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QR Factorization Based Blind Channel Identification
and Equalization with Second-Order Statistics
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Abstract—Most eigenstructure-based blind channel identifica-
tion and equalization algorithms with second-order statistics need
SVD or EVD of the correlation matrix of the received signal. In this
paper, we address new algorithms based on QR factorization of the
received signal directly without calculating the correlation matrix.
This renders the QR factorization-based algorithms more robust
against ill-conditioned channels, i.e., those channels with almost
common zeros among the subchannels. First, we present a block
algorithm that performs the QR factorization of the received data
matrix as a whole. Then, a recursive algorithm is developed based
on the QR factorization by updating a rank-revealing ULV decom-
position. Compared with existing algorithms in the same category,
our algorithms are computationally more efficient. The computa-
tion in each recursion of the recursive algorithm is on the order of
( 2) if only equalization is required, where is the dimension

of the received signal vector. Our recursive algorithm preserves the
fast convergence property of the subspace algorithms, thus con-
verging faster than other adaptive algorithms such as the super-ex-
ponential algorithm with comparable computational complexities.
Moreover, our proposed algorithms do not require noise variance
estimation. Numerical simulations demonstrate the good perfor-
mance of the proposed algorithms.

Index Terms—Adaptive equalizers, intersymbol interference,
matrix decomposition, system identification.

I. INTRODUCTION

M ANY DIGITAL communication channels suffer from
the problem of intersymbol interference (ISI). To

achieve reliable communication, channel identification and
equalization are necessary to deal with ISI. Traditional equal-
ization methods are based on training sequences ora priori
knowledge of the channel [6], [12]. In the case of wireless
communications, these approaches are often not suitable.
The training sequence-based approaches have to waste some
transmission time for a training sequence. The approaches
making use ofa priori knowledge of channels are not possible
since little knowledge about wireless channels can be knowna
priori .

Blind equalization of transmission channels is important in
many communication and signal processing applications be-
cause it does not require training sequences, nor does it requirea
priori channel knowledge. Instead, the known statistical prop-
erties of the transmitted signals are exploited to carry out the
equalization at the receiver.
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The innovative idea of blind equalization was first proposed
as Bussgang algorithms [13]–[15]. These methods directly per-
form the channel equalization adaptively by minimizing certain
cost functions that are based on higher order statistics (cumu-
lants) of the observation. While they allow tracking of a varying
channel, these algorithms suffer from two drawbacks: slow con-
vergence and local minima.

Another class of blind equalization algorithms are based ex-
plicitly on higher order statistics, such as polyspectra [16], [17],
of the channel output. By identifying the channels first before
equalization, these methods can deal with nonminimum-phase
channels. Their drawbacks are complex computation and large
sample size requirement.

Using cyclostationarity of the channel output with fraction-
ally spaced equalizers, it has been shown that the second-order
statistics contain sufficient information for the identification
and equalization of finite impulse response channels [1],
[5]. Existing second-order statistics-based approaches can
be further classified into two categories: 1) optimal correla-
tion/spectrum fitting methods [18] and 2) eigenstructure-based
algorithms [1], [2]. The first category suffers from nonconvex
optimization problems because it requires the search of channel
parameters in a high-dimensional parameter space. The second
category does not have such a problem. It provides exact iden-
tification of channels. However, it requires a key assumption
and is also computationally expensive.

The existing algorithms in the second category, as well as
many other correlation based algorithms, require that there are
no common zeros among all subchannels resulted from fraction-
ally spaced sampling. This is a fundamental assumption that has
to be satisfied, or else the algorithms will fail. In practice, how-
ever, due to various noise and quantization or computational er-
rors inherent in any communication system, exact common zero
occurs only with probability zero. Instead, “almost common
zero” situations may occur with a nonzero probability. In such
cases, the channels would be ill conditioned, and the existing
algorithms will perform poorly.

Furthermore, these eigenstructure-based algorithms usually
require singular value decomposition (SVD) or eigenvalue de-
composition (EVD) of the received signal correlation matrix.
The computational burdens for SVD or EVD also turn out to
be a major obstacle to real-time implementation. Usually, when
computing SVD or EVD, we first zero out most elements, which
has the computation of order , where is the dimen-
sion of the correlation matrix [1]. Then, some iterative optimiza-
tion methods are required to approximate the eigenvalues [3].
Therefore, it is difficult for on-line recursive implementation.
All known SVD/EVD updating schemes require computation of
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[19]. Although some recursive updating schemes have
been proposed that produce an approximate SVD with compu-
tation of [20], [21], they can only be used to reduce com-
putation of the first SVD (EVD) of [1] and [2]. The total com-
putation of these equalization algorithms remains . Fur-
thermore, those recursive schemes have slow convergence, and
thus, the resulting recursive algorithm may lose the fast conver-
gence property of the subspace algorithms.

