Award of the IEEE
Circuits and Systems Society. He was also the recipient of some
Best Paper awards from conferences and an IEEE journal. He has
served as an Associate Editor for the IEEE Transactions on Circuits
and Systems II: Analog and Digital Signal Processing and the IEEE
Transactions on Signal Processing. He was a Distinguished Lecturer
of the IEEE Circuits and Systems and the IEEE Signal Processing
Societies.




