IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 49, NO. 7, JULY 2001 1481

A New Approach Based oftoft Statistics”to the
Nonlinear Blind-Deconvolution of Unknown Data
Channels

Enzo Baccarelli and Stefano GalMember, IEEE

Abstract—In this paper, we present a new nonlinear receiver for necessary to achieve channel identification [2], [6], [12]. More-
the blind deconvolution of intersymbol interference (ISI) impaired  gver, the utilization of nonconvex cost functions may lead to

data. The proposed receiver achieves fast identification of an un- egtimates of the channel affected by high residual mean square
known transmission channel usingonly onechannel estimator and
errors (MSESs) [6], [12].

requiring the computation of only the second-order conditional sta- . .
tistics of the baud-ratesampled received signal and the knowledge 10 bypass these drawbacks, a blind channel equalizer based
of the transmitted constellationThe main novelty of the proposed on second-order statistics has been proposed in [6]. This re-
approach is that the receiver accomplishes fast channel-identifica- cejver directly exploits the cyclostationarity property of the ob-
tion gylubsing Sogt'lstaﬂs.“cs'n particular, it(gebrse(li/?zﬁ)r gO”SiStS ?]f a servation process through a suitaloleersamplingof the re-
symbol-by-symbolmaximum a posterior - etector that . . So T

feyeds ano¥1|ir¥ear Kalman-like cr?annel estimatowith the soft statis- ceivedssignal. The Comr'bu.t'on in[6] has r?presented a novel ap-
tics constituted by thea posteriori probabilities (APPs)f the state Proach to the problem of blind deconvolution and has stimulated
sequence of the ISI channel. Several numerical results confirm that further research (see, for example, [8] and references therein).
the proposed blind detector achieves the identification of nonmin-  An alternative approach to blind identification of linear multi-
imum phase channels with deep spectral notches within 300 sym- sensor-based systems has been pursued in [26]. More precisely.
bols, even at low signal-to-noise ratios (SNRs). Furthermore, an . . A !
attractive feature of the proposed blind channel estimator is that an gnhanced version of the expecte.luon-mgxmlzatmn (EM), al-
it directly estimates the discrete-time impulse response of the un- 9orithm has been developed for blind estimation of a desired
known channel so that, in principle, any equalization technique for ~ signal transmitted over an unknown ISI channel when both spec-
known channels may be performed after channelidentification has  trally shaped cochannel random interference and observation
been achieved. noise are present. Interestingly, the version in [26] of the EM

Index Terms—Blind equalization, channel estimation, GSM test algorithm works also when the spectral parameters of the inter-

channels, MAP detectors, nonlinear MMSE estimation. fering signal and noise agepriori unknown to the multisensor
receiver. In addition, it achieves blind signal estimation in a se-
I. INTRODUCTION guential fashion via an adaptive Kalman estimator.

] . o . ) In some recent contributions [7], [13]-[16], joint channel-es-

T HE ultimate goal of blind-equalization algorithms is to detimation and data-detection techniques have been proposed for

tect ISl-impaired signals transmitted over unknown chagyind equalization of channelswith severe ISl atlowand moderate
nels without resorting to known training sequences. For this p#NRs. The blind receivers presented in the cited contributions
pose, a pioneering self-recovering adaptive equalizer was pP&pare acommon structure andinessence consistof a data-detector
posed by Sato [1] more than 20 years ago. As is well knoWgiged bya bankof channel estimators. In particular, in [13] and
Sato’s approach requires the utilization of nonconvex cost fur[q—4] a maximum likelihood sequence estimator (MLSE) is em-
tions different_ from the t_raditional quadratic ones usually €Myloyed for data-detection, whereasin [7], and [15], various forms
ployed for trained equalizers. The work of Sato has been gt reduced complexity SbS-MAP detectors are used for the same
ther developed by, among others, Godard [2], Benveniste g5igipose. Furthermore, in the above contributions, channel-esti-
Goursat [3], Picchi and Prati [4], Shalvi and Weinstein [5], angnationis accomplished vignkof (atleast)s (L) estimators
more recently, Tugnait and Gummadavelli[12]. The approach@gose output channel-estimates are conditioned on the states of
followed by these authors are based on similar principles and {ga trellis of the ISI channel [7, Sect. 1], [13, Fig 1], [14, Sect.
quire the computation of suitably definbdgher orderstatistics 4], [15, Fig. 2]. Although the resulting channel-estimates are, in-
of the received signal. The main drawback suffered by the '§aed, nearly optimal in a minimum mean square error (MMSE)
sulting blind equalizers is typically slow convergence 1o the sense, the computational load requested toimplementthe bank of
unknown channel-impulse response. In fact, it has been exp@Hannel-estimatoiiscreases in an exponential fashiaith the
enced that several thousand observation samples are gene@lbﬁori expected) lengtth of the unknown channel impulse re-

. . _ sponse. From this point of view, blind deconvolution techniques
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Proposed blind channel-estimator and equalizer
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Fig. 1. Discrete-time lowpass version of the considered ISI-impaired communication system. Switch S1 is open, and switch S2 is shut during thta&OM and
QHOM. Switch S1 is shut and switch S2 is open in the data detection operating mode (i.e., after having achieved channel identification at the ei@\). the Q