There exist many adaptive algorithms among the above
classes of blind channel equalization algorithms, such as
Bussgang algorithms [22], superexponential algorithms [25],
and linear prediction-based algorithms [23]. While they allow
tracking of a time-varying channel with low computational
complexity, the convergence is usually slow compared with
the subspace block algorithms. Thus, they are useful only for
slowly varying channels.

In this paper, we show that QR factorization, which decom-
poses a matrix to the product of an orthonormal matrix and a
triangular matrix [3], of the received data matrix can be used to
identify the channel based on second-order statistics. The QR
algorithm works directly with the received data matrix without
forming any correlation matrix and can thus be viewed as a
square-root version of [1]. This renders the QR algorithm much
more robust against ill-conditioned channels due to thealmost
common zerosituation. Moreover, the computational com-
plexity of QR factorization is lower than that of SVD and EVD.
In addition, QR factorization can be recursively implemented
as an updating factorization [3], [7] or as a rank-revealing ULV
decomposition [8], [9]. Based on the ULV decomposition, we
develop an on-line recursive identification algorithm with each
recursion corresponding to one symbol. The computation in
each recursion, for channel identification, can be reduced to
the order of under some simplifications, whereas for
equalization only, it is exactly . The fast convergence
property of the subspace algorithms is preserved by the new
ULV decomposition-based recursive algorithms.

The organization of this paper is as follows. In Section II, we
discuss the relation of QR factorization with second-order sta-
tistics and derive a block identification algorithm. In Section III,
we discuss the rank-revealing ULV decomposition and derive a
recursive identification algorithm. Numerical simulation exam-
ples are given in Section IV. Then, some conclusions are pre-
sented in Section V.

II. QR FACTORIZATION BASED BLIND IDENTIFICATION

A. Problem Formulation

When the channel is time invariant, the received complex
baseband signal can be expressed as

(2.1)

where
symbol emitted by the digital source at time ;

continuous-time channel impulse response;

symbol interval;

additive noise.

The objective of blind channel identification is to estimate
, given only the received signal and some statistical

properties of . Once the identification is achieved, various
channel equalization and sequence estimation techniques can be
applied to derive symbols .

We assume the following throughout this paper.

i) The input sequence is stationary with zero mean, and
.

ii) The noise is stationary with zero mean and white
with variance .

iii) and are uncorrelated.
iv) The channel impulse response is of finite duration.
In this paper, we will use the similar vector representation of

the sampled system as in [1]. In the following, we outline this
formulation without giving details, which can be found in [1].
The sampled data is

(2.2)

where and are -dimensional vectors formed from
the samples of and inside the interval

, where is the sampling interval, and the
integer denotes the number of samples in each symbol in-
terval. Assume that . is the matrix representation of
the channel with dimension , as in (2.3), shown at the
bottom of the next page, which is independent of. We assume

and that has full column rank. The relations between
and are discussed in [1]. is a -dimensional vector

consisting of symbols that have “contributions” to the received
signal inside the observation interval .
In other words, at time , the received signal contains informa-
tion of symbols from to .

Let denote the sampled data sequence
; then, we have

(2.4)

where is the
th sampled data.

To simplify the presentation, we ignore the noise for the mo-
ment. Let denote the correlation matrix of the output data
vector

(2.5)

Since , we have

(2.6)

(2.7)

where is a “shifting” matrix

...
...

(2.8)

The identifiability of the channel is given by the following
theorem in [1]

Theorem 1: Suppose is an complex matrix of full
column rank. Then, is uniquely determined up to a constant
by and .
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The above model is equivalent to the single-input multiple-
output model for antenna arrays. All our results can be general-
ized to this model directly.

B. QR Factorization of Output Data Matrix

The output data block matrix can be formed by stacking the
sampled data vector

...

...
...

