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Adaptive VSS Blind Equalizers

Fang-Biau Ueng and Yu T. Swember, IEEE

Abstract—It is well known that an adaptive filter with a goal in a blind environment we have to design a suitable
large step size in the transient period and a small one in the measure to control the step size. ISI- and MSE-based VSS

convergence period gives small mean squared steady state errory,|inq algorithms are suggested below. We will show that they
while achieving a fast convergence rate. Based upon this idea, -
do perform up to expectation.

we present two variable step size (VSS) blind equalizers. The
first one employs an intersymbol interference (ISI) estimator to
control the step size, the second algorithm uses a mean squared I
error (MSE) estimator to adjust the step size. Both accomplish

what has been expected.

. THE VSS BLIND ALGORITHMS

A. I1SI-Based Blind Algorithm
I. INTRODUCTION Denote the total impulse response of the channel and the

UE TO ITS simplicity and robustness, the least-mea®dualizer by
Dsquare (LMS) type algorithms have been widely used in

many applications. However, LMS-type algorithms are unable

to satisfy the opposing requirements of fast convergence and = Z hicic (5)
small mean squared error (MSE). To solve this problem and !

meet both specifications, an approach frequently used is\{fere %~ represents the convolution  operation

employ a time varying step size in these LMS-type algorithms, der , EE .
Kwong and Johnson [1] suggested that the step size of ?aln(j_édef’ hi1, ho, ha, -] is the channel impulse response,
an =

LMS-type adaptive algorithm be controlled by = [+ ¢o1, ¢, 15 -] is the impulse response of
the equalizer. The filter output(n) can be expressed as

p(n+1) = au(n) +ve(n) (1) =z(n) = >, a(n — l)s;, where{a(n)} is the data sequence.
In order to achieve zero 1S§% [-+, -1, S0, S1, - -] must
have the following form:

S; :hioci

where0 < « < 1, v > 0, andp(n), ¢, are the step size and the
error signal at the:th iteration. Mathew and Xie [2] proposed
a stochastic gradient algorithm that updates the step size via s=1[0

T

pn) = pln = 1)+ pe(n)eln = DY (n = Y(n) (D) | ot & pe the filter length and defin& [a(n)] = E[a*(n)] —
wherep is a small positive constant that controls the adaptivéE”[a*(n)], where E[] is the expectation operatoy; the
behavior of the step size sequene@). Y (n) = [y(n) y(n — St€P Sizém = =2 — (1 + a)Kla(n)]/E*[a*(n)], andy; =
1) - y(n — N + 1)]7, where {y(n)} is the channel output @/ [a(n)]/E[a*(n)], o being a positive number. To find a
(or filter input) sequence. Mayyas and Aboulnasr [3] noticg®fOPer IS indicator so as to adjust the step size) at the
that both the energy of the error signal and the correlatiéi{h iteration, let us consider the following equations [4]:
between successive samples are small when the adaptive filter

T 07 17 07 Ty 0] (6)

2 _ 2 2
is near its optimum. They then employed an estimate of the El"(n)] = Ela”(n)] Z st )
autocorrelation betweet(n) ande(n — 1) to control the step ! .
size, i.e., K[z(n)] =Kla(n)] Y |si|* (8)
1
p(n) =pp(n—1)+ (1 - Ple(n)e(n-1)  (3)

_ 2 Since st < 5112)? with equality holds if and
p(n+ 1) = ap(n) +vp~(n). @) only ifz{:;l'} i|s of trfezflo|rm| ()6), perfect equalization implies
These VSS algorithms all have an error siga@at), which > s> = 1 andy, |s;|* = 1. The quantity

is the difference between the desired signal and the LMS 5 5 5

filter output, available. But in a blind environment, an exact Qisi(n) ={E["(n)] - E[a"(n)]}

error signal can not be obtained directly. To achieve the same +{E[z*(n)] - E[a*(n)]}* )
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ISI performance comparison of FSS and VSS algorithms that operfig- 2. MSE performance comparison of FSS and VSS algorithms that

in Channel 1. The time-varying channel changes its characteristic frg?Rerate in Channel 2. The time-varying channel changes its characteristic

Channel 1 to Channel 3 at the 5000th iteration.

estimated recursively as 0.1

Qi1 = A1, + (1= A)22(n + 1)
ﬁn-l—l = )\2/3n + (1 — )\2)24(71 + 1)

