
Abstract — We propose an iterative solution to the problem
of blindly and jointly identifying the channel response and
transmitted symbols in a digital communications system.
The proposed algorithm iterates between a symbol
estimator, which uses tentative channel estimates to provide
soft symbol estimates, and a channel estimator, which uses
the symbol estimates to improve the channel estimates. The
proposed algorithm shares some similarities with the
Expectation-Maximization (EM) algorithm but with lower
complexity and better convergence properties. Specifically,
the complexity of the proposed scheme is linear in the
memory of the equalizer, and it avoids most of the local
maxima that trap the EM algorithm.

I. INTRODUCTION

An important class of algorithms for blind channel
identification is basedon the iterative strategy depictedin
Fig. 1 [1–9]. In thesealgorithms,aninitial channelestimateis
usedby a symbolestimatorto provide tentative soft estimates
of thetransmittedsymbolsequence.Theseestimatesareused
by a channelestimatorto improve thechannelestimates.The
improved channel estimatesare then used by the symbol
estimator to improve the symbol estimates, and so on.

Iterative techniquesfor channelidentification have three
importantadvantages.First, thechannelestimatesarecapable
of approachingthe maximum-likelihood (ML) estimates.
Second,blind identificationof thechannelallows thereceiver
to usedecision-feedbackequalization,ML sequencedetection
via theViterbi algorithm,or maximuma posteriori(minimum
symbol-errorrate) detectionvia the BCJR algorithm [10].
Such detectorsoffer excellent performanceeven when the
channelhasa spectralnull, whereequalizersbasedon linear
filters (using the constant-modulusalgorithm, for example)

areknown to fail. Third, iterative schemeseasilyexploit, in a
nearlyoptimalway, any a priori informationthereceiver may
have aboutthetransmittedsymbols.This a priori information
may arise becauseof pilot symbols, a training sequence,
precoding,or error-control coding. Thus, iterative channel
estimatorsare well-matchedto applicationsinvolving turbo
equalization[4][11] or semi-blindchannelestimation[12]. By
exploiting theexistenceof coding,a blind iterative detectoris
able to benefit from the immensecoding gains that typify
today’s powerful codes(basedon turbocodingor low-density
parity-checkcodes,for example).Thesecodesallow reliable
communicationwith an SNR that is lower than ever before,
which only exacerbates the identification problem for
traditional algorithms that ignore the existence of coding.

Most prior work in blind iterative channelidentification
can be tied to the EM algorithm of [13]. The first such
detector[1] used hard decisions produced by a Viterbi
sequencedetector. The first use of EM with soft symbol
estimates(asproducedby BCJR)wasproposedin [2]. It is a
direct applicationof EM (as are [3] and [4]), and henceis
guaranteedto converge to a local maximum of the joint
channel-sequencelikelihoodfunction.An adaptiveversion[5]
of EM was appliedto the identificationproblemin [6]. The
algorithms proposed in [7–9] are modifications of EM.

The algorithm we proposediffers from prior work in its
lower complexity andimprovedconvergence.Specifically, we
propose a symbol estimator based on a DFE, whose
complexity increaseslinearly with the equalizermemory, as
opposedto exponentially with channel memory. We also
proposeanextended-window channelestimatorwhich greatly
reducesthe probability of misconvergence to a nonglobal
local maximum of the joint likelihood function.

II. PROBLEM STATEMENT

Considerthetransmissionof K independentandidentically
distributedzero-meansymbolsak with unit energy E[ ] = 1,
belongingto somealphabetA, acrossa dispersive channel
with memory µ and additive white Gaussiannoise. The
received signal at timek can be written as

rk = h ak + nk, (1)

where h = (h0, h1, …, hµ) representsthe channel impulse
response,ak = (ak, ak–1, …, ak–µ)T, andnk ~ N(0, σ2) is the
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Figure 1. Blind iterative channel identification.
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noise.Let a = (a0, a1, …, aK–1) and r = (r0, r1, …, rN–1)
denotethe input andoutputsequences,respectively, whereN
= K + µ. The blind channel identification problem is to
estimateh andσ relying solely on the received signalr and
knowledge of the probability distribution function fora.