(2.9)

The first subscript denotes the number of rows, whereas the
second subscript is the number of columns. The argument in
parentheses denotes the subscript of the first entry. Similarly

...
(2.10)

Considering the sampled data is cyclostationary with period,
we manipulate data with samples as a set. It is obvious that

(2.11)

(2.12)

When is sufficiently large, we can use the estimation of
and directly. Hence

(2.13)

(2.14)

In order to perform QR factorization of and
at the same time, we construct the following matrix

as in (2.15), shown at the bottom of the page. In (2.15),
consists of the first columns, and

consists of the last columns. Note that the last columns
form .

From (2.13), we see that has rank with
. Performing QR factorization with column pivoting to

, we get [3],

(2.16)

where is upper triangular and nonsingular with dimension
. Either the column norms or the absolute values of diagonal

elements are in decreasing order due to, which is an
pivoting matrix. Note that is not essential with noiseless case
but becomes important with noise because of rank revealing.
is orthogonal with dimension . is .

If we apply the above factorization to at the same
time, we have

...

...
(2.17)

where and are and , respectively.
is an identity matrix.

Proposition 1: Let

(2.18)

where is a submatrix consisting of the last columns
of . Then /belowdisplayskip12pt

(2.19)

(2.20)

...
... (2.3)

...

...
...

...
...

...
... (2.15)
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Proof: From (2.16) and (2.18), we have

Let , where and are submatrices of with
dimension and , respectively. Therefore

Since and are column orthogonal, from (2.13) and (2.14),
we have

According to Theorem 1 and Proposition 1, we know that
is uniquely determined up to a constant by and .

Note that although (2.19) and (2.20) are similar to (2.6) and
(2.7) or (2.13) and (2.14), which are the basis of [1], our algo-
rithm will be developed in the remainder of this section is dif-
ferent from that of [1]. For one thing, is the QR transformed
version of and, hence, is upper triangular. However,
more importantly, in the later development, the correlation prod-
ucts of (2.19) and (2.20) are never calculated, and the estimates
are based directly on and . This is different from [1], in
which the correlations (2.13) and (2.14) are calculated. Our al-
gorithm can thus be viewed as a square-root version of that of
[1]. This effectively doubles the allowed signal dynamic range
under a given finite precision implementation, hence resulting
in improved numerical robustness against ill-conditioned chan-
nels. Another advantageous side effect of our algorithm is that
the noise variance is never estimated and never subtracted from
(2.19) and (2.20) since these equations themselves are not calcu-
lated. This further eliminates potential performance degradation
caused by any inaccuracy in such estimation.

C. Evaluation of

Equation (2.19) implies that there exists orthonormal
matrix such that

(2.21)

Substituting (2.21) into (2.20), we have

(2.22)

If we let

(2.23)

where is the pseudoinverse of , then

(2.24)

which is in the same form as the result in [1], although our
here is a square-root version of thein [1].

Let . Using the orthogonality of ,
(2.24) gives

(2.25)

(2.26)

This is identical to that of [1]. The matrix ( in [1]) is found
in [1] by finding as the singular vector of corresponding
to the zero singular value. Here, we show thatcan be found
by a simpler means. Using the orthonormality of, we have

(2.27)

Multiplying and , we obtain

According to (2.25) and (2.26), we have

Substituting it into (2.27), we have

(2.28)

Equation (2.28) shows that the matrix consists of
scaled rows and columns of. Thus, ideally, any row or column
of is an estimate of up to a constant multiplier.
Considering that contains noise (computation error or
additive noise), we can chooseas the vector of the columns of

with the largest norm. Simulation results demonstrate
the effectiveness of this approach.

D. Block Algorithm Implementation with Noisy Data

The previous development was based on a noise-free model.
However, it is easy to take the additive white noise into consid-
eration. In this case, (2.17) should be in the form of

...

...

...

(2.29)

where is an upper triangular matrix.
Because we use the pivoting QR algorithm, the norm of
is much less than that of (or the diagonal elements satisfy
the same property under some QR factorization). Hence,
consists of mainly noise, and consists of mainly signals. In
other words, the former is in the noise subspace, and the latter is
in the signal subspace. QR factorization is a kind of sum for each
element and, hence, may reduce the additive white noise in both
subspaces. The noise variance does not need estimating in our
algorithms. The estimation error of noise variance deteriorate
the results of correlation matrix based algorithms in [1] and [2].
Our algorithm does not have this problem.

Therefore, we consider only the matrices and and
take as . The above analysis also offers an obvious way
to decide dimension from QR factorization results [3]. One
way to compute the pseudo-inverse of is using another QR
factorization

(2.30)
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where and are orthornormal matrices, and is lower
triangular. Thus

(2.31)

Since we evaluate column by column, all matrix multipli-
cations can be transformed to the multiplications between ma-
trices and vectors. Hence, the computations of are re-
duced to in these cases.