A somewhat different approach to the joint blind-deconvasufficient that the impulse response sought by the channel-es-
lution and data-detection has been recently proposed in [1fiijpator is longer than the actual one.
where the MLSE or the SbS-ML detectors are replaced by anThe remainder of the paper is organized as follows. After
improved blind version of the extended Kalman filter (EKFmodeling the considered communication system in Section I,
equalizer formerly presented in [18]. In [17], an approximatee develop the relationships requested for implementing the
MMSE-type joint estimate of the transmitted data and unknowaroposed blind equalizer in Section Ill. Computational aspects
channel impulse response is carried out via the so-called exd implementation consideration are covered in Section 1V,
tended-Bayesian Filter (EBF) [17, Sect. Il]. However, in thevhereas in Section V, we present several numerical results
derivation of the EBF, a Gaussian approximation is introduceshd comparisons to test the performance of the proposed blind
on some suitably defined conditional distributions of the dequalizer in terms of convergence-rate, residual MSE in the
tected data [17, Sect. Il], and then, approximatecombined channel-estimate and resulting bit error rate (BER). Some
nonlinear MMSE estimate of the data and the channel is updatashclusive remarks are reported in the final Section VI.
by performing (on a step-by-step basis) some sort of lineariza-
tion on the observation equation [17, Sect. I1] Il. M ODEL OF THE CONSIDERED TRANSMISSION-SYSTEM

In the present contribution, we present a novel blind equal-
izer constituted of an MMSE-typsingle channel estimator
fed by the"soft-statistics” supplied by an SbS-MAP detector.
The resulting blind detector isonlinear and only requires

The baud-rate sampled baseband equivalent data transmis-
sion system considered here is sketched in Fig. 1, where the
discrete-time ISl-channel accounts for the combined effects

. L - ..of transmitting filter, noisy time-dispersive analog (unknown)
tr}ethcom[b)utatlop of thed (;End:ilonall jecon;j-t(t)nrder ?:ft:jSt'%?aveform channel, front-end receiving filter, and symbol-rate
ot the observations an € knhowledge of tansmitte sampler. After differential encodidgand quadrature amplitude

ved sianal th rict fG . . t.‘?nodulation (QAM) of the i.i.d. zero-mean source strefatt) },
received signal, nor the restriction of Gaussian approximatig, o itingS-ary sequencds(k) € A = {1,...,ss} C C}

on the conditional distributions of the transmitted data, n L transmitted over a linear channel with unknown time-in-
any form of linearization of the observation equation. More_ .+ 4iccrate-time impulse-resporfggk) 0 < k,< L — 1}.
precisely, during the channel identification period, the SbS"v(i‘hus the ISI corrupted noisy random seque_rlcé observed at the
deteptor embedded in the propose_d blind-receiverfeedggiﬁ input,of the blind detector is given by (see Fig 1)

nonlinear second-order Kalman-like channel estimatdth

two kinds ofsoft information at first, thesoft statisticxonsti- -

tuted by the APPs of the state of the Markov chain of the ISI N . . : :

channe)I/ and, afterwards, the nonlinear MMSE estimates of the y(i) = Z g(k)s(i = k) + (i) = G (@) + v(d)

transmitted symbols. For deriving the proposed blind-equalizer, F=0 . .

we have resorted to the analytical tool constituted by the so A0 +oi), i1 (1)

called “Martingale difference (MD) processes” theory [10where G = [¢(0)...¢(L — 1)]* € C* is the (unknown)
which has been experienced to provide a theoretic framewdrkvariate impulse-response vectof;)=[s(i) . . . s(i— L+1)]T
suitable for developing optimal (and quasioptimal) nonlineds the channel-state vector, afd()} is a complex zero-mean
MMSE recursive finite-dimensional channel-estimators abaussian noise sequence whose uncorrelated components share

practical interest. 225 is well k differenial ding of th . it
. . - . . s is well known, differential encoding of the source stream constitutes an
Extensive simulations of the presented blind equahzer haé( ective means to combat ambiguity phenomena arising from the bilinear form

shown the feasibility of identification oboth channels with of the observation model in (1) in the unknown chanfiglk)} and unknown
deep spectral notches and nonminimum phase chawitbig transmitted symbolgs(k)}
150-350 observation samples, even at low and moderate.SNR3§r0m now on, vectors are denoted by underlined letters, whereas matrices
Moreover, the knowledge of the exact length of the impulse r%%e G Furth—ermore’ dag.... oy} denotes & x P diag-

) al matrix with the elementsa;, ... a, } disposed along the main diagonal,

sponse imot requestedy the proposed equalizer since it iSvhereas,, indicates the column vector with unit elements.
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a common variance equal {@v,/2). The L-variate random purpose, it is useful to introduce the x N mapping matrix
sequencdz(i) € AL = {6, &y C C}is afirst-order M = [€,,---,§,], whoseN columns are constituted by the
Markov chain generally referred to as the “state sequence” peviously defined outcome{fi, 1 < ¢ < N} allowable to the
the 1SI channel [11]; it may assum® = ST distinct values channel stateX (7). B