III. EM AND BLIND CHANNEL IDENTIFICATION

TheEM algorithm[13] providesaniterativesolutionto the
blind identificationproblemthatfits theparadigmof Fig. 1. It
generates a sequence of channel estimates with non-
decreasinglikelihood,andundergeneralconditionsconverges
to a local (not necessarilyglobal)maximumof the likelihood
function.Application to blind channelidentificationwasfirst
proposedin [2]. The channel estimator (seeFig. 1) for the
(i + 1)-st iteration of the EM algorithm is defined by

(i+1) = pi, (2)

 = , (3)

where

Ri = , (4)

pi = . (5)

The symbol estimator provides the values of =
and thatarerequiredby

(3) through(5). The symbol estimatorof the EM algorithm
uses the BCJR algorithm [10], which has complexity
exponential in the channel memory, and is basedon the
tentative channel estimates fed from the channel estimator.

Note that Ri and pi can be viewed as estimatesof the a
posteriori autocorrelationmatrix of the transmittedsequence
and the cross-correlationvectorbetweenthe transmittedand
receivesequences,respectively. Thus,(2) is verysimilar to the
least-squaressolution [16], in which these quantities are
replacedby the actual sample autocorrelationmatrix and
cross-correlation vector.

IV. THE CHANNEL AND SYMBOL ESTIMATORS

We first proposea low-complexity channelestimatorthat
avoids thematrix inversionof (2). Fromthechannelmodelit
is clear thathn = E[rkak–n ]. But

E[rkak–n ] = E rkE[ak–n |rk]  = E rkE[ak–n |r] . (6)

Note that the channelestimatorhas no accessto E[ak|r],
which requiresexact channelknowledge.However, basedon
the iterative paradigmof Fig. 1, at the i-th iteration it does

have accessto = . Replacingthis value
in (6), andalsoreplacingtime averagefor ensembleaverage,
leads to the following channel estimator:

rk (7)

for n = 0, 1, …, µ. The idea of estimatingthe channelby
correlatingthe received signalwith the transmittedsequence
hasbeenexploredin [17], but the algorithmproposedin that
work relies on a training sequence.

Combingtheestimates(7) into asinglevector, wefind that
(i+1) = ( , …, ) = pi. Thus,wemayview (7) asa

simplification of the EM estimate pi; it avoids matrix
inversionby replacingRi by I. This is reasonablegiven that
Ri is ana posteriori estimateof theautocorrelationmatrix of
the transmitted vector, which is known to be the identity.

As for estimatingthenoisevariance,let beanestimate
of the transmittedsequence,chosenas the element of A
closest to . We propose to compute using:

. (8)

Since this channel estimator no longer needs Ri, the
symbolestimatorneedonly produce = .
Although the BCJR algorithm can compute exactly, its
high complexity (exponential inµ) is often prohibitive.

Wenow proposea low-complexity symbolestimatorbased
on a DFE, restrictingour attentionto thebinaryalphabetA =
{–1, 1}. Considerfiltering thechanneloutputwith aminimum
mean-squareerror DFE (MMSE-DFE), resulting in an
equalizeroutputzk that is approximatelyfree of intersymbol
interference(ISI). In this case,we couldwrite zk ≈ Aak + vk,
whereA is thegain of theequivalentISI-freechannel,andthe
equivalent “noise” term vk is approximatelyzero meanand
Gaussianwith somevariance . If thismodelwerevalid, the
outputof thesymbolestimatorcouldbewritten asE[ak|r] =
tanh(Azk ⁄ ). Thus, we proposeto use and to
compute the MMSE-DFE coefficients, and to filter the
received sequencewith this equalizer. The symbolestimator
then outputs = tanh(Azk ⁄ ). The complexity of this
symbol estimator is independentof channelmemory, and
increases linearly with the length of the equalizer.

As for computingA and , we proposethat the symbol
estimator be equipped with the following internal iteration:

 Ai + 1 = zktanh(Aizk ⁄ ) (9)

= , (10)
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i( )
σ̂ i( ),;[ ]

ãk
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ã i( )

σv
2

σv
2 ĥ
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which are repeated until a stop criterion is met. These
iterations result from the application of the simplified channel
estimator (7), (8) to a 1-tap channel. Usually, only a few
repetitions are needed, and Ai is initialized to A0 = .

V. THE EXTENDED-WINDOW ALGORITHM

Misconvergence is a common characteristic of iterative
channel identification algorithms. In fact, it is very easy to find
an example in which both EM and the proposed algorithm, as
defined so far, fail to identify the channel.