For example, when estimating by (2.28), we rewrite it in
the form

(2.32)

Letting vector be the mean of columns of, we approximate
as

(2.33)

We first compute the vector , which solves

(2.34)

From (2.34) and (2.30), we have

(2.35)

Therefore, we need first to solve the linear triangular matrix
equation and then compute . Sub-
stituting into (2.33), the next step is to compute . From
(2.18) and (2.30), we have

last columns of (2.36)

(2.37)

where . We see that only matrix–vector multipli-
cations are involved. Hence, the total computation in estimating

is .
We outline the block QR factorization-based algorithm:

Algorithm 1
1) Select [1], and form the output

data matrix according to (2.16).
2) Compute the QR factorization of

with column pivoting to the
first columns according to (2.29).
Estimate the dimension of the signal
space.

3) Form (2.18), and compute another QR
factorization on (2.30).

4) Evaluate (2.25),(2.28),
(2.32)–(2.37), and .
Estimate transmitted symbols by

.

The major computational cost comes from the QR factoriza-
tion of because is usually greater than . Since
we do not need the matrix , QR factorization of

has a computational complexity less than , which is the
same as the correlation matrix estimation alone required in
[1] and [2]. Our algorithm requires another QR factorization
of with computation , which is less than that of
the SVD (EVD) in [1], which has computation . All
other steps of our algorithms are with computation of ,
whereas the algorithm of [1] requires another SVD. Hence,
our algorithm is computationally more efficient. We should
note that the QR factorization can be efficiently recursively
performed with the computational complexity of , as we
will show in the next section.

III. RECURSIVEQR-BASED ALGORITHM

A. Updating Rank-Revealing ULV Decomposition

Another advantage of QR factorization is that it can be up-
dated recursively with each new set of data based on the former
factorization. Algorithm 1 can be implemented recursively [3],
[7]. An updating algorithm (rank-revealing ULV decomposi-
tion) that has the same spirit as updating QR factorization is
presented in [3], [8], and [9]. Based on this algorithm, we will
reduce the computational complexity from of
Algorithm 1 to and even .

In Algorithm 1, the major computational cost is to compute
QR factorization of the sampled data matrix. In the recursive
algorithm of this section, our basic idea is to perform updating
ULV decomposition of for each symbol, instead of the
block QR factorization of for each block of sym-
bols to decompose the sampled data matrix. Hence, the com-
putational complexity is reduced greatly in each recursion. We
will also show that the recursive algorithm can track channel
variations quickly and efficiently. Hence, it preserves the fast
convergence property of the subspace algorithms. Again, we ig-
nore the noise at first.

Proposition 2: Given the sampled data matrix
, there exist orthonormal matrix ,

orthonormal matrix such that
...
...

(3.1)

where is lower triangular, is and
.

Proof: Denoted as rank-revealing ULV decomposition in
[3] and [8], there exist orthonormal matricesand such that

(3.2)

Let

(3.3)

Thus, we have proved Proposition 2.
From (3.3), we see that the left orthogonal transformation of

extends to at the same time.
We briefly summarize the implementation of ULV in our

case. Details about the decomposition and rank determination
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can be found in [3], [8], and [9]. We assume that the sampled
signal contains noise. In order to track possible channel varia-
tions, we have to phase out old data gradually. Hence, a factor

is used. Suppose at iterationthe decomposition is
...
...
...

(3.4)

for data matrix . Suppose the signal dimension is;
then, is lower triangular. is also lower triangular.
Since are in the noise space, their elements are much
smaller than those in . Specifically, they are in the noise-
less case.

At iteration , we have a new set of samples (samples,
which correspond to a new symbol), and we need to compute the
ULV decomposition of . Let this be as in (3.5),
shown at the bottom of the page. Note that the firstelements

consist of ; then

...

...

...

...

(3.6)

According to ULV decomposition, we perform a series of left
and right Givens rotations to zero the last row

...

...

...

...
...
...
...
...

(3.7)

where are lower triangular. The dimension of
is either , or , which can be determined by

some reliable condition estimator [3]. Specifically, for matrices
, only the elements of the first row may become large

because of calculations with . Therefore, the first row of
and may join in the signal subspace. Other entries of

remain small. Therefore, by estimating the condition
of the upper leading submatrix, we first de-
termine whether the new rank is increased by 1. If not, we again
estimate the condition of the upper leading submatrix to
determine the new rank to be, or .