{§i, 1 < 4 < N}, which correspond to thé-long ordered

subsequences of constellation symbols Ill. PROPOSEDSOFT-STATISTIC BASED BLIND CHANNEL
) )T ESTIMATOR
= <5< . : I . .
§j - [81 ! } » lsgs N (2) During the channel identification period, the task of a blind

equalizer is to achieve a reliable estimate of the unknown im-
¢ . of the channel-state(:). From a statistical point of view, pulse response vectho_fthetrapsmiss.ion channelin (1). Inthe
= . ' proposed detector of Fig. 1, this task is pursued by cascading a
{z(7)} is an homogeneous Markov chain and can be descri liminarysoft operating modéSOM) with a finalquasi-hard
by the usual corresponding x N statg—transn.lon er)bab'“ty operating modéQHOM). During the SOM, a coarse estimate
matrix & (see, for_ examP'e’ [1_1])' Since this chain eVOIVer the unknown impulse response is generated on the basis of
as the state of a right-shift register of 'e”_?f“h the e!ements the APPs of the statge(¢)} of the ISI channel, and afterwards,
{d)(.l’m)} of the state-transition pr(_)bab|!|ty matri® are  yhis channel estimate is refined during the QHOM by using a
defined according to the (usual) relationship nonlinear MMSE estimate of the transmitted symbpis:)}.
o(l,m) =P (&(n +1)=€|X(n) = §m) These operative modes are detailed in the next two subsections.

wheresgj) € A indicates theth component of thgth outcome

S
0, otherwise. In this operating mode, the channel identification is pursued
(3) via a nonlinear MMSE estimation of the unknown impulse-re-
. ; . . sponse vectoff that, whera priori information on the channel
Now, having denoted by! = 1),...y(0)}, ¢ > 1the o= .
9 Y1 {y(1), .. y@)}, @ = jnot available, can be effectively modeled as a zero-mean

observed sequence in (1) available at the receiving side urg | i :
. : L aussian random vector. Thus, the nonlinear MMSE esti-

stepi, an SbS-MAP detector with decision-delByequal to the . ) ' - .
P d mation of G can be obtained by exploiting the properties of

memory length L — 1) of the transmission chanrejenerates . )
y lengti( ) < the so-called “Martingale difference” (MD) sequences (see

the hard-decided data sequefégap(i—L+1[¢) € A, ¢ > 1} . . :
according to the usual maximuenposteriori(MAP) decision [10] for a good mtroduc_tlon_to _the basAlc‘concepts of_tk;e MD
theory). In fact, after being indicated &&:) = E{Gl|y," },

rule R 4 !
, ‘ G(i — 1) = B{Gly; "'}, andg(ili — 1) = E{y()ly;" '}
Smap(i — L+ 1]¢) =s,. if P(s(é — L +1) = s..|y/7) the MMSE nonlinear estimates ¢ andy(<) on the basis of
>P(s(i—L+1) = sj@il), Vi the observed sequencg@ and gj—l, respectively, we note
(4) that the two related seriegu(i) = G(i) — G(i — 1)} and
‘ {0() = y(i) — 9(¢]¢ — 1)} are MD sequences (in the sense
where{P(s(i — L +1) = s,|y;),1 < < S} is the setof the of [10, Sect.VII]) with respect to the observatiofg i > 1}.
APPs of the random variablgi — L + 1) conditioned on the Therefore, an application of the so-callMtD representation
received sequencg . Now, a direct application of the “total theoremof [10, Sect.VII] allows us to write
probability theorem” allows us to relate the APPs of (4) to those

_ { ¢, if ¢ isanallowable continuationgf A Soft Operating Mode (SOM)

pertaining to the Markov chaifiz(i)} through the expression w(t) = Kq(1)0(0) (6)
[20] where the observation-dependent time-varying filter gain
P (s(i S L41)= 3m|Qi) _ Z P (&(i) _ §j|gi) K (i) is defined by the expression [10, eq.(107)]
¢ catrm) — B{e@uily }
1<m<S, i1 5y Ke@)=

E{166)I* lyi }

where A(m) = {§J e AL . 3821 = $ph1l <m < S

is the subset ofA” constituted by the outcomes¢ .} :E{[y(i) — (i = D [Q(i) - G(i - 1)} |QZ1}
with the (L — 1)th element equal to the constellation B E{||y('i)—?)(i|i—1)||2|yi} '
symbol s,,. Therefore, the computation of the APP set -

{P(X (i) :§j|gj),1 < j < N} is sufficient to deliver the 7
symbol decision in (4). Therefore, directly from the above definitions fi(é)} and

In the next section, we derive the nonlinear MMSE estimatgo (i)}, (6) can be rewritten in the form of a Kalman-like filter
that employs soft statistics for channel identification. For thigs