To illustrate the problem of misconvergence, consider h =
[1 2 3 4 5]. The proposed algorithm converges to =
[2.179 3.073 4.108 5.092 0.120] after 20 iterations, with K =
1000 bits, SNR = ⁄σ2 = 20 dB, with initialization =
[1 0 0 0 0] and = 1, and with Nf = 15 forward and Nb = 5
feedback DFE coefficients. The estimate is seen to roughly
approximate a shifted or delayed version of the actual
channel. This misconvergence stems from the delay mismatch
between h and the initialization . The iterative scheme
cannot compensate for this delay. In fact, after convergence,
sign( ) is a good estimate for ak–1, and h0 can be well
estimated by correlating rk with . But because the delay
n in (7) is limited to the narrow window {0, …, µ}, (7) never
computes this correlation. This observation leads us to
propose the extended-window algorithm, in which (7) is
computed for a broader range of n.

To determine how much the correlation window must be
extended, consider two extreme cases. First, suppose h ≈ [1 0
0 0 … 0] and ≈ [0… 0 0 0 1]. In this case, the symbol
estimator output is such that sign( ) ≈ ak – µ. Thus, to
estimate h0 we must compute (7) for n = – µ. Likewise, if h ≈
[0… 0 0 0 1] and (i) ≈ [1 0 0 0 … 0], the symbol estimator
output is such that sign( ) ≈ ak + µ, and so to estimate hµ
we must compute (7) for n = 2µ. These observations suggest
the extended-window algorithm, which computes

gn = rk (11)

for n ∈{–µ, …, 2µ}. By doing this, we ensure that g = [g–µ,
…, g2µ] has µ + 1 entries that estimate the desired correlations
E[rkak–n ], for n ∈{0, …, µ}. Its remaining terms are an
estimate of E[rkak–n ] for n ∉{0, …, µ}, and hence should be
close to zero. We may thus define the channel estimate by

(i+1) = [gν, …, gν + µ], where the delay parameter ν ∈{–µ, …,
µ} is chosen so that (i+1) represents the µ + 1 consecutive
coefficients of g with highest energy.

The noise variance may again be estimated using (8), but
accounting for the delay ν by using  = sign( ).

VI. THE IMPACT OF

It is interesting to note that while substituting the actual
values of h or a for their estimates will always improve the
performance of the iterative algorithm, the same is not true for
σ. Indeed, substituting σ for will often result in
performance degradation.

Intuitively, one can think of as playing two roles: in
addition to measuring σ, it also acts as a measure of reliability
in the channel estimate . Consider a decomposition of the
observation vector:

r = a ∗  + a ∗ (h – ) + n, (12)

where * denotes convolution. The second term represents the
contribution to r from the estimation error. By using to
model the channel in the BCJR algorithm, we are in effect
lumping the estimation error with the noise. Combining the
two results in an effective noise sequence with variance larger
than σ2. It is thus appropriate that should exceed σ
whenever differs from h. Alternatively, it stands to reason
that an unreliable channel estimate should translate to an
unreliable (i.e., with small magnitude) symbol estimate,
regardless of how well a ∗ matches r. A large value of in
BCJR ensures this.

Fortunately, (8) measures the energy of both the second
and the third term in (12). If is a poor channel estimate,
will also be a poor estimate for a, and convolving and
will produce a poor match for r. Thus, (8) will produce a large
estimated noise variance.

An interesting and natural question is if the produced by
(8) is large enough. We will show in the next section that
increasing  beyond (8) helps avoid misconvergence.

VII. SIMULATION RESULTS

As a first test of the extended-window algorithm, we have
simulated the transmission of K = 1000 bits over the channel h
= [–0.2287, 0.3964, 0.7623, 0.3964, –0.2287] from [7], with
SNR = 18 dB, Nf = 15 forward and Nb = 5 feedback DFE
coefficients, and 3 inner iterations. To stress the fact that the
proposed algorithm is not sensitive to initial conditions, we
initialized randomly using = u , where u ~
N (0, I) and = ⁄2N. (This implies an initial
estimated SNR of 0 dB.). The curves shown in Fig. 2 are the
average of 100 independent runs of this experiment. Only the
convergence of , and is shown. (The behavior of
and is similar to that of and , respectively, but we
show only those with worse convergence.) The shaded regions
around the channel estimates correspond to plus and minus
one standard deviation. For comparison, we show the average
behavior of the EM algorithm in Fig. 3. Unlike the good
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ãk 1+

ĥ
i( )
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performance of the extended window algorithm, the EM
algorithm even fails to converge in the mean to the correct
estimates. This happens because the EM algorithm can get
trapped in local maxima of the likelihood function [13], while
the extended-window does not.