Therefore, the decomposition result at iteration is

...

...

...

...

(3.8)

where

(3.9)

Note that in the updating algorithm, the matrix does not
need to be computed.

The above operations involve mainly Givens rotations and
condition estimation, and therefore, the total computation is in
the order of .

B. Recursive Algorithm Implementation

In each iteration , let

(3.10)

(3.11)

where is a submatrix consisting of the last
columns of . The evaluation of is similar to Sec-
tion II-C. Since is triangular with full rank , from
(3.10)

(3.12)

Similarly, from(2.21), the pseudoinverse of reduces to the
inverse of times two orthonormal matrices. When evalu-
ating , we apply the same method of Section II-D to trans-
form matrix multiplications to matrix–vector multiplications to
reduce computations of to .

We conclude the recursive QR-based Algorithm in the fol-
lowing.

...
... (3.5)
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Fig. 1. NRMSE versus SNR for well-conditioned channel. There were 100
Monte Carlo runs and 100 symbols used in each run. Solid line: Algorithm 1.
Dashed line: algorithm in [1].

Algorithm 2
1) Select , [1]. Initialize at .
2) At recursion , accept a new

set of sampled data corresponding to one
symbol interval, update the rank-re-
vealing ULV decomposition (3.8) and
(3.9) to get , and update

.
3) Evaluate , , and estimate

transmitted symbol in a similar way
as Step 4 of Algorithm 1.

C. Computational Complexity

We have to compute column vectors of , each with
computation of . Therefore, the total computation is of

. However, if the channel does not vary too fast, we
can update only one column at one recursion. Therefore, after

recursions, is updated. Under these simplifications, the
total computation of Algorithm 2 is in the order of .

If our goal is to estimate the equalized symbols only, then
we do not have to find the entire matrix. In fact, only one
row of is needed. According to (2.21), only needs to
be estimated. Hence, the total computation of Algorithm 2 is

in this case. This is not the case for [1] and [2], where
the entire SVD (EVD) still needs to be performed.

We are required to store mainly matrix ,
triangular matrix consisting of , and , and

matrix , matrix . We need only
save vector of the sampled data. The memory
requirement is not large.

In order to track channel variations, we must discard too old
data in order to keep the ULV decomposition on the most recent
data. This task can be performed at least in two ways. The first
method, as addressed above, multiplies a forgetting factor to
the matrices , , and so that old data diminishes
gradually. Another method is using downdating rank-revealing
ULV decomposition similar to [10]. However, we have to store
a long list of sampled data as well as some entries of. For
simplicity, we prefer the first method.

IV. SIMULATIONS

In this section, we will use simulations to study the perfor-
mance of our QR factorization based batch algorithm (QR)
under well-conditioned and ill-conditioned channels. It will be
compared with the algorithm of [1] (Tong) and [2] (SS). We
will also study the tracking property and equalization result
of our ULV decomposition-based recursive algorithm (ULV).
We compare it with the fractionally spaced super-exponential
algorithm (SEA) of [25]. The source symbols are drawn from
a 16–QAM signal constellation with a uniform distribution.
White Gaussian noise is added to the channel output. The
channel output SNR and the normalized root-mean-square
error (NRMSE) of the channel estimator are defined in [1]. The
definition of intersymbol interference (ISI) is referred to [11].
All results concerning NRMSE and ISI are ensemble averages
of 100 independent Monte Carlo runs.

A. Example 1: Batch Algorithms for Well-Conditioned
Channel

In this example, we use the same channel coefficients as [1]

The number of samples in each symbol interval is . There
are no almost-common-roots among these five subchannels. The
dimension of the output signal vector is . The system
rank is . Fig. 1 compares the Algorithm 1 of this paper
with the algorithm in [1]. The NRMSE versus SNR is shown. It
is seen that our QR algorithm performs only slightly better than
that of [1].

B. Example 2: Batch Algorithms for Ill-Conditioned Channel

In this example, the channel impulse response is given by

where is a raised roll-off cosine pulse with the roll-off
factor 0.45, and is a rectangular truncation window span-
ning . This channel is similar to that of [22] except
a different roll-off factor. Such a slight change from that of [22]
in the roll-off factor results in an ill-conditioned channel; there-
fore, situations like this may indeed happen in practice. There
are subchannels. The channel and some of its subchannel
roots within the unit circle are show in Fig. 2. From Fig. 2(b),
we find that there is an almost common root among all subchan-
nels.