4Several analytical and simulation results support the conclusion that a deci- NN — (Y i DN — Glils —
sion delayD that is equal to the memory length of the channel is, in general, ad- Q(L) B Q(L 1) T KG(L) [y(L) y(L|L 1)] ’ (8)
equate to obtain reliable SbS-MAP decisions [11], [19, Sect. V, VI], [20, eq.(6, . . .
and following text]. Therefore, in the following, only the caBe= L — 1 is NIOW' from the_ whiteness property of the noise PfOC{aﬂ(ﬂ;)}
explicitly developed. of (1) and the independence betwégand X (i), the following
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relationship arises for the updating of the one-step MMSE prethere

~T
gl -1 =G (@ — 1Dzl —1) (9) denotes the error covariance matrix in the estimation of the
channel impulse-vectof on the basis of observations avail-
able until steg¢ — 1). The identities (b) and (c) in (12) follow
from an exploitation of the observation model (1), whereas (d)
s Ny i directly arises from (10). Furthermore, in the derivation of (c),

als — § t—1

il —1) =B {Q(L)@l } we have also exploited the so-callezhfoothing properti¢sof

N - nested conditional expectations of random variables (see [27,
= ;QP (&(i) =& 1y ) = Mn(ili — 1) egs.(7.23) and (7.24)]), which allows us to write
=

ao  E{cowon}=E{E{erou )}
where =F {Q y*(i)@z‘l—l}.

w(ili — 1) = [P(XE) =€ |y Y. . P(X() =& [y )T As far as the denominator of (7) is concerned, from the obser-
. (@i =1) _ PG =817 (L) =yl )] vation model of (1) and the independence®bn {z(i)}, we
is the V-variate APP vector of the channel staf¢i) computed obtain the following chain of relationships for the conditional
on the basis of the observed sequegice available until step error covariance of the MMSE estimai&|i — 1) of theith ob-
(i —1). servationy(i):

As far as the evaluation of the filtering gain sequence N2 i1
{K (2),¢ > 1}in (7) is concerned, the analysis in [10] leads to E {”@('L)H v} }
the general conclusion that, in principle, this gain sequence is T a2 -1
not predictable (in the sense of [10]) with respect to the obser- =No+ 8B {HQ Q(L)H |g1 }
vation stream{y’,< > 1}, and therefore, the resulting channel —laGili — D)7
estimator (8) isnot recursive therefore, its computational . T N H oA=L e i1
complexity is no longer linear in the length of the observed No +E{Q E{Q(L)g (L)@l }Q |g1 }

where, in turn, the MMSE prediction of the channel-stitii —
1) = E{z(i)|ly’~'} can be computed as

record. In order to retain the recursive structure of the estimator ~ — ||4(i[i — 1)||” )

(8), we must assume that{ (i), > 1} is predictablewith ‘ T
respect tofy’ i > 1}, and this requires replacing with y'~* =N, + E{Trace{ (E {g(i)gH(i)Mfl}) @H}
in the conditional expectation of (7). As a consequence, the de-

veloped channel estimator may be considered to be the best one i1 . 2 (f)

within the class of thesecond-order MMSE recursiviters. In x|y = llg(| = Dl

practice, the simulation results of Section IV confirm the actual

effectiveness of the introduced assumption. Therefore, after N Hry i1\ T
LT ' = N, + Trac (E{ 1 |y })

replacmgg1 with gzl—l in (7), the numerator can be evaluated as + e{ z(i)z (L)@l

E{0"() p(@)ly } =E {u@y @lyi ) X E {@H@jl}} — lgGili - DI
— B{ ()i (ili - DIy} @ 13)
=F {E(i)y*(i)@j_l} (11) where (e) and (f) in (13) arise from the basic properties of the

_ ) Trace operator. Therefore, after introducing the channel-state
where, in (a), we have exploited the property that the randqtgngitional error covariance matriCovx (ili — 1) =
variable(é) is not predictable (in the sense of [10, Sect.Vl]E{[x(i) — (il — D][z() — 26 — Py 1y, a direct
with respect tq;_zl—l. Now, by introducing the observation mOde'expE)itatioﬁ of the two foIIovﬁng relationghips:
in (1) and then exploiting the definition @f(¢), the conditional

expectation in (11) can be further developed as Covx(ili —1) =E {&(i)QH(i)@Tl}

EB{ i)y ()i} . : {zuH—' 1‘>ilH}<fz|fz 5(1) " ()14)
- S gL S i Covg(i—1)=E GG |y  — G- 1)G (i—1
=E {gwy Ol - g {Ga ~ Dyl o : 5
=F {Q(i)y*(i)@;_l} — G -G (= D" (il - 1) allows us to rewrite (13) as
= B{GG"ly; }a"Gli - 1) E{leGI” |y}

— Qi — 1)QH(L — 1)&*(ili — 1) = N, + Trace{Cov((i[i — 1)Covg (s — 1)}
= Covg(i — 1)&* (@i —1) @ + G (i — 1)Covx (ili — VG (i — 1)

= Covg(i — )M z(li — 1) (12) + &M(ifi — 1)Coviy (i — D)zl — 1). (16)
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TABLE |
ORDEREDLIST OF THE RECURSIONSREQUESTED BY THEPROPOSEDBLIND EQUALIZER
Ordered list of recursions
SOM stage Egs. (20), (10), (9), (17), (16), (12), (7), (8), (22), 21), (19), (18).
QHOM stage Eqgs. (20), (9), (10), (23), (12), (D), (8), (22), (21), (19), (18).
Data Detection stage Egs. (20), (22), (21), (5), (4).