(10)
(11)
where0 < A\, A2 < 1 are forgetting factors. Substituting (10) 0.01 &
and (11) into (9) we then obtain a real-time estimate of the ISl N

measurdlisr(n). The step size can therefore be controlled by'%'
Qrs1(n) through

LL(TL) = Nlnax[l - G_AQISI(")]

step

(12) 0.001

where .. IS the initial step size and4d is a positive
constant. As can be seen, wh@ms(n) is large, the step size
u(n) is large; otherwisep(n) becomes small. This variable
step size can be used in any LMS-like blind equalizer, e.g.,

0.0001

from Channel 2 to Channel 1 at the 5000th iteration.

step size trajectory
—ISI-based VSS algorithm (A=5)
- 1Sl-based VSS algorithm (A =30)
--MSE-based VSS algorithm (A=25)
---MSE-based VSS algorithm (A =50)
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the unconstrained blind algorithm proposed by Shalvi and 0

Weinstein [4] that updates its tap-weight vect@i(n) by

Crsi(n) = Cisi(n — 1) + psgn(K[a(n)]){z*(n)

+(n = DE[Z(n)] +12}2(n)Y (n).  (13)

B. MSE-Based Blind Algorithm

When an LMS algorithm converges, we expect the asserror signal [6], e.qg.,

ciated mean squared (real) error to be small. Hence, we can
use

def

Qvse(n) = E[ek(n)] =

€sa(n) = o sgn[z(n)] - z(n)
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(14) Wherea = E[a?(n)]/E[|a(n)]]. e,

cursively estimated by

where eg(n) is the real error signal as a mean squared
convergence indicato[c%(n)] can be estimated recursively
via

Y41 = (1= X3)ym + Asch(n + 1) (15)

where0 < A; < 1. In a blind equalization situatiorgg(n)

() = pimax[1 — ¢

ent1l = (1 — Ap)en + Adlega(n + 1)

def p

10000

Fig. 3. Step size trajectories of VSS blind algorithms that operate in the
time-varying channels defined the previous two figures.

wherew is a threshold{/(-) is the unit step functionggq(n)
is the decision-directed error signal aag,(n) is a Sato-type

(17)

[leaa(n)|] can be re-

(18)
with 0 < Ay < 1. The above discussion indicates that a
suitable control scheme for the step size is

—AQMsE (n)] (19)

is not available, the following error signal can be chosen Yhere a real-time estimate for the MSE measiligsr(n) is

replacecr(n)

cr(n) = caa(n) + U{E[lcaa(n)l] — v}esa(n)

obtained from substituting (16)—(18) into (15).
(12) and (19) can be replaced yfn) = pmaxG[R(R)],
(16) whereQ(n) = Quse(n), or Qsr(n) andG(zx) is a soft-limiter
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defined byG(z) = x/~, if © < v, and= 1, otherwise;y being demonstrate that, when compared with the FSS algorithms,
a positive real number representing the threshold (saturatiour VSS algorithms not only have faster learning speeds, but
level). Such an implementation is simpler than (12) and (19lso result in smaller steady state I1SI or MSE. Furthermore, the
We also find that the associated performance is similar andésrning behavior of both algorithms reveals another advantage

insensitive to the choice of. of our VSS algorithms—their behavior is not very sensitive to
the choice of the value for the constaat This is because
IIl. SIMULATION RESULTS the productAQ)(n), instead of(}(n) alone, controls the step

. . . . ﬁize within the designed limit,,... The step size trajectories
This section presents some Monte Carlo simulation results . . T .
iven in Fig. 3 show that the step size in the transient

. : . g
of the two proposed VSS blind equalizers. Binary P&KI} eriods is almost independent df for both algorithms. This

'Ssigggiirgr']t;e_d and the following three channels are used in (fgrct indicates that during the transient periods where there

are significantz(n) variations, our algorithms have the self-
Channel 1y(n) = —0.4a(n) + a(n — 1) +0.4a(n — 2).  qjysting capability of making the ISI or MSE measure smaller
Channel 2y(n) = 0.2798a(n)+a(n—1)+0.2798a(n —2).

for a larger A.
Channel 3y(n) = a(n) — 0.6a(n — 1) + 0.2a(n — 2).
We choose to us@,.x = 0.006,A; = A2 = A3 = Ay =
0.99,v = 0.5 for our simulations. The equalizer length is 11.

Fig. 1 shows the ISI performance comparison where ISI i§l] R.H. Kwong and E. W. Johnson, “A variable step size LMS algorithm,”
defined as IEEE Trans. Signal Processingpl. 40, pp. 1633-1642, July 1992.
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