The dimension of the output signal vector is . In
all algorithms, we assume the correct rank is known.
Comparisons of Algorithm 1 with those in [1] and [2] under
various SNR and various data length are shown in Figs. 3 and 4,
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(a) (b)

Fig. 2. (a) Ill-conditioned channel. (b) Some of subchannel roots in the unit circle. There are four subchannels.

Fig. 3. NRMSE versus SNR for ill-conditioned channel. There were 100
Monte Carlo runs and 300 symbols used in each run. Solid line: our Algorithm
1. Dashed Line: algorithm in [1]. Dash-dotted line: algorithm in [2].

Fig. 4. NRMSE versus data length for ill-conditioned channel. SNR= 30 dB.
Solid line: our Algorithm 1. Dashed line: algorithm in [1]. Dash-dotted line:
algorithm in [2].

respectively. Our algorithm clearly outperforms the SVD-based
algorithms in [1] and [2] for the ill-conditioned channel.

Note that all simulations were performed on a SUN worksta-
tion using MATLAB, and thus, double precision (floating-point
arithmetic with 64 bits total) was used. For lower precision im-
plementation, the performance of all algorithms will degrade.

Fig. 5. NRMSE of our recursive Algorithm 2 for time-varying channel at SNR
= 30 dB. There were 100 Monte Carlo runs.

However, it is expected that our QR algorithm will degrade in a
much slower rate than that of [1] and [2], resulting in even larger
performance gaps.

C. Example 3: Recursive Algorithm for Time-Varying Channel

In this experiment, we investigate the performance of our Al-
gorithm 2 for a time-varying channel. The channel is a causal
approximation to a two-ray multipath channel with duration
spanning four symbols. The continuous-time channel for

is described by [11]

where the roll-off factor , and . The
discrete-time channel is obtained by for

. and change with time. For
, we set . For

, we set . In
both cases , is well conditioned. Let

, and SNR = 30 dB.
From Fig. 5, it is seen that our new recursive identification

algorithm is able to track the time-varying channel. The algo-
rithm converges in about 150 symbols. The tracking speed de-
pends on , which is 0.99 in this simulation. Using a smaller
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(a) (b)

Fig. 6. (a) Unequalized channel output. (b) Equalized channel output. There are 1000 symbols plotted. SNR = 30 dB. Channel coefficients are drawn fromFig. 5
at n = 396.

Fig. 7. ISI convergence comparison of our Algorithm 2 with SEA at SNR=

30 dB; 100 Monte Carlo runs.

may achieve faster convergence, but residual NRMSE may be
larger.

Fig. 6 shows the equalized channel output at of
Fig. 5. We transmit 1000 symbols at SNR = 30 dB and equalize
by the identified channel matrix at iteration in the
above example. The received samples are displayed in Fig. 6(a).
Fig. 6(b) shows the equalized output, which indicates that the
channel is equalized.

Fig. 7 shows the convergence speed comparison of our Algo-
rithm 2 with the RLS type adaptive algorithm: the fractionally
spaced superexponential algorithm (SEA) [25]. The computa-
tional complexities of the two algorithms are both in the order
of . The received signal is the latter part of the sequence
of Fig. 5, i.e., from to , corresponding to the
channel of Fig. 5 after the abrupt change. There are 25 symbols
used to initialize the SEA. From the figure, it is seen that our
ULV-based algorithm converges much faster.

It should be noted that since the ULV algorithm is based on
the QR factorization of Algorithm 1, it should also have the
robustness of Algorithm 1 against ill-conditioned channels.

V. CONCLUSION

This paper presents two QR-based algorithms for blind
channel identification and equalization. The first algorithm is
a batch algorithm and is in the same spirit as the algorithm in
[1] but uses QR decomposition of the data matrix instead of
SVD of the datacorrelation matrix. It can then be viewed as
a square-root version of [1]. While preserving the square-root
nature, the second algorithm uses the ULV decomposition and
is recursive. Its computational complexity is as low as
per iteration. Therefore, our algorithms are computationally
efficient and yet preserve the fast convergence property of the
subspace algorithms. Furthermore, our algorithms do not need
estimation of noise variance. Computer simulations show that
our algorithms are much more robust again ill-conditioned
channels due toalmost common zerosituation and that the
recursive algorithm can track channel variations efficiently with
convergence faster than other adaptive algorithms such as SEA.
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