Although it is easy to show that the evaluation of the error cwector X () of the channel estimator i8me varying and
variance matrix in (14) can be performed on the basis of tisbservation dependesb that the resulting channel estimator
above-defined APP vectar(i|i — 1) as is time-variant and nonlinearFor the sake of clarity, the
Covx (ili — 1) orderlg-d s%t of rela;iogscf;livr:s to belupl).datgq b_)ll_ tgle plroposed blind
. 0. 0. 0. equalizer during the stage is listed in Table I.
= M [diag{x(ili — 1)} = m(ili = Du" (ili - D] M" It is worth pointing out that during the SOM stage, the up-
(17)  dating of the APP vectar (i|:) in (21) is, by fact, approximate
the updating of the error covariance matrix of the channel-es#ince it is based on the available estimatg) of the true im-
mateCovg () is not as straightforward. However, in the Ap4ulse responsé&. However, whert(i) approaches?, the com-
pendix, it is pointed out that the recursive updatinglefvg (i)  Putation ofx(¢[¢) in (21) becomes exact.
can be effectively carried out via the following approximate re- As far as the initialization of the presented blind equalizer
lationship: is concerned, an effective means to reflect the lack of any
o T, ] priori knowledge on the channel impulse respoésis to pose
Cove(i) = [Im — Ko ('L|'L>] Cove(i—1) (18) 1(00) = 1/N[1 ... 1]T andCove(0) = (1/L)Ir 1. More-
where, similar to (10), the nonlinear MMSE filtered esover, the simulations have shown that

timate £(il¢) of the channel-stater(i) on the basis of Goy=[o...0

y, can be computed from the corresponding APP vector ) o i

7_r(i|i) — [P(X() = £ |y)... P(X(i) =€ |y )]® as IS agood choice asan initial estimate of the unknown ve@tor

- = 21121 = NIZ1 Finally, according to a usual taxonomy [9], [10], we remark
&(i|i) = Mun(ilé). (19)  that the channel estimator in (8) constitutas MMSE-type

The last step concerns the recursive updating of the two ARPnlinear second-order recursive channel estimatérom
vectorsr(i|¢ — 1) andr(i|i) requested for the evaluation of (10)the outset, we can also conclude that the channel estimates
and (19). As far as the updating ofi|i) from z(ils — 1) is {G(¢)} in (8) representhe bes{(in an MMSE sense) available
concerned, a straightforward application of the Bayes’ rule aggtimates for the considered transmission system in (1) when
the total probability theorem followed by the exploitation of th@nly one recursive second-order channel estima&@mployed
Markovian property of the channel-state sequefigé)} leads at the receiving side for achieving blind channel equalization.

to the usual relationship [10], [11], [19] B. Quasi-Hard Operating Mode (QHOM)

x(ili — 1) = ®x(i— 1 - 1). (20) " . _

) ) o After achieving a coarse estimate of the channel impulse re-
Itis also easy to prove that areiterated application of the Bayegonses, a conventional blind equalizer would switch to a deci-
rule gives rise to the following expression for the computatioglon_driven operating mode to refine channel identification and
of m(él¢) from z(élé — 1) [11], [19]: then speed up convergence on the basis of hard-detected data

r(ili) = [D(@)z(ili — 1)] (21) [hard operating mode (HOM)]. Therefore, in the HOM, the data

- L(lN)T D()x(ili — 1)] output by the detector are assunagrbr-freeand are then fed to
where, as a consequence of the Gaussianity property of {Hg channel.estimato.r as in the conventional trained (i.e., non-
channel-noise sequence(i)} in (1), the N x N obser- blind) adaptive equal.lz.ers [2]—[5].. However, at low and mod-
vation-dependent diagonal matri®(:) is composed byN erate SNRs, the decisions supplied by the detector at the end

exponential terms as follows: of the SOM are, in general, not reliable, and this may cause a
T 9 degradationof the channel estimat€ achieved at the end of
_ Hy(i) el (z‘)ng the SOM [14].
D(i) = diag} exp { — N, We have ascertained, via extensive computer simulations, that

an effective means teoftenthese effects and, at the same time,
speed uphe convergence rate of the proposed blind receiver
simply consists offorcing to zerothe conditional covariance
error matrixCovy (¢ —1) in (17) of the channel state estimates.
Therefore, in the QHOM, the updating of the conditional error
In summary, from (5)—(12), it can be seen that during the SomrianceE{||®(i)||2|gi1—1} of the observation estimates in (16)
the channel estimator utilizes the soft-statistics constitutégicarried out by using the following simplified relationship:

by the APP sequencér(i|:)} of the states{z(¢)} of the E{H@(i)HQ |yi*1}

ISI channel for achieving a coarse channel identification. =1

Furthermore, (7) points out that during the SOM the gain = N, + (i — 1)Covig (s — Di(ili — 1).  (23)