To further support the claim that the proposed algorithm
avoids most of the local maxima of the likelihood function
that trap the EM algorithm, we ran both these algorithms on
1,000 random channels of memory µ = 4, generated as h = u/

, where u ~ N (0, I). The estimates were initialized to
= ⁄2N and = [ , 0, …, 0]. We used SNR =
18 dB, K = 1000 bits, Nf = 40, Nb = 10, and 3 inner iterations.
In Fig. 4 we show the rate of success of the algorithms versus
iteration. The algorithms were deemed successful if they
produced fewer than 3 bit errors in a block. It is again clear
that the extended-window algorithm has a much better

performance than the EM algorithm. This can also be seen in
Fig. 5, where we show histograms of the norm of the
estimation errors (the difference between the channel vector
and its estimate) for the extended-window and the EM
algorithms, computed after 70 iterations. We see that while the
proposed algorithm produces a negligible number of errors
with norm above 0.2, about 45% of the errors produced by the
EM algorithm have norm above 0.2.

Some interesting observations can be made by considering
the unsuccessful runs of the extended-window algorithm.
Consider, for instance, h = [0.4823, 0.0194, –0.5889, 0.6285,
–0.1586] , which was not correctly estimated in the previous
experiment. First note that this channel does not present
severe ISI. In fact, none of the channels the algorithm failed to
identify introduce severe ISI. Instead, their common
characteristic is the presence of 3 or more coefficients of

Figure 2. Estimates of h = [–0.2287, 0.3964, 0.7623, 0.3964, –
0.2287], produced by the extended-window algorithm.
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approximately the same magnitude. The convergence
behavior is also a strong function of the transmittedblock
lengthK. For this particularchannel,with SNR= 18 dB, K =
1887 bits, Nf = 40, Nb = 10, and 3 inner iterations, the
proposed algorithm fails, yielding BER = 30% after
convergence.If K is changedto K = 1888, thenthealgorithm
is successful,yielding no errorsafter convergence.Thus,for
this particularchanneland otherswe have tested,thereis a
cutoff block lengthK abovewhich thealgorithmis successful,
and below which the algorithm fails.

The impact of was also analyzed.For h = [0.4823,
0.0194, -0.5889, 0.6285, -0.1586], K = 1000, SNR= 13 dB,
Nf = 40, Nb = 10, 3 inner iterations,and with computed
accordingto (8), theproposedalgorithmfails,yieldingBER=
30% after convergence. However, if we pass α to the
symbol estimatorinsteadof , then a suitablechoicefor α
canleadto successfulconvergence.In Fig. 6, weplot theBER
after 60 iterationsversus α. We see that increasingα can
improve the performanceof the algorithm, but increasingit
toomuchwill againcausethealgorithmto fail. In spiteof this
encouragingobservation, we werenot able to find a strategy
that significantly impactsthe successrateover a broadrange
of channels.For instance,keepingα = 3 and rerunningthe
experimentwith the 1000 randomchannels,we obtaineda
successrateof 95.6%,asopposedto 95.3%obtainedwith the
regularalgorithm(α = 1). Thus,finding theoptimalvaluefor
α for a broad class of channels remains an open problem.

VIII. CONCLUSIONS

We presentedan iterative channelidentificationtechnique
with complexity linear in the numberof channelcoefficients.
We have shown that this techniquecanbeseenasa reduced-
complexity versionof theEM algorithm.A key featureof the
proposedalgorithm is its extendedwindow, which greatly
improvestheconvergencebehavior of thealgorithm,avoiding
mostof the local maximaof the likelihoodfunction that trap
theEM algorithm.A small percentageof channelsstill cause
difficulty, but a smarterinitialization strategy (asopposedto
the identity initialization proposedhere) will likely help.
Nevertheless,theproblemof devisinganiterativestrategy that
is guaranteedto alwaysavoid misconvergence,regardlessof
initialization, remains open.
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