Jwtir- &% e[|
No

.. €Xp . (22)
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It is worth pointing out that forcing to zer€@ov (il — 1) is for example, in [18], [22], and [23], and based on Viterbi-like
equivalent to considering the MMSE estimates of the chanrddtectors supported by recursive-least-squares (RLS) or
state error-free during the QHOM. Although it is not exact, thiKalman-type channel trackers.

assumption idess stringenthan assuming that the hard deci-

sions in (4) are themselves error free. By doing so, we have exr gmuLATION RESULTS AND PERFORMANCE COMPARISONS
perienced that the proposed blind equalizer is abkoftenthe ) ) _ ]
effects of wrong hard decisions, especially at low and moderatdn Section V-A, we present simulation results that confirm
SNRs, and the simulation results of Section V directly suppdft€ fast identification capability and good steady-state BERs of
this conclusion. In Table I, the ordered set of equations to be (€ Proposed receiver in Fig. 1 over time-invariant channels. In

dated by the presented blind equalizer during the QHOM staggction V-B, we compare the performance achieved by the pro-
is reported. posed receiver with other known blind receivers. Finally, in Sec-

tion V-C, we test the robustness of the proposed receiver over
time-variant Rayleigh fading channels.
IV. COMPUTATIONAL ASPECTS ANDIMPLEMENTATION In the simulations presented in Section V-A and Section V-B,
CONSIDERATIONS we have considered three time-invariant channels with the fol-

H H ¥ — T —
As pointed out in Section I, the proposed blind equalizer (%?wmg impulse responsest, = [0.707 0 — 0.707]", G =

44 T —
Fig. 1 achieves channel identification by usomgy onechannel g")‘) Ohgs'to.tW] ' andthC _”[0;{4?8 081(? r?4r?8f] Chann_el
estimator that exploitshe second ordesoft statistics of the =+ exnibIts two spectral nulisat Jow and nign requencies,
baud-rate sampledeceived signal. and channel7; is anonminimum phasehannel with a deep

The proposed blind equalizer is essentially composed of t\ﬂgtCh in the mlddle.of the band_vwdth, whereas chanel
processing units that run in parallel during the SOM and t sspectral nullsat high frequencies. Moreover, the randomly

: - i dio channel composed by three equal-power un-
QHOM stages and are fed by the baud-rate sampled receivade varying radio . ,
signal (seegFig. 1 with the sw>i/tch S2 shut and S1 F())pen). Motl;grrelated scattering (US) Rayleigh-faded taps has been consid-

precisely, the task of the processing unit labeled as “APPs co?rq-eOI in the simulation reported in Section V-C.
puter” in Fig. 1 is to calculate the APRg (¢|¢)} of the state of ) _ )
the ISI channel, and this task is accomplished via the recursfye Performance of the Proposed Blind Equalizer Over Static
updating of (20)=(22). Therefore, since the si¥eof the APP Channels
vectorz(ifi) to be updated i&v = S, according to [19, Tab.  The obtained behavior of the MSEs of the channel estimates
[], we conclude that, in principle, the computational load (pdor the first two channel§ , andG 5 are shown in Figs. 2, 3.
S-ary transmitted symbol) sustained by the APPs computiidl simulated trials have been carried out using 100 observation
unit of Fig. 1 is of the order oE(S"), i.e., it increases in an samples during the SOM and 400 observation samples during
exponential way with the (expected) channel lengthtHow- the QHOM. The results were also averaged over 5000 indepen-
ever, for largel, the approach recently presented in [21] can kdent trials. As Figs. 2 and 3 point out, the SOM appears manda-
effectively pursued to reduce the complexity requested by ttay to achieve a preliminary rough estimation of the unknown
updating of and (21), whereas the quasioptimal versions of tbieannel impulse responses. Moreover, during the QHOM, the
SbS-MAP equalizer proposed in [19] can be also implementedannel estimation improves rapidly in terms of residual MSE.
to avoid a direct computation of thé exponential termsin (22). The improvement arising at low and moderate SNRs from the
As far as the processing unit labeled as “channel estimatatilization in the QHOM of the MMSE estimates of the channel
in Fig. 1 is concerned, its task is to compute the channel estiates in place of their corresponding hard decisions can be also
mateG(¢) in (8) via the recursive updating of (7), (9), and (18)appreciated from Figs. 2 and 3. In fact, for SNRs up to 13 dBs,
Now, an examination of (8) shows that this channel estimattire residual MSE of the channel estimates is noticeably lower
constitutes an enhanced version of a conventional Kalman-tyipethe QHOM than in the HOM. However, at higher SNRs,
tracker. In fact, the only difference between the channel edfiie HOM obviously approaches the same performances of the
mator in (8) and the conventional ones present in the usual ad@HOM.
tive equalizers [18], [22], [23] is constituted by the type of sta- The trajectory of the estimated channel taps for chathel
tistics (soft for the proposed estimator arrd for the con- during the SOM is shown in Fig. 4 versus the number of ob-
ventional ones) supplied to the channel-estimator by the coreerved samples at SNRs of 10 and 20 dB. It can be seen that
sponding detectors present in the receivers. Therefore, the camly 100-150 samples are generally requested to achieve a pre-
putational complexity really requested for the updating of (8)minary good identification of the channel.
deeply depends on the specific algorithm actually used to im-The performance of the proposed blind receiver in terms of
plement (8). For example, it is known that the computationBER versus SNR is shown in Figs. 5 and 6 for a binary shift
complexity requested by the usual “square root Kalman filteReying (BPSK) modulation format. As a benchmark, the perfor-
is O(L?) [22], which can be lowered t®(L) by resorting to mance of the theoretically optimum minimum error probability
“fast Kalman” algorithms (see [23] and references therein). SbS-MAP equalizer [11] fothe ideal case of known channel
On the basis of the above considerations, we can concludgulse responsis also reported for the same figures. For the
that the implementation of the proposed blind equalizer efmulations in Figs. 5 and 6, 100 observation samples in the
Fig. 1 requires a computational effort that is of the same ord®OM and 300 in the QHOM/HOM have been employed. After
of the conventional adaptive (trained) equalizers describade QHOM/HOM, the channel estimation procedure is stopped,
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Fig. 3. Same as in Fig. 2 for chanr@l,. 0 of the tap
and d_ata recovery is perfo_rnjed by the conventional SbS-MAF9-1; 100 200 300 400 500
equalizer of [11] with a decision deldy set toL, — 1. By refer- (©)

ring to the block diagram of Fig. 1, after channel-identification
is achieved, the switch S2 is shut so that the receiver accori: 4. Trajectory of the estimates of the taps of the charel during

plishes data detection via the recursive updating of (20)_(22 SOM as a func_tion of the number of the obsz_erved samples for diff(_arent
ith é P é fixed (i e i—invariant) and set to the value aS-V ues of the SNR (in decibels). DE-BPSK modulation has been adopted in the
wit _(L) =4 S simulations. Plots (a), (b), and (c) refer to the channel Bpg0), G (1),

sumed at the end of the QHOM stage. Therefore, at each siepG . (2), respectively.

¢, the(L — 1)-delayed MAP hard decisio$(¢ — L + 1) of the

transmitted symbok(: — L + 1) is computed from the corre- ideal caseof known channels, even at low and moderate SNRs.

sponding APP vector(¢|¢) in (21) via an application of the Furthermore, as it may be expected, Figs. 5 and 6 point out that

relationships in (4) and (5). This last task is carried out in ththe BER degradation induced by the residual MSE present in

data-detection operating mode by the block labeled “MAP d#ie final channel estimates generated at the end of the QHOM

tector” (see Table | for a list of the recursions performed durirgjage is more evident at higher SNRs, and this is due to the

the data-detection operating mode). enhanced sensitivity of the ShS-MAP detector to small errors
As Figs. 5 and 6 confirm, the blind detector of Fig. 1 is ablthat are possibly present in the final channel estimates at high

to obtain BER performances that arery closeto those of the SNRs.
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blind detector of Fig. 1 and the SATE, EKFE, BMAPE, and CME ones. The
geHformance of the MAP equalizer [11] wifh = 2 for the ideal case of known
channel impulse is also shown.

Fig. 5. Steady-state BER for chann@l, versusE,/N,. The simulations
refer to a DE-BPSK-modulated data stream and are averaged over 5
independent trials.

o000 nulls does not appear attractive. On the contrary, both the pro-
posed detector of Fig. 1 and the BMAPE of [15] give rise to BER
curves that are (quasi) exponential in the SNR and approach

1.00€-01 that of the ideal case of known channel-impulse response. Al-

8 though the BMAPE appears to perform slightly better than the

2 proposed one, it is worth pointing out that the blind equalizer

§ 1.00E-02 _ of Fig. 1 utilizesonly onechannel estimator, whereas the simu-

| ™ lated BMAPE utilizes @ank of eight LM&hannel estimators.

= C. Performance Over Randomly Time-Variant GSM-Like

1.008-03 v ) Channels

_,‘;!,V;i,':,‘g,,*’;,’,';':{ 3’.‘&“‘;.%"3&‘22‘3.’. (D_2) The robustness of the proposed blind detector has been tested
Igm g:gm;;m‘,jggo, on some time-varying multipath channels affected by Rayleigh

‘-°°E'°“; A A A S A A A fading. In particular, the radio channel composed by three [i.e.,
L = 3in (1)] equal-power, US, symbol-spaced, Rayleigh-faded

Eb/No (dB) taps has been considered. The simulated links can be considered
Fig. 6. Same as in Fig. 5 for chanr@l; . to be representative of micro and macro cellular land-mobile

radio links in urban areas [28]. As it is known, in these environ-
B. Performance Comparison with Other Blind Equalizers ments, the Doppier power density Spectrﬂ(]f) describing the
The steady-state BER performance of the proposed blind dandomly time-variant channel fluctuations is well modeled by
tector of Fig. 1 on the above citgg|. channel is shown in Fig. 7 Clarke’s formula [28]

togetherwiththe corresponding performances of Sato’s equalizer 1 If| < B
(SATE)[1, eq.(2)], the constant modulus equalizer (CME) of [25 S(f) = /1_(%)2’ =P (24)

,egs.(11) and (12)], the Bayesian MAP equalizer (BAMAPE) of 0 /| > B

[15], and the extended Kalman filter equalizer (EKFE) of [18]. ’ =D

In particular, the simulated SATE and CME are constituted where the Doppler-spredel, ( H z) of the considered channel is

FIR filters with 17 equally spaced taps, whereas, according telated to the mobile speedand carrier frequency,. asBp =

[15, Sect.V], the implemented BMAPE presents a bank of eightf..)/c (cis the speed of light). In the carried out simulations of

least mean square (LMS) channel estimators. All the simulatiéig. 9, values of the product Doppler spreadgignaling period

results reported in Fig. 7 refer to DE-BPSK modulated data, afhTs of 0,10~*, and5 - 10~* have been considered. These

they are averaged over 5000independenttrials. The first 300 syralues correspond, in the GSM environment, to speeds of 0, 30,

bols of each transmitted record have been used for blind chanaetl 150 Km/h, respectively.

estimation. As a benchmark, the performance of the SbS-MAPAs far as the simulated packet structure is concerned, we recall

equalizer [11] for the ideal case of known channel impulse rtiat 26 of the 142 bits constituting the so-called “normal” burst of

sponse has been also plotted for= 2. theactual GSMstandard [see Fig. 8(a)] are, atthe present, devoted
An examination of Fig. 7 shows that the performance plots tdthe training ofthe receiver. The use oftraining sequences leaves

the simulated SATE, CME, and EKFE are nearly flat, and therthe GSM system with an overheadasf/116 = 22.4%, which,

fore, their actual utilization over channels with deep spectral principle, could be used for other purposes (e.g., source and/or
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Fig. 8. (a) Normal burst for GSM-type trained (i.e., not blind) application. (b) Simulated GSM-type “blind” burst.

1.00E-01

channel coding) if blind channel estimation were used for the d
tection of the transmitted packets. Therefore, in the simulatio
carried out in Fig. 9, we have considered the GSM “blind” burs v
described in Fig. 8(b), where the payload sequence comprehe
all 142 data bits present in a GSM burst. \\
The simulated blind packet-detector operates as describec
the following. Atfirst, the 142 data bits of Fig. 8(b) are only usenf
for the estimation of the channel impulse respafiseéa an acti- E
vation of the SOM/QHOM stages described in Section IlI-Aan®
B. Afterwards, the resulting channel estimété142) obtained & 1.0e.03
at the end of the burst of Fig. 8(b) is used to detect the over
142-long payload packet via the activation of the data-detecti p———s
operating mode. In this last operative stage, we have utilized & BdTsted
SbS-MAP equalizer for data-detection with a decision débay ~-BdTs<Sed
set to the memory of the considered channel,DDe= 2 (see the 1.00E-04 T T
last row of Table I). In this way, the total delay embedded in th
simulated blind packet detector is limited up to two packets p. Eb/No (dB)
riods (i.e., about 1.5 ms for the GSM standard). In general, wheig. 9. Average BERSs versu&, /N, for the three-tap Rayleigh faded channel
the channel is static (i.e., vanishidpTs), the vectorG(142) 91‘ Secition V-C with DE-BPSK modulation. Values &5 Ts, 0,107, and
obtained at the end of the SOM/QHOM stages represents anes’ considered.
timate of the true time-invariant impulse respoxsexhibited
by the channel over the corresponding packet period, whereasafue has been averaged over 100 000 independent transmitted
the case of a (slowly) time-variant link (i.€3,, s greater than packets impaired by different channel-realizatiéns.
zero), the obtained(142) can be interpreted as an estimate of Since typical GSM-like voice applications may tolerate BERs
the “average value” assumed by the channel-impulse responpao10~?2 for the uncoded equalized links [28], an examination
over the transmission packet. of the performance plots of Fig. 9 supports the conclusion that
.The average BERs obtained for the described b.”nd.receiveglt is indeed necessary to generate many channel realizations because of the
with DE-BPSK modulated data-burst are reported in Fig. 9 f(HBnergodic nature of slowly time-varying channels as those here considered in
the previously described Rayleigh faded channels. Each B simulations we have carried out.

1.00E-02

5 10 15 20 25 30 35 40 45
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the proposed detector of Fig. 1 may be a possible candidate derivation of (18) from (8) is standard and can be carried out
blind GSM-like applications for values of the produgtZs up by following the same steps reported, for example, in [9, Ch.
to 1073, 7, Sect. 3] and [26, Sect. 3, eq. (60)] for the conventional
Kalman filter.
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